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Abstract 

 

Measuring and improving the performance has always been the center of attention of 

organizations. Organizations usually rely on different ratios to measure key 

performance. However, measuring performance by merely relying on ratios has its 

shortcomings. A more powerful tool in measuring relative performance is Data 

Envelopment Analysis (DEA). DEA is a mathematical programming technique for 

determining relative efficiencies of peer decision making units (DMU) and the technical 

efficiency of individual DMUs. It is a data-oriented approach for evaluating the 

performance of DMUs. DEA has been successfully used in both public sector and 

private sector. One of the industries that have been greatly overlooked is the heavy 

equipment industry and its retailing organizations.  

                      The main objective of the thesis is to develop models using DEA for 

measuring performance of heavy equipment retailing organizations. In this research 

performance measurement of heavy equipment retailing organization is evaluated by 

treating each branch (DMU) as whole unit and by analyzing the internal structure of 

each DMU. The organization under study is a Canadian heavy equipment retailing 

organization(HERO).  

                 The four DEA models used in the study measures efficiency from different 

perspectives. Such a measurement provides a comprehensive framework for measuring 

the performance of HERO. The study helps in benchmarking and locating best practices 
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that are not visible through other commonly used management methodologies in the 

heavy equipment industry. 

                         The key findings of this research are: a) identification of branches that 

are efficient and inefficient b) Ranking of the branches based on super-efficiency scores 

that enable in benchmarking. d) The effect of environmental variables on the efficiency 

scores. f) Found that the efficiency of individual departments of the branch is less than 

the efficiency of the whole branch g) there is fluctuation in efficiency scores over a four-

year period. 

                    The contributions are a) facilitates in benchmarking b) enables inefficient 

branches to improve its efficiency levels c) identification of variables that affects 

efficiency scores. d) PEDMAS as a new tool to measure the performance of heavy 

equipment branches. e) Identification of factors that will assist in improving efficiency. 

Keywords: Data Envelopment Analysis, HERO, Performance. 
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Chapter I: Introduction 

 

 1.1. Introduction: 

                        As we move into the twenty-first century business organizations are facing 

enormous challenges to succeed in a competitive market.  There is a need for companies to be 

responsive to customers’ needs. Due to increased competition companies now need to offer a 

greater number of customized products and more flexible processes with a lean supply chain to 

reduce costs. Management needs real-time business performance information that is accurate to 

proactively respond to these challenges (Bititci, Mendibil, Turner & Garengo, 2013). Managers 

also need predictive measures that would signal the outcomes of changing market conditions 

(Nudurupati, Bititci, Kumar & Chan, 2011).  

                         Despite the advances, research in performance measurement systems that are 

properly integrated, dynamic, accurate, accessible and visible to improve the efficiency of 

businesses is still not available (Nudurupati et al., 2011). Some, of the performance measurement 

systems, are static and historic and therefore are not responsive to changes in the business 

environment (Marchand&Raymond,2008).In some cases, the MIS support is inadequate and this 

results in the delay of data collection and consequently reports (Marr& Neely, 2002) or there is no 

support from senior management for performance measurement systems(Davenport, Harris& 

Morison,2010). Thus, there is a lack of fit between the business environment, strategy and 

performance measurement (Melnyk, Bititici, Platts, Tobias & Anderson, 2014). 

                          Performance measurement systems have also to meet the challenges of the volatile 

business environment. Many of the existing performance management measures were developed 

based on the assumption that organizations operate in stable environments and therefore 
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performance measurement in turbulent and dynamic business environment has not been explored 

(Bititci, Bourne, Cross, Nudurpati&Sang,2015). 

                          The drop in international prices of crude and its consequent effect on the 

economies of several countries and companies is an example of present-day volatility in business. 

The heavy equipment dealership business has been greatly affected by downturn and volatility in 

oil prices both in Canada and worldwide. For example, the total revenue of Caterpillar, the leader 

in heavy equipment industry fell from $66 billion in 2012 to $47 billion in 2015(Caterpillar Inc. 

2016). Therefore, there is a need for performance measurement in heavy equipment retail 

organization’s business that meets the challenges of a very volatile business environment. 

1.2. Performance Measurement in Heavy Equipment Dealerships: 

1.2.1. Characteristics of Heavy Equipment Industry: 

                                 Heavy equipment refers to heavy-duty machines specially designed for 

executing construction work, most frequently involving earthwork operations. The main 

characteristics of the industry are they are capital intensive, with low volumes of production, 

competitive, cyclical, customized, highly engineered and high tech (ISO, 2016). One size does not 

fit all and therefore the industry must produce many products to suit different applications based 

on functions into excavation, lifting, earthmoving, mining, roads, transportation, forestry, railroad, 

agricultural and others. The consequence of this is the low unit volume of models/products 

manufactured. This means the production of heavy equipment does not run into millions like 

automobiles but in a few thousands of units.  

                        The leading manufacturers of heavy equipment in the world include Caterpillar and 

Terex of USA, Volvo of Sweden, Komatsu and Hitachi of Japan, Liebherr of Switzerland, and 



PERFORMANCE MEASUREMENT-DEA  
 

3 
 

SANY, Liugong and Zoomlion of China. The largest manufacturers operate globally and virtually 

in every country. Caterpillar is an industry leader in the heavy equipment business with an overall 

market share of 40%. In New York Stock Exchange, Caterpillar is one of the companies that 

determine the Dow Jones Industrial average. The financial performance of Caterpillar over a 

twelve-year period is given below. 

Table 1.1. CAT Financials 2004-2015 

 

           The changed market conditions in the oil and gas industry have had an adverse effect on 

the earnings of Caterpillar financials as indicated in the above table. It is clear from the above table 

of financials, that the heavy equipment industry is a cyclical industry with fluctuating revenues.  

          Canada ranks among the world’s top machinery manufacturing companies. There are over 

9000 establishments and a labor force of more than 170,000 workers in Canada’s machinery and 

equipment industry. It recorded sales of goods manufactured of nearly $45 billion and exports 

accounted for more than 60 percent of all sales in 2014 (Canadian Construction Association, 2014). 

Capital expenditures for machinery and equipment for agriculture, mining, oil and gas, 

construction, manufacturing and transportation and warehousing for the year 2014 alone accounted 

for $58.11 billion dollars. This has grown from $48.98 billion in 2010 a growth of 18.43%. Of 

this, the distribution of machinery and equipment account for $9.5billion in 2014.The Canadian 

services sector such as retail, transport, distribution, food services, professional services as well as 
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other service-dominated businesses comprising of heavy equipment retailing organization is an 

important part of the Canadian Economy, representing seventy percent of Canada’s gross domestic 

product (GDP) and employing three out of four Canadians (Canadian Chamber of Commerce, 

2013). Therefore, heavy equipment retailing organization being part of the service industry is a 

substantial contributor to the Canadian service economy. The approximate size of the heavy 

equipment retailing industry in Canada would be in the range of 20-25 billion CAD and would be 

approximately 1.25% of the total Canadian GDP (Statistics Canada). 

                 Having understood the heavy equipment, its characteristics, applications and the 

cyclical nature of the industry, will now examine how this heavy equipment is distributed. 

1.2.2. Introduction to Heavy Equipment Retailing Organizations: 

                          All the leading manufacturers of machinery and equipment sell and distribute their 

products in the market place through an intermediary called dealers or distributors. The dealers 

and distributors act as a bridge between the manufacturer and the consumer. 

                               Heavy equipment dealerships are the real estate that the heavy equipment 

industry uses to sell its products. It is estimated that there are close to five hundred dealerships that 

are operating in Canada, as per the figures published by AED (Association of Equipment 

Distributors) the association of all heavy equipment dealers. (Association of equipment 

distributors. 2015). 

                           Retail distribution of heavy equipment is done through a network of independent 

dealers. All these dealers operate with a business plan and recognize that the sale of equipment 

generates demand for auxiliary services such as leasing, financing, parts, and repairs. Dealers 
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receive exclusive franchises for specific trade areas and act as a representative of the manufacturer 

to the equipment buying companies and individual operators (Carter, 2015). 

                         The manufacturers and dealers are in effect partners and have a long-term business 

relationship on a principal to principal basis based on a legal contract (Lafontaine & Morton, 

2010). Many dealerships market more than one brand. This helps them to cover the risk associated 

with changes in the market conditions and economy. Since there are always changes in the business 

environment, heavy equipment dealers offer products to suit different market segments that will 

help stabilize cash flows like investors who diversify their portfolios.  Dealers seek this diversity 

either in a single location by selling the different brands under a single roof, or through opening 

multiple locations within the same market. All these dealerships have premises that are owned or 

leased based on the capital structure of the company (Carter, 2015). The departments of a heavy 

equipment dealership are based on their functions and each of these function acts as a profit center 

(Carter, 2015). The departments are New Equipment Sales, Used equipment sales, Finance and 

Insurance, Service operations and Parts operations.  

1.2.3: Structure of Heavy Equipment Retailing Organizations:  

                        New equipment sales are typically the primary as well as the most obvious function 

of the heavy equipment dealerships. In all the dealerships new equipment sales are viewed as the 

main source that generates and sustains demand for the other components or functions. New 

equipment sales contribute 62% of the total sales in a dealership in an average heavy equipment 

dealership (Association of equipment distributors, 2015).   

                              Used equipment market is very large and is close to the size of the new equipment 

market (Carter, 2015). Used equipment has obvious appeal in economic downturns because of 
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their lower prices and has a stabilizing influence on the income stream for the whole dealership  

(Association of equipment distributors, 2015). 

                          Service operations offer after sales service to machines and look after both 

warranty obligations and after-sales service of machines. Service operations generate revenue from 

warranty work which is paid by the manufacturer, as well as the repair work and maintenance paid 

by the customer. In terms of revenue, the service operations may be less but account for a larger 

share of profit (Association of equipment distributors, 2015). 

                        Parts are sold to upkeep the maintenance and repair of the machines. Parts are sold 

through the workshop and to customers across the counter. Some of the more sophisticated 

dealerships enable the purchase of parts through online by means of the web portal. The parts 

revenue may be less in relation to equipment sales but in terms of profit accounts for a sizeable 

share. Both parts and service operations are combined in some dealerships and called fixed 

operations. Parts operations contribute to approximately twenty-six percentage of total revenue 

(Association of equipment distributors, 2015). 

  Table 1.2. Department wise business and contribution in Heavy Equipment Dealership 

Departments in 

a Dealership 
Size of total 

business in % 

Gross Margin 

Contribution in % 

      

Sales 65-70% 0-8% 

      

Service 8-10% 55-70% 

      

Parts 20-25% 20-40% 
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                       There is an opportunity for the dealers to add revenue by offering finance options 

either through the finance arm of the manufacturer or through a tie-up with a third-party financier. 

Following are some of the major Heavy Equipment retailing organizations in Canada.  

1.2.4. Current methods of Measurement of Performance in Heavy Equipment Retailing 

Organizations: 

                           The current economic scenario in Canada has also affected the heavy equipment 

dealerships that support the infrastructure, oil and gas industry. Measuring performance and 

efficiency is important in a stagnant economy as it helps to survive and remain competitive. The 

need for greater efficiency that leads to profitable operations is one of the key issues for survival 

in the future. 

Table 1.3. Major Heavy Equipment Retailing Organizations in Canada. 

 

Name of the Dealer Market Capitalization Product Represented

Cervus Equipment(www.cervusequipment.com) $190 Million John Deere,JCB

Finning International (www.finning.ca) $4.4 Billion Caterpillar

Ritchie Brothers (www.rbauction.com) $2.1 Billion Auctioneers

Rockymountain Equipment(www.rockymtn.com) $156 Million Case

Toromont Industries(www.toromont.com) $2.2Billion Caterpillar

Wajax Industries (www.wajax.com) $597 Million Hitachi,Hyster

Hewitt Equipment(www.hewitt.ca) Not Available Caterpillar

Strongco Corp(www.strongco.com $125 Million Volvo,Case

Major Heavy Equipment Dealerships in Canada
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                        Measures of heavy equipment dealership performance use a certain form of output 

relative to input that quantifies various aspects of dealership operations. The Association of 

Equipment Distributors (AED), established in 1919 is an international trade association based in 

Schaumburg IL, USA and is the primary source of publishing performance indicators of 

participating AED firms annually in their survey.  

                          The performance indicators are published annually through a publication called 

Cost of Doing Business. More than eight hundred dealership organizations are represented by the 

AED.  AED serves the needs of dealers, manufacturers and service providers. It provides advocacy, 

benchmarking, networking and professional development to members across the industries. Cost 

of Doing Business report gives the most up-to-date comparative financial performance data and 

provides information that enables dealers to evaluate their operating results. The Cost of Doing 

Business Report /Profit Opportunity Report is done annually and serves as a reference for dealers 

to evaluate their own company’s operating results and pinpoint strengths and weaknesses to 

identify areas of opportunities and acts as a representative sample of the way performance is 

measured in the heavy equipment dealerships.  

                       The report has the following data.1) Comparison to evaluate operating ratios against 

the average of other distributors. 2) Balance Sheet and income statement performance. 3) 

Distributor performance by sales volume. 4) Employee performance measures. 5) Sales mix of 

high-performance dealers. 6) Gross margin for new and used equipment, rentals, parts and service 

departments.7) Operating ratios including debt to net worth. 8) Trend analysis year by year 9) 

Margin Management expenses. AED uses the above performance measures to find out the most 

successful firm.  
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         Further, it is found that the key performance measures as reported by the largest Caterpillar 

dealer in the world, located in Canada, is based on the company’s plans to build shareholder value 

by improving return on invested capital (ROIC). Management of the largest Caterpillar dealer has 

identified that customer and market leadership, supply chain optimization, service excellence and 

asset utilization as key to improving the performance of the organization. The management has 

also indicated that these operational priorities are directly linked to improving EBIT (earnings 

before interest and tax), performance and capital efficiency. The metrics earnings before interest 

and tax, invested capital, inventory, inventory turns, invested capital turnover, working capital to 

sales ratio, free cash flow, net debt to invested capital and net debt to EBITDA ratio are also used 

by the dealers to track company’s progress in improving return on invested capital. Similar 

performance measures are adopted by other heavy equipment dealerships of John Deere, Hitachi, 

Kobelco, to name a few. 

                         In all the above dealerships the revenues are tracked in each of the departments, 

new equipment sales, used equipment sales, parts, service, rentals, and finance at each branch level 

and collated at the national level resulting in financial measures that are used to measure 

performance. The critical profit variables that are measured are sales per employee, gross margin 

percentage, operating expenses percentage, inventory turnover (times), average collection period 

(days), rental fleet utilization and absorption factor. Absorption factor is the expenses covered by 

parts and service operations. 

                        The sales department measures its performance by the number of new equipment 

sold, a number of attachments sold, and the number of used equipment sold, and the consequent 

margins earned by the respective sales. Similarly, in rentals, gross margin earned by number of 
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rentals sold is measured.  The parts department measures the performance by the gross margin 

generated by way of sales to customers, sales to internal customers, sales to warranty, freight and 

returns logistics. The service department measures service cost of sales by labor hours to customer 

pay sales, internal sales, and warranty sales, sublet repairs cost and service truck earnings.  

                        Asset productivity is measured in the average collection period (days) and 

inventory turnover (times). Employee, productivity is measured in terms of sales per employee, 

gross margin per employee, salary per employee and payroll per employee. Parts employee 

productivity is measured in terms of parts sales per parts employee, service productivity is 

measured in terms of service sales per technician and similar productivity is measured for new 

equipment sales, used equipment sales and rental sales. 

                        The profitability of heavy equipment dealership business has dropped steeply due 

to changed market conditions in the oil and gas industry and general economic conditions. To 

maintain profitability, the dealers need to constantly evaluate the performance of the individual 

operations within the organization. The above method of performance measure does not measure 

the relative efficiencies of real operating units that provide benchmarking opportunities to improve 

efficiency as they focus on only financial measures.  

                       All the heavy equipment dealerships use an enterprise resource planning system 

(information technology) to manage their business. These systems sometimes are recommended 

by the manufacturer and sometimes the choice is made by the individual dealer management. They 

are normally referred to as Dealer Management System (DMS). The DMS has separate modules 

for each of the departments in the dealership, new equipment, used equipment, parts, service, 

rentals and finance operations.  
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                         All these DMS generate KPI (Key performance indicators) reports that measure 

the performance metrics of individual departments. Invariably all these metrics are focused on 

financial ratios. Some manufacturers like Caterpillar have specialized training for their dealers on 

performance measurement using their Dealer Management Simulation program (DMS). These 

programs focus on financial ratios like return on assets, increasing cash flow, managing 

receivables, inventory turnover, return on investments and internal rate of return (Caterpillar Inc, 

2016). Some of the dealerships find that their DMS do not meet reporting requirements and add a 

bolt-on system that will enhance multidimensional reporting and enable the dealers to measure and 

analyze data. 

                         There are also dealers who use a separate customer relationship management 

(CRM) system such as MS-CRM to deal with all customers facing business process and measure 

their performance. CRM measures such as performance measures as a percentage of deals in 

progress, deals that are cold, warm and hot and those that have potential to be converted to sales. 

CRM also helps to track the historical purchases of customers and helps you plan a strategy to 

improve sales. There are certain manufacturers that have a separate vendor managed inventory 

system to manage the parts inventory of the dealerships. Such systems work in parallel to the DMS 

and help in managing the parts inventory and help in measuring performance metrics related 

inventory such as obsolete stock, service level to customers, order fill rate to name a few. 

                        The manufacturers of heavy equipment also measure the performance of the 

dealerships on a regular basis. This is because in the retailing business it is the dealer who adds 

value to the product of the manufacturer.  
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                         There is a manufacturer (not named for confidential reasons) who measures on a 

quarterly basis two metrics namely purchase score and ownership score of the dealers. Purchase 

score measures the customers’ satisfaction with initial purchase experience and ownership report 

measures the customers’ satisfaction with the overall product performance and service of their 

equipment. This is done by sending a questionnaire after the completion of each sale to the 

customer and the customer is asked to rate dealer attributes, delivery attributes, and comparison 

against the competition.  Customer satisfaction with the dealer is determined with the above scores. 

Such scores are communicated to the dealer to indicate their performance. The dealers take this 

feedback and improve their performance where necessary. 

                        There is a manufacturer in the heavy equipment industry (name withheld for 

confidentiality) who has a programme that identifies key Customer Support metrics and 

performance standards by which the manufacturer measures the Customer Support efforts of the 

dealer. The dealer will utilize these results as the basis for setting annual customer support business 

goals and actions. This programme also provides an opportunity for dealers to measure and 

improve their own performance against the goals set by the manufacturer. The programme is 

centered on eighteen criteria in three areas of customer satisfaction, customer support competency, 

and customer support business. Based on these performance scores the dealers are asked to review 

their business plan focussing on customer support goals, objectives and action plans and make an 

adjustment to the existing goals based on current business conditions. 

                          There are also dealers who send a questionnaire to customers after each sale and  

after each major repair to measure customer satisfaction index (CSI). The dealers want to see a 

very high CSI (customer satisfaction index) score. 
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                           Manufacturers want their dealers to constantly improve their business year after 

year as the manufacturer’s business fortunes are directly related to the performance of the dealer. 

In a recently held meeting between Caterpillar and its dealers named “Across the table”, Caterpillar 

informed the dealers that their performance was way below their expectations and that there is a 

disconnect between the way they operate and the way they are expected to operate. Caterpillar said 

that this has resulted in losses running to several billions of dollars as many of them are operating 

at 40% of their efficiency. Caterpillar has observed that applying the practices of the best-

performing dealers with lower performing dealers automatically improved the aftermarket share 

of parts by 6 to 8%. Although these changes are possible the dealers have no method of learning 

the process. Caterpillar wants their customers to have the same customer experience when they 

deal with different dealers across the globe and their new slogan is “One CAT, One Experience” 

(Trade Journal, 2016). 

                         These are the various metrics used by the heavy equipment dealerships to measure 

performance that is operating in a cyclical and competitive industry. In the business, the demand 

by the manufacturer from the dealers is ever increasing as every business lost by the dealer is 

business lost by the manufacturer. Therefore, the fortunes of the manufacturer and dealer are tied 

together by the common thread of performance. The evaluation of performance will constantly 

keep on changing based on the demand of the manufacturer and the demand of the business 

environment. Therefore, there is a compelling reason to use contemporary performance 

measurement tools that can meet the demand of changing business environment. 
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1.3. Statement of the problem and Motivation: 

                          As discussed above many dealerships focus on financial factors to measure their 

performance using their DMS. In addition, dealers also use systems either in parallel or as a bolt-

on to measure metrics that cannot be measured by their DMS. The dealers are constantly monitored 

for their performance by the manufacturers to find out areas of improvement. Although there are 

several methods adapted to measure performance, there is a lack of integrated performance 

measure that can identify the best-performing dealers and the worst performing dealers as observed 

by Caterpillar. 

                        Dealerships have multiple branches and customers interact with all these branches 

for business. The customer expects to have the same experience across all these branches and 

therefore all these branches should perform to the same expected level. These networks are 

homogeneous in nature each having multiple inputs and outputs and have environmental factors 

that have an impact on its performance. It is often necessary to compare the performances of these 

branches for example to 1) evaluate management performance 2) identify best practices 3) 

determine whether some loss-making branches can be made profitable. These branches have 

diverse types of inputs (number of employees, expenses, number of service bays) and outputs (sale 

of machines, the sale of parts, labor earnings) and therefore it is difficult to compare them. An 

analysis of the performance of the branches and comparing the performance with other branches 

leads us to understand the relative efficiency of the network of operating units. Such a study of 

relative efficiency will reveal the characteristics of the operations and methods that can be 

employed to improve the performance of inefficient units (Av Kiran, 2006). 
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                            In competitive markets such as heavy equipment, there is a need for efficient 

utilization of resources. Therefore, the study of relative efficiency is essential for identifying the 

inefficiencies in the utilization of scarce resources, determining the potential improvements and 

the long-run survival of the organizations that have multiple units in its network of operations. 

                              In his study on productivity Farrell,1957 the pioneer in the measurement of 

productive efficiency observed “The problem of measuring the productive efficiency of an industry 

is important to both the economic theorist and the economic policy maker. If the theoretical 

arguments as to the relative efficiency of different economic systems are to be subjected to 

empirical testing, it is essential to be able to make some actual measurements of efficiency.” 

Equally, if economic planning is to concern itself with particular industries it is important to know 

how far a given industry can be expected to increase its output by simply increasing its efficiency, 

without absorbing further resources. This measure is quite general and applicable to any 

productive organization from a workshop to a whole economy” (Farrell, 1957, p253).  

                             With such multiple measures of performance involving a network of 

homogeneous units, there is a need for a different approach to take business decisions that involve 

relative efficiency. One of the advantages of relative efficiency analysis is that it helps to identify 

the efficient utilization of resources that can produce the desired outcomes. Effectively this 

efficient utilization of resources becomes a focus for benchmarking activities (Zhu, 2014). 

                 The method that uses multiple inputs and outputs and measures relative efficiency is 

Data Envelopment Analysis (DEA). This method will fill the shortcomings in the efficiency 

measures that are currently used in the heavy equipment retailing organization. DEA is an 

optimization technique that is used to assess the relative efficiency of homogeneous organizational 
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units called decision-making units(DMU). Since its first application to banking sector by Sherman 

& Gold, in 1985, DEA has also been widely used in measuring efficiency where there are many 

branch operations such as banks, hospitals, schools, agriculture and farm, and transportation. 

                              In this research Data Envelopment Analysis (DEA) will be used as a tool to 

measure the performance of heavy equipment retailing organization as it has the ability (will be 

addressed in Ch3, theoretical framework) to offer a solution in terms of relative efficiency and 

benchmarking. 

1.4. Purpose of the Study: 

                               The purpose of the study is to develop models and methods that are more 

appropriate and suitable to measure the performance and relative efficiency of heavy equipment 

retailing organizations than the existing conventional methods of ratio analysis. 

                         The motivation behind the study is to overcome the shortcomings in the approaches 

that are currently used to measure the performance of heavy equipment dealers. As discussed 

above the performance measures used were mostly financial in nature. 

                           To assess performance, most of the heavy equipment dealers have used various 

ratio analyses as performance indicators. However, these methods only show the performance of 

the dealer as a single unit and do not give an indication about the performance of individual 

branches that comprise the dealership as an entity. In case of dealerships that have multiple 

branches, some of these branches may be more efficient than other and this cannot be identified 

purely based on financial ratios. Relative efficiency will help in identifying the efficient unit and 

utilize this as a benchmark for improving the performance of other inefficient units. Relative 
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efficiency also helps us to understand the current performance and how it can be improved if it is 

inefficient. The difficulties of measuring and comparing performances under the above   

circumstances are faced by business in the real world. The simple ratios based on single input and 

single output give a limited picture of performance. Data Envelopment Analysis has advantages 

as it addresses some of the above shortcomings in performance measurement using single input 

and single output ratios (Harrisson, 2010; Singh, Motwani &Kumar, 2000).  

1.5. Research Aim and Objectives:   

                     The changing business environment that is uncertain and volatile is forcing 

organizations to take strategic decisions for survival and growth. A performance measurement 

system that will help organizations to know relative efficiency of its branches in the changing 

business environment and take appropriate decisions to improve profitability is the need of the 

hour. As observed above such systems are lacking in heavy equipment retailing organizations. 

Therefore, the following are the research objectives in view of the existing limitations in current 

methods of measuring performance in heavy equipment retailing organizations. 

a) How can the efficiency of the departments in a heavy equipment retailing organization be 

measured? 

b) How do you compare the efficiency of the branches of the heavy equipment retailing 

organization under study?   

c) What conditions may account for the differences in the efficiency of the branches? 

d) What factors or constraints create varying scores amongst inefficient branches? 

e) Is there any change in efficiency over time and if so how it can be measured? 

f) Can the efficiency of the branch have relation to the efficiency of the individual department? 



PERFORMANCE MEASUREMENT-DEA  
 

18 
 

  The purpose of the study is to develop models and methods that are more appropriate and suitable 

to measure the performance and relative efficiency of heavy equipment dealers than the existing 

conventional methods. This method facilitates comparison of performance across branches in the 

same dealership and explains why some branches achieve superior efficiency in performance. This 

study has the potential to be extended to the manufacturers who can review the relative 

performance of their dealers. The important task would be to identify factors that relate to 

efficiency that are likely to be determinants and measure the extent to which they contribute to the 

existence of inefficiency. 

                            Based on the shortcomings of the existing performance measurement system in 

heavy equipment retailing organizations, there is a need for measuring performance using a 

contemporary method. Therefore, the aim of the research is to develop a model using Data 

Envelopment analysis to measure performance in heavy equipment retailing organization. The 

strengths of DEA have the potential to meet the many shortcomings that are seen in the existing 

system.  

                            The thesis will address the above research objectives and the research aim by 

way of research questions that will be discussed in detail in Chapter 4, methodology. 

1.6 Significance of the Study: 

                          The thesis tries to fill a gap in the literature of applications of DEA as a 

performance measurement tool by extending it to heavy equipment retailing organizations. The 

study also introduces the concept of relative efficiency using multiple inputs and multiple outputs 

to the heavy equipment retailing organizations. The study will be the outcome of the study of the 
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efficiency of thirty-three business unit of a heavy equipment dealer in Canada. DEA has been 

applied to many industries such as healthcare, agriculture and farming, education, banking and 

transportation to mention a few but has not been applied to heavy equipment retailing organization 

despite its crucial impact on the Canadian economy. 

                      The overall objective of the research is to provide practitioners with a new, practical 

and robust methodology to measure performance in heavy equipment dealerships using DEA that 

will also help in measuring performance variations over time. The insights thus gained can be used 

to enhance the performance of the organization and improve its sustainability and profitability in 

a fast-changing business environment. The benefits of the study are: 

• Compares service units and identify the most efficient units. 

• It identifies the amount of savings that can be achieved to make inefficient units efficient. 

• Identification of specific changes in inefficient units. 

• Helps in receiving information on management of efficient units. 

                        The study can also be used by manufacturers to assess the relative efficiency of its 

dealerships within a country and even across countries and help the manufacturers to use as a 

benchmarking tool in measuring efficiency. The application can also be extended to automotive 

dealerships where there is a chain of dealerships under a single ownership to measure relative 

efficiency. The study can also be used by an industry body like Association of Equipment 

Distributors (AED) as a tool to measure performance and relative efficiency. 

                            Finally, the main findings can integrate with the existing ERP systems used by 

dealerships and yield relative efficiency scores on demand. In other words, this tool has potential 
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to be used as a KPI in the management and control of the organization. Most importantly this study 

introduces the concept of using multiple inputs and outputs to measure efficiency in the heavy 

equipment dealerships and thereby improve profitability in a highly competitive industry and 

cyclical industry.  

                            Two approaches to study performance measures will be used in this thesis. One 

approach used is the black box approach where the internal structure of the DMU (decision-making 

unit) is not considered and another approach is by using the extended DEA model called Network 

DEA (NDEA) proposed by Fare & Grosskopf, 2000, where the internal structure is also 

considered. The NDEA, approach helps in finding the efficiency of the internal structure of the 

DMU.  The DMU (business unit) in turn has sub DMUs by way of three divisions, sales, service 

and parts operations each of them operating independently with a parallel structure. Such an in-

depth analysis of the structure of DMU reveals the elements of inefficiency in the sub-DMUs and 

helps in setting targets to improve efficiency. 

                            The study also provides an in-depth understanding of technical efficiency, pure 

technical efficiency and scale efficiency. The study provides a method to rank the efficient units 

that help in benchmarking. The window analysis and Malmquist productivity index help in 

understanding the efficiency change over time. Measurement of efficiency using Network 

approach will help in comparison of efficiencies under both Black box and Network approach.   

                         The findings of this thesis are of excellent value to practitioners at the management 

level, policymakers at the manufacturer level and the community of dealers and  to the academic 

community. 
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1.7:  Thesis Structure: 

         The thesis is organized into seven chapters. Chapter 1 provides a background information 

to heavy equipment industry, current performance measurement in heavy equipment retailing 

organizations, statement of the problem, the purpose of the study, research aim and objectives and 

significance of the study. Chapter 2 provides a literature review of the DEA applications in 

various fields with a focus on retail organizations (automotive and retail sector) and identifies the 

inputs and outputs used in such studies that can be used in the research. Chapter 3 gives the details 

of the theoretical framework of DEA that is used in the research with specific reference to the 

various extended models to be used in the research. 

              Chapter 4 is about the research methodology. In this chapter, the research questions that 

address the research objectives and aim are restated. All the DEA models that are needed are listed 

in the architecture of the study. The chapter also covers data collection, selection of DMUs and 

selection of factors for the research from the various available factors both for black box and 

network DEA approach. This chapter also lists the models that would be used in the research. 

Chapter 5 is about developing four DEA models to measure the efficiency of heavy equipment 

retailing organizations and analyze the four models in greater detail. Chapter 6 is on discussing 

the results, limitations and future course of research. Chapter 7 is on conclusions and 

recommendations describing model PEDMAS as a performance measurement system for heavy 

equipment retailing organizations along with summary of findings. 

************** 
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Chapter II: Literature Review 

 

2.0: Introduction: 

                        The basic nature of the current research is one of an application of an existing theory 

and model to measure the performance of heavy equipment retailing organizations. As such the 

literature review will not analyze and critique the latest developments in the theoretical aspects of 

Data Envelopment Analysis.  However, in the application of DEA, there have been improvements 

and extensions that have been made to the original methodology of the technique and this will be 

analyzed. DEA as a tool has been used to measure efficiency in healthcare, banking, transportation, 

education, agriculture, hotels and numerous other applications. However, DEA has not been used 

to measure performance in heavy equipment retailing business. The closest application of DEA is 

to automotive dealerships and therefore application to the automotive industry will be critically 

reviewed after establishing similarity between automotive and heavy equipment dealerships. DEA 

has also been used to analyze efficiency in other retail sectors such as grocery stores, supermarkets, 

apparels etc. A literature review of such applications will also be made to broaden the review of 

the literature on efficiency measurement in the retailing industry as there is no literature on 

efficiency measurement in heavy equipment retailing organizations. 

                           Therefore, I would be reviewing the literature from two perspectives. The first 

perspective will be to review the recent research papers on the application of DEA in the 

automotive industry as it has similarity to the heavy equipment industry. The second perspective 

will be to review research papers on efficiency measurement in other retail industry such as grocery 

stores, supermarkets, apparels, wine stores etc. to understand the methodology used and the various 
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inputs and outputs used for the study. While reviewing the papers special emphasis will be on 

reviewing the current research papers in the automotive industry and retail industry post year 2010 

to make the literature review most current. 

2.1: Applications of DEA: 

                Since the advent of DEA in 1978, numerous papers have been published on extending 

the basic methodology of DEA and DEA has found applications both in public and private 

sector. In every application, DEA evaluates the relative efficiency of a decision -making unit 

within a peer group and sets targets for improving the efficiency of inefficient units. The 

application domain covers a wide array of industries like the banking industry, healthcare 

industry, agriculture industry, transportation industry, educational institutions to mention a few.  

It is found that these industries use DEA for multiple reasons such as to identify sources of 

inefficiency, rank the DMUs, evaluate the management, (supply chain management, human 

resource management, technology management etc.), evaluate the effectiveness of programs or 

policies and create data for reutilizing resources.  DEA has found very wide applications in the 

real world. According to Gattoufi et al., (2004) of the total papers published 67% of the papers 

presented were on real-world applications. According to Emrouznejad et al., (2008) banking, 

education (including higher education), healthcare and hospital efficiency were the areas where 

DEA found maximum use. 

                           According to Gattoufi, Oral, Kumar & Reisman (2004), research in DEA is 

basically of three types. The first is purely methodological, second is application centered and the 

third is a mix of theory together with empirical data. The first type focuses on mathematics and 

models but does not relate to empirical data (although simulated data is used to test theory 

occasionally). The second type is application oriented, where DEA is applied to real-world 
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problems and the focus is mainly on the application. In between the above two lay the third type 

that is a mix of theory together with empirical data. This type proposes a methodological 

innovation and then validates or tests the proposed method with a set of empirical data. Most of 

the published papers fall into one of the above three categories. 

                          As of 2013, of the total 4936 research papers published on DEA, purely 

methodological papers account for 36.5%(1802) and 3134 application embedded papers account 

for 63.5% (Liu, Lu, Lu &Lin, 2013). In other words, approximately one-third of the paper is 

purely-methodological whereas two third of the paper is application oriented. Please note that 

application oriented are those that use real-world data whereas purely methodological do not use 

real-world data. It is interesting to note that during the first 20 years since the arrival of DEA, the 

number of methodological papers published were more than application-oriented papers. It is only 

after 1999 the number of application-oriented papers exceeded the purely methodological papers 

(Liu et al., 2013). In short, DEA has gained acceptance as an application tool for efficiency 

measurement in the real world.                          

                          The table 2.1 below lists in order the application embedded papers. As you can 

see from the list banking ranks number one in application followed by healthcare, agriculture, and 

farm, transportation and education. Although these five applications accounts, for 41% of all 

application-oriented papers, DEA has been widely applied across many industries except heavy 

equipment retailing business. In their study Liu et al., (2013) suggest that need for performance 

measurement, data accessibility and support from application journals as the reason for using DEA 

in the above industries that account for most of applications. The table also indicates the wide array 

of industries where DEA has found applications. The last two columns in the table below indicate 

the number of papers published as a percentage for the top 10 applications. The five most 
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researched applications of DEA in 2015 and 2016 are agriculture, banking, supply chain, 

transportation and public policy (Emrouznejad & Yang, 2017). 

 Table 2.1. Number of papers published in DEA applications (Source Liu et al., 2013)   

            

From 1978 since the finding of DEA as a tool to measure efficiency till today spanning forty years, 

DEA has expanded not only as a tool for educational research for which it was originally intended, 

but has found application in various fields of economics, social sciences, engineering and different 

types of industries covering both public and private sector, but never used in the heavy equipment 

industry and heavy equipment dealerships. By using DEA as a tool to measure efficiency the heavy 

equipment industry and dealerships will be benefitted as much as other industries have benefitted 

by using DEA as a performance measurement tool. 
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                              A cross examination of various approaches reveals that researchers start with 

basic DEA models and find efficiency of the whole unit and this approach is termed as black box 

approach. Once these approaches are explored researchers graduate to the extended models of 

DEA and go up to three stage analysis. The efficiency study where the internal structure of DMU 

is analyzed is called Network DEA (Fare &Grosskopf,2000). Network DEA model is being widely 

used to understand the internal structure of DMU by opening the black box and to understand how 

the internal structure affects efficiency. 

                        The next section provides a detailed literature review of application of Data 

Envelopment Analysis to heavy equipment retailing organization. 

2.2: Application of DEA to Heavy Equipment Retailing Organizations: 

                       A search in various electronic research database such as  EBSCO, Elsevier’s Science 

Direct, European journal of operations research, DEA conference journals, Omega to mention a 

few, for  research papers over the last ten years with key words on performance measurement in 

heavy equipment dealerships/ retail organizations, using DEA yielded the lone paper 

“Construction machinery dealer’s benchmarking for efficiency measurement using data 

envelopment analysis” by Edmar De Paula, Paulo Henrique Oliveira under the supervision of Prof. 

Ana Lucia Miranda Lopez of CPEAD,UFMG Brazil. It was found that this research was never 

carried out. This leaves with virtually no literature on performance measurement in heavy 

equipment dealerships using DEA.  

                           However, DEA has been used to measure performance in automobile dealerships 

and automobile industry. There are a lot of similarities between the functioning of automobile 

dealerships and heavy equipment dealerships and hence an attempt is made to critically analyze 
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the various research carried out in performance measurement of automobile dealerships and 

automotive industry using DEA.  

2.3: Similarity between Automobile dealers and Heavy Equipment Dealers: 

                          In the following paragraph the similarities and dissimilarities between automobile 

and heavy equipment dealerships are explored. 

                        Automobiles are classified as   consumer durable goods and heavy equipment are 

classified as industrial goods. Consumer durable goods are owned and purchased for personal 

needs whereas industrial goods purchases are for commercial use to make profit. However, both 

these goods are marketed through an intermediary distribution channel called dealers or 

distributors. An industrial distributor performs a variety of marketing channel functions, including 

selling, stocking, delivering a full product assortment, financing and post sales service much like 

the same way as the dealer of consumer durable goods. In many ways industrial distributors are 

like dealers in consumer durable goods channels (Kerin & Hartley, 2015). When this interpretation 

is applied to the real world there is similarity between automobile (consumer durable goods) 

dealers and heavy equipment (industrial goods) dealers.  

                          Major automobile manufacturers like GM, Ford, Toyota sell their cars through 

intermediaries called dealers who sell new cars, used cars, sell parts for the new cars, render 

services for maintenance of the cars and extend credit for purchase of both new cars and used cars 

to consumers (Halweg, Luo, & Oliver, 2009).  

                            Similarly, large heavy equipment manufacturers like Caterpillar, Komatsu, John 

Deere, CASE Holland, Volvo sell their equipment through a network of dealers who are 

independently owned businesses with exclusive geographical territories. Dealers provide sales, 



PERFORMANCE MEASUREMENT-DEA  
 

28 
 

parts, maintenance and repair services, rental equipment, used equipment and financing 

(Matsumoto, 2011).  

                            Thus, the dealership operations in both automobiles (consumer goods) and heavy 

equipment (industrial goods) are very similar and therefore performance measurements 

methodology used in automobile dealerships using DEA can be used in heavy equipment 

dealerships. We will now critically review how DEA has been applied to measure performance in 

the automotive industry. 

2.4 DEA Applications in Automotive Industry: 

                             Table 2.2 lists twenty-six different studies carried out in automobile industry 

and dealerships using Data Envelopment Analysis.  

                        A critical review of thirteen recent research papers in the automotive industry   and 

another thirteen papers in the automotive dealership environment reveals that DEA has been 

applied to measure efficiency in such diverse automotive industry segments such as in car 

manufacturing, ancillary manufacturers, parts manufacturers and automobile dealerships. In these 

segments DEA has been used in car marketing to study branding and product positioning, to find 

strategic partner in auto industry, study of automotive stocks, to find out efficiency in automotive 

ancillary manufacturing that led to automation, measure relationship between market share and 

efficiency of dealership and measure efficiency of service networks. Such wide application of 

DEA in the automotive industry has greatly benefitted it in improving efficiency. Similar 

application of DEA to heavy equipment industry will greatly benefit the various segments of heavy 

equipment industry such as heavy equipment dealerships, its ancillaries and the industry itself 

much like the same way auto industry benefitted.  
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2.5 DEA Applications in other Retail Sectors: 

                                 There have been many studies conducted by researchers using DEA in retail  

sectors such as departmental stores, grocery stores, restaurant chain, fast food chain, super 

market to mention a few. A review of these studies also has been made to understand the 

methodology of DEA application and the factors used in such studies and to compare if they have 

any similarity to studies in automotive industry. Therefore, these studies can be used as a reference 

to study the efficiency in heavy equipment retailing organizations. 

                                 One of the earliest studies on efficiency of retail stores using DEA was by 

Athanassapoulos in 1995, who studied the efficiency of 31 restaurants in U.K. In 1998, Donthu 

and Yoo, have analyzed the efficiency of 24 outlets of fast food restaurant chain in USA using 

DEA. Some of these studies by Donthu & Yoo,1998; Thomas et al.,1998, Keh & Chu,2003; Barros 

& Alves,2003; have evaluated technical efficiency and studies by Keh & Chu,2003; and Barros & 

Alves,2003, have studied scale efficiency. Most of these studies by the above researchers have 

adopted a static perspective whereas Barros and Alves,2004; Sellers-Rubio and Mas-Ruiz (2006) 

studied change in efficiency over time using Malmquist Productivity index(MPI) to know the 

dynamic aspects of efficiency. For example, Sellers-Rubio and Mas-Ruiz (2006) have used DEA 

to study the efficiency change over time using MPI on a sample of 96 super market chains 

operating in Spain in the period 1995-2003.They estimated total productivity change in these retail 

organizations and decomposed them in to efficiency change and technical change. Various other 

studies in the retail sector are listed in table 2.3 below. 

2.6:   Network DEA Applications: 

                       Network DEA concepts, where the internal structure of black box is studied has 

been used in varied applications ranging from sports to education and the details are listed in table 
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2.2.  In all the Network DEA application it is found that by knowing the internal structure of DMU, 

more is known about the transformation process. Therefore, by applying the principles of network 

DEA to heavy equipment dealerships more will be known about the factors that contributes to the 

efficiency measurement of its internal structure: sales, service and parts operations of a heavy 

equipment dealership. 

2.7: Selection of input and Output variables in Retail Sector and Automobile Industry: 

                      The successful application of DEA largely depends on the choice of input and 

output variables (Wu &Ramanathan,2008). It was stated by Donthu & Yoo (1998) that 

objectives of the sales organization should be known from the choice of input and output 

variables. Table 2.3 summarizes the various inputs and outputs criteria that were used in the 

examination of retail efficiency and productivity as found in the literature. From the table it can 

be seen that some authors (Thomas et al., 1998, ; Donthu and Yoo, 1998; Keh and Chu,2003) 

have used measures of output in monetary units  like sales revenue, profit volume and value 

added. Some authors (Donthu and Yoo, 1998; Keh and Chu,2003) have used non-monetary units 

such as customer store loyalty, customer satisfaction and service quality. 

              Two kinds of inputs are found in the literature on productivity measurement in retail 

sector. One is the controllable inputs and the other is non-controllable inputs based on whether 

the organization considers them in its management action plans or not (Donthu and Yoo, 1998, 

Sellers-Rubio and Mas-Ruiz,2006). Organizations, have control over the controllable inputs to 

achieve competitive advantage and therefore it is a widespread practice to use them as inputs in 

efficiency measurement. Some of the controllable inputs are number of employees (Sellers-

Rubio and Mas-Ruiz,2006, Thomas et al.,1998) area of facility (Pilling et al.,1995, Lusch and 

Serpkenci,1990) and number of outlets in supermarket chain (Sellers-Rubio and Mas-
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Ruiz,2006), current total assets(Doutt,1984). At the same time non-controllable inputs are 

considered as environmental variables as they are beyond the control of companies but can 

influence the efficiency of the companies. Some of the non-controllable variables are location 

(Donthu and Yoo, 1998,), national economic development (Pilling et al.,1995), demographics of 

clientele in the area (Donthu and Yoo, 1998), Number of competition stores (Ko et al.,2017), 

square of number of competition stores (Ko et al.,2017). While calculating productivity non-

controllable factors are ignored (Donthu and Yoo, 1998). 

          Similarly in the literature on DEA applications in automotive industry, that is listed in 

table2.2 some of the inputs used are cost of goods sold and selling and general expenses 

(Narasimhan et al.,2005, Wang and Wang,2016), Number of employees(Chen2011,Tran and 

Ngo,2014),Fixed assets(Wang and Wang,2016).Similarly the outputs found from the literature 

are gross income(Saranga,2009,net income(Narasimhan et al.,2005),sales revenue(Hour 

Ali,2009, Biondi et al., 2013) and Total number of customers(Lin, Lee and Chang,2011). 

          Network DEA(NDEA) approach has been used in such varied applications such as sports, 

education, manufacturing to mention a few. Rayeni and Saljooghi (2010) used NDEA to study 

efficiency and productivity in Universities in Iran. Monafred and Safi (2012) used NDEA to 

study efficiency of public universities in Iran. Moreno and Lozano (2012) used NDEA to study 

the team efficiency in NBA. Lei et al, (2014) used a parallel DEA approach to study Olympic 

achievements. Zadmirazei et al, (2015) used NDEA to study efficiency of paper mill in Iran. 

               In summary DEA black box approach has been used to study efficiency in both 

automotive retail industry as well other retail sectors such as grocery, super markets, restaurant 

chain etc. NDEA has also found use in finding the efficiency of internal structure of a DMU in 

universities, paper mill, NBA and in Olympics. 
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2.8:  Research Gap Analysis: 

                        Table 2.2, lists twenty-six research papers of DEA applications in the automotive 

industry that were found in leading journals since 1998 till August 2016 and table 2.3 lists twenty 

research papers with DEA applications in the retail sector. The application of DEA to automotive 

industry covers a wide spectrum from manufacturing, brand positioning, evaluating stock of 

automotive companies, dealership operations etc. Similarly, the application of DEA to retail sector 

covers a wide range such as grocery stores, supermarket chains, apparel stores, wine stores etc.        

                            However, there are no published papers of DEA applications to heavy equipment 

industry and its retailing organizations as described in section 2.2 where a search was conducted 

for such a study in various journals, either using either black box approach or network DEA 

approach. By using DEA to study efficiency in the heavy equipment industry, the industry will 

greatly be benefitted in the same way as an automotive industry in the areas of manufacturing, 

brand positioning and benchmarking dealership operations that have a network of branches. 

Therefore, there is a need to study the efficiency of heavy equipment dealerships using DEA. This 

study will be first of its kind to use both black box approach and network DEA approach to study 

efficiency in heavy equipment retailing organizations. 

 2.9 Conclusion: 

                           As described above the two approaches to DEA applications are the black box 

approach and Network DEA approach. It has been found from a critical review of DEA 

applications using both the black box approach and Network DEA approach in both the automotive 

industry and retail sectors that similar factors and similar models have been employed in both 
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industries to study efficiency. This helps in concluding that similar models and factors can be used 

to study the efficiency of heavy equipment retailing organizations. 

                           In the next chapter 3, we will be describing the basic concepts of efficiency, 

theoretical aspects of DEA, extended models used in DEA, Bootstrap DEA, variations in 

efficiency over time, the effect of contextual variables on DEA scores and detection of outliers 

using DEA scores. These theoretical aspects will be dealt in detail to lay a foundation for the 

research methodology in Chapter 4 and apply these models in Chapter 5 as per research 

methodology to find out the efficiency scores of the retailing organization under study. 

******************** 
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Table 2.2. Summary of Literature review of DEA application in automotive retail applications. 

 

 

Item Srl# Analysis Levels Studies Year Country Inputs Outputs

1 Passenger Car dealer efficiency Trilochan Sastry, Arindam Mukherjee1998 India Dealer Strategy Performance Parameters.

2 Relative efficiency and quality of

Global Auto Companies. Narasimhan,Graham and Wang. 2005 USA COGS,SG&A Revenue,Net Income,Consumer Satisfaction

3 Product Performance Evaluation:

A superefficiency model Staat&Hammerschmidt 2005 Germany Price,Runningcost Engine Power(HP),Comfort,Safety Features

4 Determinants of brand advertising Buschken 2007 Germany Media Budgets, Brand Familiarity,Sympathy,Brand Consideration,Brand Purchase Intention

efficiency

5 Indian Autocomponent Industry

Estimation of Operational eff using DEA. Saranga 2009 India Raw material,Labour,Capital,Sundry Expenses Gross Income

6 Performance Assessment and Optimization Hour Ali,Montazeri,Saberi 2009 Iran Warranty Cost Automotive Sales Income,Parts Sales

of after-sales networks

7 Performance Management of Auto dealers Lin,Lee,&Chang 2010 Taiwan Number of Salesperson,Training Expense Revenue from Sales of vehicles,Service Sales,Total Number of customers.

8 Measuring Operational eff of Car dealer Lu He 2011 Taiwan Cost, Volume,Time ROA,ROI,

9 Efficiency of Ford Car dealer using DEA Hsiao 2011 Taiwan Number of Techs, Number of repair Orders Service sales,Expenditure

10 Productivity of Auto Industries using MalmIndex Yao Chen 2011 USA Number of employees Revenues,Assets, Equity (Labour efficiency index)

Employees,Assets, Equity Revenues(Resource Utilization Index)

11 Mathematical model for Product positioning using DEA Eshlaghi,Jamalou 2011 Iran Engine size,Price, Power,Top speed,Fuel Consumption,Driving comfort,Passenger comfort.

12 Performance of Vietnamese Auto Industry using DEA Tran,Ngo 2014 Vietnam Labour,Capital, Production Value,Turnover
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Item Srl# Analysis Levels Studies Year Country Inputs Outputs

13 Evaluation of auto companies using DEA Alvandi,Masoumi,Rezaei 2012 Iran Humn Resources,Fixed Capital,Raw Material Financial Index,Customer Index,Internal Business Process Index,Learning &Growth Index

14 Performance of Auto Industry in Taiwan using DEA Alex, Chich-Jen 2013 Vietnam Number of employees,Operating Cost,Gross Asset Operating Income

15 New approach for assessing dealership performance in Biondi,Calabrese,Capece,Costa, Pillo 2013 Italy Number of salespeople,number of outlets,number

Auto Industry of competitors,Number of days since sale closed Revenue, Quality of Service

16 Product efficiency in Spanish Auto market Gonzalez,Ventura,Carcaba 2013 Spain Discounted Price Ecology,Fuelconsumption,HP,Max Speed,Volume,Boot Space,Safety,Accelaration and Equipment

17 Selecting a fuel efficient vehicle using DEA Partovi,Kim 2013 USA Annualized MSRP,Annual Cost, Fuel Annualized Annual carbon footprint,Range,Power,Speed,Size

18 Most efficient auto vendor using DEA Toloo,Ertay 2014 Czech Rep Number of branch office,total number of vehicle exhibited Number of sold vehicles,customer satisfaction,satisfaction index of vendors,Parts availability,

bited,total number of test vehicle,sales people, Availability of vehicle loans

number of employees of vendor,

19 Analyze TFP in Auto industry Darijani,Taboli 2014 Iran Materials,Energy,Capital, Labour Production 

20 Classification of Iran Auto and Parts Manufacturer Stock Elahi,Afshar,Hooshangi 2014 Iran Price to earning ratio,Beta,Sigma EPS, 1 Year,2 year and 3 Year return

21 How car delers adjust prices in Spanish Market-DEA approachGonzalez,Ventura,Carcaba 2015 Spain Car Features Ecology,Fuelconsumption,HP,Max Speed,Volume,Boot Space,Safety,Accelaration and Equipment

22 Auto Industry Strategic partner selection using DEA Wang,Nguyen,Wang 2016 Taiwan Fixed Assets,COGS,OP Expenses,Longterm Investment Revenues, Equity,Net Income

23 Service Performance evaluation in Auto Industry using DEA Tan,Zhang,Khodaverdi 2016 China Physical Aspects,Reliability,Customer relationship,Problem Profit,Order Processing time,Number of customer serviced per day,order processng time,

Solving,Policy Complaints handled.

24 Product Modularization and effects on efficiency-An analysis ofPiran et al. 2016 Brazil Commercial lead time,Engg lead time,Number of parts, Number of projects developed

a bus manufacturer using DEA. Number of items purchased,Number of reported tech

problems,Number of items with customer complaints
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Table 2.3. Literature review of DEA application to retail sector. 

 

 

Item Srl# Analysis Levels Retail Outlet Study Using DEA

Number of 

Outlets Country Year Inputs Outputs

1 Efficiecny of Restaurants using DEA. Athanassopoulos 31 UK 1995 Capital,Occupancy,Utilities,Maintenance and Gen expenditure Sale of food,Sale of drinks.

of the area of the stores,Drinking Area,Number of covers,

marlet's size,number of restaurants in 1 mile radius,

number of restaurants in 3 mile radius,

2 DEA models of fast food restaurant chain Donthu&Yoo 24 USA 1998 Labour Hours,Literes of Inventory Depletion,Store size,Manager Sales, Customer Satisfaction

tenure,Stroe Location,Promotion/Give away expenses

3 DEA of multistore,multimarket retailer Thomas 552 USA 1998 Labour,Employees,Wages,experience,employees,store manager, Sales, Profit

Location related costs,occupancy,operating expenses,internal 

processess,inventory, transactions.

4 Influence of IT investment. Dasgupta 162 USA 1999 Information Tech Budget,Employees in IT Net Income

5 DEA BCC model of 13 retail stores Keh and Chu 13 USA 2003 Labour, Floor Staff,Management wagws abd benefits.Number of Distribution servcies,Accessibility,Assortment,Assurance of product 

hours worked. delivery,availability of information,ambience, sales revenue.

6 DEA of leading supermarket chain in Barros and Alves 47 Portugal 2003 Fulltime employees,Part time employees,cost of labour, Sales,Operational results

Portugal. absenteeism,Areas of outlets,number of points of sale,age of the 

outlet,inventory, other costs

7 DEA-Malmquist Productivity Index of Sellers-Rubio and Mas-Ruiz 100 Spain 2006 Employees,Capital,Outlets Sales, Profit

supermarket

8 Productivity of European retailers Moreno Spain 2006 Spending,Fixed Assets, Number of employees Sales

9 Optimal paths in dynamic DEA in Chilean Mateo et al 35 Chile 2006 Salesperson Labour, Cashier Labour,Sales and admin expenses, Gross Sales

stores. marketing expenses,Store floor space

10 DEA Operational efficiency of UK grocery Yu and Ramanathan 41 UK 2008 Total Assets, Shareholders funds,Number of employees Turnover, Profit before tax

store Tobitt Regression: Head office location,types of ownership,years
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Item Srl# Analysis Levels Retail Outlet Study Using DEA

Number of 

Outlets Country Year Inputs Outputs

11 Technical efficiency of French retailers. Perrigot and Barros 11 France 2008 Number of employees,Capital ,Total Cost Turnover Value, Profits

Tobit Regression: Trend,Square of trend,Mergers and Acquisitions

Group, International

10 US Speciality retailers and food stores Mostafa 45 USA 2009 Number of employees,Assets Revenues, Market share,Earnings per share

11 Efficiecny of coffee stores Joo et al 8 USA 2009 Cost of sales,Wages and Benefits,Other expenses,Occupancy Revenues, 

expenses

12 DEA -Restaurant chain Banker et al 12 USA 2009 Total selling hours,Store size,Average inventory,Support activities Store Sales

Regression model: Sales index,Holiday season,household 

income,age,family size,college education,population,rural area,

competition.

13 Benchmarking large US retailers Malhotra et al 7 USA 2010 Average collection period,Debt Ratio Profit Margin,ROA,Quick ratio,Inventory and Asset turnover.

14 Retailing efficiency using NDEA Vaz et al 78 Portugal 2010 Area in sq metre,stock, number of references,products perished Sales

15 Retail productivity of Food and Grocery Gupta &Mittal 43 India 2010 Number of employees,Cost of Labour,Number of hours worked,AreaSales,Customer conversio ratio

store. of outlet,Number of POS machines, Number of SKU

16 A return on Asset perspective. Joe et al 14 USA 2011 Current Assets,Fixed Asset,Other Assets,Cash, Receiveables, Revenue

Inventory,Cost of goods sold,selling general and admin expenses,

Depreciation and Amortization

17 Efficiency of Indian retailers Gandhi&Shankar 18 India 2014 Cost of labour,Capital employed Sales,Profit

18 Operational Efficiency of Wine Stores Barth 8 Canada 2007 Labour measured in hours,Wine Sold(Inv Depleted) Retail Sales

19 Efficiency of Italian wine producers Urso,Timpanaro,Caracciolo,Cembalo 623 Italy 2018 Value of land Capital,Labour,Working Capital Production

20 Efficiency of wine making Goncharuk and Figurek 33 Ukraine 2017 Material Cost,Number of employees,Fixed Assets Net Sales
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Chapter III: Data Envelopment Analysis (Theoretical Framework) 

 

3.1: Introduction: 

                      In this chapter the theoretical aspects of Data Envelopment analysis (DEA) will be 

covered comprehensively as the main research technique used in the current study. The first part 

of the chapter will cover the efficiency concepts as in production economics. In this section, 

concept of efficiency, input oriented and output-oriented measures and scale efficiency will be 

discussed. In the context of DEA, the second part will outline the background, terminology, the 

theoretical aspects of DEA and the various mathematical formulations of DEA. This will be 

followed by review of extended models of DEA, such as super efficiency, cross efficiency and 

weight restrictions that increases the discriminative power of basic DEA analysis. Bootstrap DEA, 

that helps in identifying the bias in efficiency scores will be discussed. This will be followed by 

how the effect of environmental variables on efficiency scores can be assessed using OLS 

regression and Tobit regression in the second stage of the analysis. The concepts of variation in 

efficiency change over time will be discussed and how it can be measured with window analysis 

and Malmquist productivity index. Network DEA (NDEA) that analyzes the efficiency of a DMU 

‘s internal structure will also be discussed followed by methods to detect outliers in DEA. 

3.2:  Introduction to Efficiency Concepts: 

3.2.1 Productivity, Efficiency and Effectiveness: 

                       Productivity and its importance has been articulated in many ways at many times  

based on the context. Efficiency in production is productivity, how much output is obtained from 

a given number of inputs (Syverson, 2011).     
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Figure 3.1. Transformation processes of inputs to outputs (Constructed by author).  

             Similar is the concept of efficiency and effectiveness but not equal. Many authors do not 

differentiate between efficiency and productivity in the literature. Both productivity and efficiency 

are defined as the ratio between output and input by Cooper, Seiford & Tone (2007). There is a 

component called efficiency that contributes to changes in productivity as productivity varies 

based on production technology, process used in production and variations in environmental 

factors in which production occurs (Porcelli,2009). 

                           Many researchers concur that efficiency is utilization of resources and mainly 

deals with the input of the productivity ratio. In other words efficiency is the minimum resource  

that is  needed theoretically to run the  operations in a given system in relation to how much 

resources are actually used (Tangen, 2004).The term efficiency and productivity are used 

interchangeably but with a caveat with the use of these terms( Sherman &Zhu,2006).The term 

efficiency is more effective as it is used to interpret the value judgement of a manager’s 

performance whereas productivity is less sensitive as it is less used as a value judgement term. As 

per Sherman & Zhu (2006) efficiency has a narrower meaning as compared to productivity. 
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                           The difference between productivity and efficiency can be best understood by 

using the following figure 3.2, from Coelli et al., (2005). Consider a simple production process in 

which a single input(x) is used to produce a single output (y). The curve OF represents a production 

frontier that defines the relationship between input and output and represents the maximum output 

achievable from each input level and therefore represents the current technology used in the 

industry. Technically efficient firms operate on the frontier and inefficient firms operate below the 

frontier. In the figure3.2 below, A represents an inefficient firm and efficient firms are represented 

by points B and C (Coelli et al.,2005; Kokinou,2012).   

                       Productivity at a point can be measured by using a ray passing through the origin. 

The slope of the ray is output/input (y/x) and therefore productivity can be measured using the 

slope. The slope of this ray would be higher if the point A moves to point B on the efficient frontier, 

indicating a higher productivity at B. Let us assume that the firm moves to point C, where it falls 

on the ray from the origin that is tangent to the production frontier. Then this point becomes the 

point of maximum possible productivity. The movement of the firm from B to C is an illustration 

of exploiting scale economies (Coelli et al.,2005, Kokinou,2012). 

                           Since the point C has maximum productivity it is the point of having a technically 

optimal scale of productivity and operation at any other point will have lower productivity. Given 

the same input OD, productivity can be enhanced by moving from point A to point B.  BD/OD is 

the new productivity due to the above movement. The efficiency of firm A can be measured by 

the ratio of productivity at point A and productivity at point B. This will be   
𝐴𝐷/𝑂𝐷

𝐵𝐷/𝑂𝐷
. This is equal 

to AD/BD and is termed Technical Efficiency (Coelli et al.,2005, Kokinou,2012). There are output 

and input oriented technical efficiencies.  Given the same input, a firm can improve output (output 
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-oriented   moving from point A to B) or reduce the input given the same output (input-oriented, 

  

 Figure 3.2. Productivity and Efficiency (Created by the author, Source Tim Coelli et al., 2005). 

 

 moving from point A to E). This will be discussed in detail in the next section. Therefore, 

efficiency is the relationship between what a firm produces and what it could feasibly produce 

(Coelli et al.,2005). In other words, efficiency of a production unit represents a comparison 

between observed and optimal values of its output and input. 

                         Effectiveness is the extent to which the stated objectives are met and is linked to 

the creation of value for the customer and products and deals with the output of the productivity 

ratio (Tangen, 2004). Studying effectiveness will generate information that will help in identifying 

the potential for productivity improvements. The ability of an organization to set and achieve its 

goals and objectives is effectiveness, to do the right job whereas efficiency is the ability to produce 
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outputs with minimum resources, to do the job right (Sherman &Zhu, 2006). In short, efficiency 

is doing things right and effectiveness is doing the right things. The following diagram shows the 

difference between efficiency and effectiveness. 

 

Figure 3.3. Efficiency and Effectiveness (Created by the author. Source: Sink and Tuttle, 1989). 

                             With these concepts of productivity, efficiency, and effectiveness that are 

fundamental to performance measurement, we will now discuss in detail about efficiency, as DEA 

measures relative efficiency. 

3.2.2 Efficiency Concepts and measures:  

                         The efficiency of a production unit is defined in terms of a comparison between 

observed and optimal values of its output and input (Fried, Lovell & Schmidt, 2008). 
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                 Efficiency   = 
𝐎𝐮𝐭𝐩𝐮𝐭

𝐈𝐧𝐩𝐮𝐭
      …………   (3.1) 

 

         The drawbacks with the above measure of efficiency are: 1) The above model cannot 

incorporate multiple inputs and outputs,2) Other process dimensions such as quality cannot be 

accommodated easily in to the above equation,3) Similarly , contextual  factors that has an 

influence  in the process under study cannot be  modelled easily,4) When there are multiple inputs 

and outputs, varying units of these inputs and outputs cannot be handled by the above equation. 

                       Farrell (1957) introduced a new measure of technical efficiency that considered all 

inputs and outputs, considering the above-mentioned drawbacks and showed how it can be 

computed in practice. This measure determined for each firm/industry would know how far a given 

industry can be expected to increase its output by simply increasing its efficiency without 

absorbing further resources (Farrell, 1957, p254).  

                        The new measure compares the observed performance of a firm with some 

postulated standard of perfect efficiency (Farrell,1957). Farrell’s methods of measuring technical 

efficiency of a firm consist in comparing it with a hypothetical firm that uses factors in the same 

proportion. This hypothetical firm is constructed as a weighted average of two observed firms. The 

measure has a score for each firm and the firm is analyzed within a group of comparable firms and 

is evaluated by comparing it with some ideally performing firm. This ideally performing firm is 

found either theoretically or empirically (Farrell, 1957). 

1) Theoretical: This is represented as a theoretical production function as specified by 

engineers where perfect efficiency is attainable theoretically, providing an ideally 
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performing firm. However, it is difficult to specify a theoretically efficient production 

function for a very complex process. For example, it is difficult to estimate a plant’s need 

for indirect labor in advance. The more complex the process the less accurate will be the 

theoretical production function. 

2) Empirical: Here the efficient production function is estimated from observations of inputs 

and outputs of many firms. The hypothetical firm is constructed by a weighted average of 

an appropriate number of observed firms. In other words, the performance of a firm is 

determined by comparing it to a relative production combination that can be achieved in 

practice. 

                    Farrell (1957) treated the definition of technical efficiency as a relative idea, an 

idea that is relative to the best observed in practice in the reference set or comparison group. 

This provides a method to differentiate between efficient and inefficient production units. 

Farrell (1957) demonstrated that overall efficiency can be decomposed into allocative efficiency 

and technical efficiency. Allocative or price efficiency refers to the ability of a firm to use the 

inputs in optimal proportions so that the resource cost is minimized. When a producer is 

technically efficient, the maximum output is produced from a given level of inputs. Similarly, 

an allocatively efficient producer would produce the outputs that use the lowest combination of 

cost inputs. In other words, technical efficiency demonstrates a comparison of actual output and 

the maximum output whereas allocative efficiency deals with the relationship between 

minimum cost and the actual cost of bundles of inputs. Price efficiency is the efficiency of the 

organization to purchase the input that meets the quality standards at the lowest price. Farrell 

proposed the concept of scale efficiency at an industry level. Scale efficiency measures whether 



PERFORMANCE MEASUREMENT-DEA  
 

45 
 

an organization is operating at its optimal size. When goods or services are produced greater or 

less than the optimal level, there are added costs due to volume and size(Farrell,1957). 

                           According to Koopmans (1951) “a producer is technically efficient if an increase 

in an output requires a reduction in at least one other output or an increase in at least one input 

and if a reduction in any input requires an increase in at “least one other input or a reduction in 

at least one output.” Koopmans thus offered a definition and characterization of technical 

efficiency. However, it was Debreau (1951) who first provided a measure or an index of the degree 

of technical efficiency with his coefficient of resource utilization. A production unit is said to be 

technically efficient with score one when there is no such feasible reduction. In any other case 

production unit is characterized as inefficient and has a technical efficiency score of less than one. 

Both Koopmans (1951) and Debreau (1951) were concerned mainly with the measurement of 

efficiency and although they produced a careful measurement of some or all the inputs and outputs 

used in production process, they did not succeed in combining these measurements into any 

satisfactory estimate of efficiency. According to Kalirajan and Shand (1999), while the interest to 

measure technical efficiency is continuing, the concept of technical efficiency is as old as 

neoclassical economics. Therefore, the characteristics that affect the way productivity can be 

measured can be summed up as a) Environment Complexity, b) Output complexity, and c) Input 

complexity. These characteristics lead to a spectrum of productivity management techniques and 

the most appropriate technique that suits the heavy equipment industry should be identified. The 

diagram below gives a framework of performance measurement. 

                                  Farrell’s original idea on technical efficiency leads to two important 

measures known as input-oriented measures and output-oriented measures (Tim Coelli et 

al.,2005). Both these measures are discussed below. 
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Figure 3.4. Framework of Performance Measurement (Created by the author). 

3.2.3 Input - Oriented Measures: 

                           The graph below represents a production function with two inputs X1 and X2 and 

one output Y under the assumption of constant returns to scale. In economics, production function 

is a relation between physical outputs and physical inputs of a production process. In the following 

graph SS’ is an isoquant and represents an efficient production function. An isoquant is a contour 

line drawn through the set of points of all possible combinations of inputs that produce the same 

amount of outputs.  Isoquant SS’ is convex to the origin as it shows the lower limits/bounds on the 

inputs. The output Y is held at a fixed quantity to be one (Tim Coelli et al.,2005) 
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 Figure 3.5. Input Oriented Measures (Created by author, Source Tim Coelli, 2005)  

  

Let us assume P is a firm that utilizes quantities of inputs defined by P and produces a unit 

quantity of output. 

The technical efficiency (TE) of the firm measured by the ratio   
1

OQ
TE

OP
 =1

QP

OP
  

                     This takes a value between zero and one and hence provides an indicator of the 

technical efficiency of the firm. A value of one indicates the firm is fully efficient and zero 

indicates the firm is fully inefficient (Tim Coelli et al.,2005). For example, the point Q is 

technically efficient as it falls on the efficient isoquant. 

                     Line AA’ represents the input price ratio and if it is known, then allocative 

efficiency (AE)of the firm can be found. 
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    Allocative efficiency (AE) of firm P   is    
OR

OQ
. If production were to occur at Q’ that is 

technically and allocatively efficient, then RQ represents a reduction in production cost (Tim 

Coelli et al.,2005). 

Total Economic Efficiency (EE) = 
OR

OP
 

According to Farrell 1957, the total economic efficiency of the firm, 
OR

OP
 

         TE x AE = (OQ/OP) x (OR/OQ) = (OR/OP) 

 Total economic efficiency =   Allocative Efficiency X Technical efficiency 

All the above three efficiency measures have an upper limit of one and a lower limit of zero. It is 

assumed that the production function of the fully efficient firm is known while estimating the 

above three efficiency measures (Tim Coelli et al.,2005). However, in real life situation, this does 

not happen, and sample data must be used to estimate the production function and efficient 

isoquant. The production function may be too difficult to be determined or may not be known at 

all. Farrell (1957) suggested the use of a non-parametric piecewise-linear convex isoquant 

constructed such that no firm lies either to the left or to the bottom of the isoquant as depicted in 

the figure3.6 below. Such a function envelops all the data points as shown in the figure3.6 below.  

                                  The question that is addressed in the input-oriented measure is by how much 

input quantities be proportionately reduced without changing the output quantities produced? 
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Figure 3.6. Piecewise linear function. (Created by author, Source Coelli et al., 2005) 

 

3.2.4 Output Oriented Measure: 

                           Output oriented measure addresses the question of how output quantities are 

proportionately increased without changing the inputs. This is illustrated in the figure 3.7 below. 

Here the production involves single input 1x and two outputs 1y  and 2y  . The production 

possibility curve ZZ’ exhibits a constant quantity of input that is used to produce varying 

combinations of the two outputs 1y  and 2y . ZZ’ represents the upper limit of production possibilities 

and is concave to the origin and all the firms lie to the left and bottom of ZZ’ (Coelli et al., 2005).   

                         One such firm is A and lies below the curve as it is inefficient and because ZZ’ 

represents the upper bound of production possibilities. Point B is the projection of firm A on to 
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isoquant ZZ’ The Farrell output-oriented efficiency can be expressed as follows (Tim Coelli, 

2005). 

 

 
Figure 3.7. Output Oriented Measure (Created by author, Source Coelli et al., 2005) 

The distance AB determines the technical efficiency. This is the amount by which there could 

be expansion of outputs without needing extra inputs. Therefore, a measure of output-oriented 

technical efficiency is the ratio  
0

OA
TE

OB
  

  The Iso-Revenue line DD’ can be drawn if the prices of outputs are known. 

(All combinations on the Iso-Revenue Line yield the same revenue) 

The allocative efficiency= 
0

OB
AE

OC
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This can be attributed to increase in revenue as compared to an explanation of cost reduction in 

the input-oriented case. 

The overall efficiency  
0 0 0

OA OA OB
EE TE AE

OC OB OC
       

Again, all these measures are bound by zero and one. 

                        Both the input oriented and output-oriented measures are measured along a line 

from the origin to the observed point of production. Therefore, the relative proportion of inputs 

or outputs is held constant. One of the advantages of these radial measures is that they are units 

invariant. This means changing the units of measurement will not alter the value of the 

efficiency measure.  

3.2.5 Returns to Scale: 

                            The above input oriented and output-oriented measures of efficiency are based 

on the assumption of constant returns to scale (CRS). This indicates that the production process 

under consideration is such that an increase in all inputs and outputs will take place by the same 

proportion. There are instances where there is a disproportionate change (increase or decrease) in 

the outputs. This is termed as variable returns to scale. The different types of returns to scale are 

depicted in the following figure3.8. The diagram represents the difference between input-reducing 

and output-increasing situations. 
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Figure 3.8. Returns to scale (Source: Pasupathy, 2002) 

                               The diagram represents the production process involving one output from one 

input. In figure (a) the production function f(x) is a straight line and has a constant slope indicating 

that for every unit increase in input there is a proportionate increase in output and represents 

constant returns to scale. 

                            Fig (b) represents a function with a slope that is increasing indicating that for 

every unit of input the output increases by more than the input and hence depicts an increasing 

return to scale (IRS). In Fig (c) the function has a slope that is   decreasing indicating that as the 

input increases the output decreases, and this is called a decreasing return to scale (DRS). In the 

figure P is a firm that lies below the efficient frontier. P could be projected to the frontier in each 

of these cases either by reducing input or increasing output method. B and D are two points that 

are projected on to the frontier (Pasupathy,2002). 

Input reducing efficiency
AB

AP
 =, Output increasing efficiency = 

CP

CD
  

Triangle OAB and triangle DCO are similar under CRS. This implies
AB CP

AP CD
   .Therefore 

under CRS, the same technical efficiency is obtained either by reducing inputs or by increasing 
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the output. Both these measures give different efficiency scores under variable returns to scale. 

The distances AB or CD tends to increase under the increasing returns to scale assumption. 

Therefore, under IRS, an input -reducing efficiency score is higher than the output increasing 

efficiency score. In the case of decreasing returns to scale assumption the converse is true as 

either AB or CD gets reduced and hence the output-increasing efficiency score is higher 

(Pasupathy, 2002). 

                          We have now established concepts of productivity, efficiency, effectiveness, 

the drawbacks of measuring efficiency, input-oriented measures, output-oriented measures and 

return to scale.  We will now review various productivity management techniques. 

3.2.6. Productivity Management Techniques: 

                        There are several approaches that have evolved to evaluate and manage 

productivity. However. there is no one single approach that is adequate and sufficiently 

comprehensive that can be used as a single technique. Depending on variations in environment, 

availability of resources, leadership style and organization culture, tools used for measuring 

productivity may vary from amongst organizations. 

                        The following are some of the productivity measurement techniques 1) Standard 

cost system 2) Comparative efficiency analysis 3) Ratio Analysis 4) Profit and return on 

investment measures 5) Zero-base budgeting 6) Program Budgeting 7) Best Practice Analysis 8) 

Peer reviews 9) Management Reviews 10) Activity analysis 11) Process analysis 12) Functional 

cost analysis 13) Staffing models and 14) Data Envelopment Analysis (Sherman & Zhu, 2006). 

We will discuss in detail Data Envelopment Analysis and for other methods please refer to 

Sherman & Zhu, (2006). 
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                        The next section provides a detailed review of theoretical aspects of Data 

Envelopment Analysis, the tool that will be used to measure the performance of heavy equipment 

retailing organizations that have multiple branches/ decision-making units and has multiple inputs 

and outputs.  

3.3 Theory of Data Envelopment Analysis: 

3.3.1 Introduction: 

                                 Data Envelopment Analysis (DEA) is a linear programming quantitative 

technique to estimate best practice production frontiers and evaluates the relative efficiencies of 

different entities called decision-making units(Bogetoft,2012). It is a powerful benchmarking tool 

and is widely used to measure productivity in service organizations (Sherman and Zhu,2006). DEA 

permits the use of multiple inputs and outputs in a linear programming model that develops a single 

score of efficiency(Ozcan,2014). DEA is ultimately a method of performance evaluation and 

benchmarking against best practice (Cook, Tone and Zhu,2014). DEA is a non-parametric 

approach meaning that it does not need a prior functional form for the frontier (Paradi et al.,2017). 

DEA can be adapted to improve service productivity and every organization can benefit from DEA 

in many ways (Sherman and Zhu,2006). DEA is used to compare the performances of multiple 

operating units in service organizations such as bank branches, hospitals, and schools.   

                                   The following chart indicates various performance measurement techniques. 

Data Envelopment Analysis (DEA) is a non-parametric performance measurement methodology 

originally developed by Charnes, Cooper, and Rhodes (1978) to measure the relative efficiency of 

organizational units. The parametric methods assume a functional form for the production set of 
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inputs and outputs whereas the non-parametric method does not assume any functional form for 

the production set (Thrall& Seiford,1990). 

                           Organizations have found it a challenge to improve productivity and therefore 

efficiency measurement has been a subject of great interest. Farrell (1957) stated the reason for 

this focus in his seminal paper on the measurement of productive efficiency. 

“The problem of measuring the productive efficiency of an industry is important to both the 

economic theorist and the economic policy maker. If the theoretical arguments as to the relative 

efficiency of different economic systems are to be subjected to empirical testing, it is essential to 

be able to make some actual measurements of efficiency. Equally, if economic planning is to 

concern itself with particular industries, it is important to know how far a given industry can be 

expected to increase its output by simply increasing its efficiency, without absorbing further 

resources.” (Farrell, 1957, p253). 

                               It was further stated by Farrell that the inability to combine the measurements 

of the multiple inputs and outputs into any satisfactory measure of efficiency was the main reason 

in the unsuccessful attempts to solve the problem. The approaches that were used was measuring 

average productivity for a single input not considering other inputs and constructing an index of 

efficiency in which a weighted average of inputs is compared with the output (Cook & 

Seiford,2009).  
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Figure 3.9. Classification of Production Frontiers (constructed by the author). 

                               Farrell (1957) addressed the problem by providing a satisfactory measure of 

the efficiency that can be computed in practice that takes in to account all inputs and avoids 

problems posed by index numbers by estimating a relevant production function. In Farrell ‘s own 

words such a measure could be used to any productive organization from a workshop to a whole 

economy. Efficiency measurement in the presence of multiple inputs and outputs was addressed 

by Farrell by assigning weights to the inputs and outputs. The efficiency score is a ratio of the 

weighted sum of the outputs to the weighted sum of inputs and is represented as below (Farrell 

&Fieldhouse, 1962). 

                    Efficiency  = 
𝐖𝐞𝐢𝐠𝐡𝐭𝐞𝐝 𝐒𝐮𝐦 𝐨𝐟 𝐎𝐮𝐭𝐩𝐮𝐭𝐬

𝐖𝐞𝐢𝐠𝐡𝐭𝐞𝐝 𝐬𝐮𝐦 𝐨𝐟 𝐢𝐧𝐩𝐮𝐭𝐬
       ……………      (3.2)   

                             The above equation considers multiple inputs and outputs in the efficiency 

measurement process. The definition requires a set of weights to be assigned and this may be 

difficult especially if a common set of weights has to be assigned for multiple organizational units.  
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                          Let us consider n firms with m inputs and s outputs. Let 
0i

x be the inputs and 

0r
y be the outputs of the observed DMU. The mathematical representation of the above model 

would be as below assuming controllable inputs and constant returns to scale(Ramanathan,2003). 
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                      …………………. (3.3) 
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s number of outputs

u weight of output

y amount of output produced by theobserved DMU

m number of inputs

r
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0

i

i

n number of outputs

v weight of input

x amount of input used by theobserved DMUi

i






                                              

                     In the above equation inputs and outputs can be measured and entered. The next 

problem is how to determine the weight reflecting the relative importance of inputs and outputs. 

One method is to adopt the fixed weight of each input and output through subjective forms such 

as expert consultation or panel of experts or discussion. This is a tricky issue as there is no unique 

set of weights(Ramanathan,2003). For example, a school that has a good reputation for teaching 

sciences would like to attach higher weights to its sciences’ output. A university that has a higher 

percentage of socially weaker sections in its students would like to emphasize this fact, assigning 

a greater weight to this input category. If a common set of weights are assigned, the individual 
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firms do not have the freedom to choose their own set of weights for their inputs and outputs. 

Therefore, the efficiencies of the firm are determined under a predetermined set of weights without 

the option to choose weights as per the needs of the firm. By assigning weights that are most 

favorable to the firm, there is no possibility of increasing the efficiency score of the firm as all 

firms may appear efficient. The relaxation given to a firm to choose its own weights led to the 

introduction of Data Envelopment Analysis (Ramanathan,2003)            

                              In 1978, twenty years after Farrell’s seminal work, Charnes et al., (1978) 

introduced a powerful methodology called Data Envelopment Analysis (DEA) that could assess 

the relative efficiency of multiple–input and multiple output production units (Cook and 

Seiford,2009). Originally DEA was to provide a methodology to identify best performing units 

from a set of comparable decision -making units (DMUs), that forms an efficient frontier. 

However, the methodology also enables as a benchmarking tool to measure the level of 

inefficiency of non-frontier units by comparing it with peer efficient units (Cook and 

Seiford,2009). There have been tremendous advancements both in theoretical developments and 

application of DEA to real life situations since the advent of DEA in 1978. 

3.3.2 CCR (Charnes, Cooper, and Rhodes 1978) Model: 

                         In their study Charnes, Cooper and Rhodes (1978) overcame the drawbacks of 

assigning weights by assigning a unique set of weights for each DMU by proposing a mathematical 

programming model(Ramanathan,2003). The DMU for which the efficiency is maximized is 

normally termed as focal production unit or reference or base DMU and is designated as the 

decision-making unit (DMU).  The objective was to allow the DMU to select the most favorable 

weights (or multipliers) ur and vi that computes the highest possible efficiency ratio of outputs to 

inputs (score) for the service unit under evaluation (Sherman and Zhu,2006). The only restriction 
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is that the productivity ratio of all DMUs calculated by the weights selected by the DMU must be 

less than or equal to one(Kao,2017). This ratio that has a value between zero and one is a measure 

of efficiency as it is the ratio between the actual output (the maximum output) that can be produced 

with the same amount of input of this DMU(Kao,2017). This is called as CCR model (Kao,2017).  

The mathematical formulation of the ratio form of DEA for the input-oriented model is provided 

below. 
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  The multipliers ru and  
iv   should  be greater than a small positive number .This is to avoid 

assigning zero values to multipliers as it may avoid some unfavorable factors (Charnes et al., 

1979). This small number is called a non-Archimedean number (Charnes and Cooper,1984). If 

E0=1, then this DMU is said to be in a state of Pareto optimality, also called Pareto efficiency 

(Koopmans,1951). Koopmans (1951) extended Pareto efficiency to productive efficiency and 

therefore called as Pareto-Koopmans Efficiency (Charnes and Cooper,1961). The model 3.4 is 
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called ratio model and is a linear fractional program. This is converted to a linear program by 

Charnes-Cooper transformation as below(Kao,2017). 

0

0

0 0

1

1

1 1

1,

0, 1,2,3....

1, 2,3......

1, 2,3......

s

r r

r

m

i i

i

s m

r rj i ij

r i

i

r

E Max u y for DMU

subject to v x

u y v x j n

v i m

u r s









 





  

 

 





  ………… (3.5) 

This model 3.5 is called a multiplier model. This model uses a straight line passing through the 

origin and passing through all DMUs, as production frontier when there is one input and one 

output. Since the production frontier passes through the origin, this indicates that a proportional 

change in inputs leads to a proportional change in outputs and this is called constant returns to 

scale (Kao,2017). 

 Model (3.5) has a dual and that can be formulated as below. 
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  As  
rS  ,

iS   0, the first two constraints indicate that 
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This implies that all the observations have a larger amount of inputs and a smaller amount of 

outputs than the point (
1

n

ij j

j

X 


 ,
1

n

rj j

j

Y 


 ) on the production frontier. In other words, 

observations are enveloped by the production frontier and hence called the Envelopment Model 

(Kao, 2017) 

The second constraint indicates that the DMU fixes its outputs at the current level 
0r

Y or to an 

adjusted amount 
0r

Y +
rS   where 

rS   is an excess of output slack and finds by how much the 

amount of inputs can be reduced using the  reduction ratio  . Input excesses 
iS   and output 

shortfalls 
rS  are known as input and output slack variables (Kao, 2017). 

Therefore, both models 3.5 and 3. 6 are input oriented models. 

Output Models: 

    Efficiency can also be measured from the output side. The CCR efficiency in the output model 

is reciprocal of E0 and therefore is 1/ E0 (Kao,2017) 
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The ratio form of output model is  
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                        (3.7) 

This model is same as Model 3.4 except that the objective function is represented in the 

reciprocal form. This is again transformed to an LP problem using Charnes Cooper 

transformation 

in the Multiplier Output Model as below (Kao,2017). 
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…………. (3.8) 

                    The constraints of the model 3.9 indicate that the inputs are fixed at the current level 

Xio or the adjusted amount (
0i

X -
iS  ) to be precise. This finds the largest value of ϕ by which 

outputs can be expanded. The slack variables 𝑠𝑟
+, 𝑠𝑖

−   are introduced to convert the constraints 
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from inequalities to equalities. 𝑠𝑟
+ is the output slack and the positive sign indicates augmentation 

of outputs and 𝑠𝑖
−

 is the input slack and the negative sign indicates reduction in inputs (Ozcan, 

2014). The constraint space of equation 3.9 defines the production possibility set (Cook and 

Seiford,2009). 

 

  The dual of the above model is the Envelopment output CCR Model and it is as below. 
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                            (3.9) 

                 DEA identifies the most efficient units and indicates the inefficient units in which real 

efficiency improvement is possible. The amount of savings in resources or service improvement 

that is required to make the same unit efficient is identified and can be used as a benchmark for 

management. The CCR model assumes constant returns to scale i.e., if all inputs are increased 

proportionally by a certain amount then the outputs will also increase proportionately by the same 

amount and allows both input reducing and output increasing orientations(Kao,2017). 
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3.3.3: BCC (Banker, Charnes, and Cooper, 1984) Model: 

                  When comparing DMUs differing significantly in size it was found by Banker, 

Charnes, and Cooper (1984), that the constant returns to scale assumption skewed the results. 

Therefore, in such cases it is important to know how the scale of operation of a DMU affects its 

efficiency or inefficiency (Kao,2017).  Banker et al. (1984) developed a new formulation of Data 

Envelopment Analysis that is commonly known as BCC model. The BCC model is used to 

compute efficiency under the assumption of variable returns to scale i.e. an increase in inputs need 

not necessarily yield a proportional increase in outputs. The envelopment form of the BCC model 

would be the same as the CCR model but with an additional constraint sum of   𝝀𝒋 = 𝟏. (𝝀𝒋,is the 

weight associated with the DMU and 1j  ). The BCC model is shown below. 

                                  Banker et al., (1984) extended CCR model to allow variable returns to scale 

referred to as BCC model. Conceptually, the BCC model allows the production frontier to move 

away from the origin by introducing a constant that aggregates either the inputs or outputs 

(Kao,2017). This model also has two versions namely input and output oriented. 

                                 Firms operating at different scales are recognized as efficient with the 

introduction of this constraint. The introduction of this constraint enables formation of an envelope 

formed by the multiple convex linear combination of best practice DMU (Ramanathan, 2003). The   

effect of this is that it removes the constraint in the CCR model that the DMUs must be scale 

efficient. If  
1

1
n

j

j




 , then the model is referred to as Non-Decreasing return to scale (NDRS) 

and 
1

1
n

j

j




  , then the model is referred to as Non-Increasing return to scale(NIRS) (Bhatti, 

Bhanot and Singh,2014). 
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Input Model: 

      In the input model, the outputs are kept constant to calculate the expected minimum virtual 

input. The input efficiency is the ratio of the minimum virtual input to the actual virtual input 

aggregated from the multiple inputs (Kao,2017). The BCC model developed by Banker et.al 

(1984) to measure efficiency from the input side is as below(Kao,2017). 
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………………………………. (3.10) 

                The difference between this model and the model 3.4 under constant returns to scale is 

the presence of the intercept 0u  . The above fractional can be transformed to a LP problem using 

Charnes-Cooper transformation as below by assigning the denominator to one and leaving the 

numerator as the objective function. The Multiplier BCC input model is (Kao, 2017) 
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  …………………….... (3.11) 

The envelopment BCC input model is the same as the envelopment CCR model with the 

inclusion of convexity constraint 
1

1
n

j

j




 (Kao,2017). 

0

0

0

1 1

1

1

0

min

1,2,3...

1,2,3.....

0 1,2,3........

0 1,2,3.......

0 1,2,3........

s m

r i

r i

n

i ij j i

j

n

r rj j r

j

j

r

i

E S S

subject to X X S i m

Y Y S r s

j n

S r s

S i m

isunrestricted in sign

 

 







 

 













 
   

 

  

  

 

 

 

 





……….. (3.12) 

                                      
1

1
n

j

j




 .         
j  0 



PERFORMANCE MEASUREMENT-DEA  
 

67 
 

BCC Output Model: 

    The output model looks for the maximum amount of outputs that can be produced from the 

given amount of inputs to measure efficiency. The output BCC fractional model for measuring 

efficiency of a DMU is as below (Kao,2017). 
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…………………. (3.13) 

The fractional program is converted to LP problem using Charnes-Cooper transformation  

and the Multiplier BCC Output model is as below(Kao,2017). 
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 The corresponding Envelopment BCC Output model which is dual of the above multiplier 

model is as below (Kao,2017). 
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……..  (3.15) 

                                 
1

1
n

j

j




 .  
j  0.This model is the same as the output CCR Envelopment 

model except that there is inclusion of convexity constraint
1

1
n

j

j




 .(Kao,2017) 

A summary of various DEA models is given in the following table. In the table I stands for input-

oriented model and O stands for output-oriented model. Efficiency score for all models ranges 

from 0 to 1. All models are unit variant meaning that inputs and outputs can be in any units. Semi- 

p means semi positive. This means non- negative with at least one positive element. Free permits 

data with negative, positive and can be zero. 
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Table 3.1. Summary of DEA Models (Constructed by author) 

 

3.3.4 Multiplier Models: 

                                  In multiplier models ,r iu v  and  is a small positive number ensures that 

all the variables are taken into account without being ignored by assigning zero to the 

corresponding multipliers while the efficiency score is determined (Charnes et al.,1979).This 

small number is called non-Archimedean number(Charnes and Cooper,1984). A DMU that is 

inefficient may end up as efficient in the absence of above constraint as   one or more of the 

inputs or outputs could assign a zero weight to these variables. By restricting these weights 

greater than , the decision maker ensures that none of these variables are neglected by any of the 

DMUs. In multiplier models, the second constraint indicates that the output cannot exceed the 

input for any DMU. This makes the LP bounded as in the absence of the second constraint value 

of objective function will increase with increasing weights to outputs.  However, this is restricted 

by the second constraint. As the weights of the inputs are determined, the second constraint 

restricts the assigning of weights to outputs so that the difference between the weighted sum of 

outputs and weighted sum of inputs should be less than zero (0) (Norman and Stoker,1991).  

CCR- I CCR-O BCC-I BCC-O CCR- I CCR-O BCC-I BCC-O

Data Input Semi-p Semi-p Semi-p Free Semi-p Semi-p Semi-p Free

 

Data Output Free Free Free Semi-p Free Free Free Semi-p

Unit Invariance Yes Yes Yes Yes Yes Yes Yes Yes

Efficiency (0,1) (0,1) (0,1) (0,1) (0,1) (0,1) (0,1) (0,1)

 

Returns to Scale CRS CRS VRS VRS CRS CRS VRS VRS

MULTIPLIER MODEL ENVELOPMENT MODEL

Model 
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                          The above multiplier formulation also connects with economics. The objective is 

to maximize virtual output subject to unit virtual input (value of weights that gives optimal value) 

while maintaining the condition that virtual output cannot be more than virtual input for any DMU. 

This indicates that the conditions for Pareto optimality are met as any further increases in the 

maximal value can be attained only if some of the input values 
ijx are increased or some of the 

output value
rjy  are decreased(Kao,2017). 

                              The multiplier   models 3.5, 3.8, 3.11, 3.14 have m s   variables and 

1 n m s     constraints. Since models’ equation is a linear programming problem, it has a dual 

and it would have 1 n m s    variables and m s   constraints(Ramanathan,2003). In general, n 

is quite large as compared to m s  and hence primal has large number of constraints as compared 

to dual. With every linear programming problem (maximization or minimization) there always 

exist another linear programming problem that is based on the same data and having the same 

solution. The original problem is called the primal problem while the associated one is called the 

dual problem. It is important to note that the two linear programming problems can be treated as 

the primal and the other as its dual(Ramanathan,2003). Due to less constraints in dual, dual 

formulation is computationally more efficient than primal(Ramanathan,2003).    

 3.3.5: Envelopment Form: 

                           Therefore, primal is more difficult to solve with many constraints (Boussofiane 

et al., 1991). As the number of DMUs is generally larger than the total number of inputs and 

outputs, it is easier to solve the dual model as it reduces the burden of computation (Bhanot, Singh 

&Bhatti, 2014). The dual of the linear program is obtained by assigning a variable to each 

constraint and transforming the constraints and is called the envelopment model.  
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                           Any choice of  𝜆𝑗 provides an upper limit for the outputs and lower limit for the 

inputs of DMU0 and against these limits E0 is tightened with  𝜆𝑗, 𝑠𝑖,
−𝑠𝑟

+  0 representing optimal 

choices associated with minimizing E0. The collection of such solutions then provides an upper 

bound which envelops all the observations and hence leads to the name Data Envelopment 

Analysis(Kao,2017). 

3.3.6 Production Possibility Set: 

                The BCC model allows variable returns to scale and measures only the pure technical 

efficiency of each DMU. In other words, if a DMU is to be considered as CCR efficient, it must 

be both scale and technically efficient. If the DMU needs to be considered BCC efficient then it 

needs pure technical efficiency (Bowlin, 1998). The production possibility set of both CCR and 

BCC models are shown graphically below (Cooper, Seiford and Tone,2007). 

                  The CCR model addresses the aggregate (technical and scale), efficiency whereas the 

BCC model decomposes the overall aggregate efficiency of a unit into its pure technical and its 

scale efficiency. 
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Figure 3.10. Production Frontier-CCR Model (constructed by author) 

    

  
Figure 3.11. Production Frontier BCC Model (constructed by author)  

3.3.7 Scale Efficiency: 

                       The figure shows production possibility set for the input x and output y.  The CRS 

and VRS frontiers are also shown for this input output mix (x, y). The input oriented technical 

inefficiency of the firm P under CRS is PPC and under VRS the technical inefficiency would be 
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PPV. The difference between the technical efficiency under CRS and VRS is PCPV. (CRS is 

constant returns to scale and VRS is variable returns to scale (Tim Coelli,2005). 

       

Figure 3.12.Technical and Scale efficiencies (constructed by author, Source: Coelli et al., 2005). 

The technical efficiencies can also be expressed in ratios. 
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The above equation proves that the CRS measure of technical efficiency is decomposed in to 

technical efficiency and scale efficiency (Tim Coelli,2005). 

3.3.8 Peers of Firms: 

                           DEA assumes convexity as in economic theory.  Simply put this means that if 

two points are feasible   in practice then a weighted average of the two points is also feasible. In 

other words, a convex combination is also feasible. If two observed DMUs are on the frontier, it 

can be proved that their convex combination is also feasible and lies on the frontier.  The weighted 

combination of actual firms is called virtual firms or hypothetical firm, or composite firms and 

DEA compares the actual firms to composite(virtual) firms based on the assumption of convexity. 

Peers are the firms that are on the frontier or on the best performing practice frontier. The peers 

are used as the reference for benchmarking and to compare inefficient firms (Cooper, Seiford, 

Tone,2007). 

                          In figure 3.13 firms A, B and G lie outside the frontier and are therefore inefficient. 

Firm A is projected on the frontier and falls on point D and D is an actual firm on the frontier. 

Therefore, firm D is a peer of the firm A with respect to efficiency measurement. In this instance 

inefficient firm A is compared to actual firm D. However, when firm B is projected on to the 

frontier, we have firm B’. Firm B’ is on the efficient frontier and falls between firms, D and E. 

Hence both firms, D, and E, are peers of firm B and B are compared to the weighted combination 

of D and E (Cooper, Seiford, Tone,2007). 
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    Figure 3.13. Peers of firms’ (constructed by the author, source: Cooper et al., 2007) 

3.3.9 Efficiency Measurement and Slacks: 

                                There are instances where the piecewise linear form of efficient frontier in 

DEA can cause a few difficulties in measurement of efficiency. The problem arises when sections 

of piecewise linear frontier run parallel to one of the axes.  Efficiency measurement of DMUs that 

lie on such parallel axes needs to be considered (Tim Coelli,2005). 

                         In the figure below 3.14 let us consider the input combination of firms, C, and D 

that are efficient and are on the frontier. Firms A and B are inefficient as they lie outside the 

frontier. As per Farrell (1957), technical efficiency of firm A and B are 
'OA

OA
  and 

'OB

OB
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respectively. However, it is not quite true if firm A’ is an efficient firm since one could reduce the 

amount of input X2 by the amount CA’ and still produce the same output. This is the excess of 

input X2 used by firm A’. This is called as input slack. Hence the slack associated with firm A’ 

has to be considered while calculating its efficiency score (Tim Coelli,2005). A similar situation 

will also occur for outputs, resulting in output slacks with respect to the outputs due to a shortfall 

in production (Tim Coelli,2005). 

Figure 3.14. Input Slacks (constructed by author Source: Coelli et al., 2005) 

 3.3.10 Additive Model: 

                                 Cooper et al. (2007) computed a different type of non-radial measure by using 
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Additive Model. In CCR and BCC models, the distinction is required between input and output 

orientations whereas additive model combines both orientations. This is shown in the following 

figure. 

 

 Figure 3.15. Additive Model (constructed by the author, Source: Cooper et al., 2007) 

 

                   The output-oriented measure and the input-oriented measures are combined to 

determine a score of technical efficiency. It has the same envelopment surface as the BCC model 

that has variable returns to scale. However, it projects each DMU on to the envelopment surface 

in a direction that tends to increase the output and also reducing the input simultaneously. In the 

additive model the sum of all the slacks associated with each of the inputs and outputs is 

maximized. The difference is both CCR and BCC model requires a distinction between input and 

output orientation whereas the additive model combines both orientations. 
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 3.3.11 Multiplicative Model: 

                          The models previously discussed were CCR, BCC, and additive models.  Charnes 

et al., (1982) developed a multiplicative model for efficiency analysis. The primary difference 

between this model and other model is that the virtual inputs and outputs are formed 

multiplicatively instead of additively. The frontier has a piecewise log-linear frontier rather than 

piecewise linear as is the case for CCR, BCC, and other models. The multiplicative model 

identifies inefficiencies through slack values like an additive model. 

3.3.12 Slack Based Model (SBM): 

                         The Slack Based Model is an extension of the additive model and was introduced 

by Tone (2001). The main difference between ADD and SBM model is that the former is an 

absolute measure (a summation of slacks) whereas SBM calculates an efficiency score based on 

the ratio of average relative input consumption to average relative output production. The measure 

is invariant with units of measurement of each input and output item (Cooper et al., 2007). 

3.4: Ranking Methods in DEA:  

                             The basic DEA models groups the two DMUs into two sets those that are 

efficient and define the Pareto frontier and those that are inefficient. Under these conditions   in 

order to rank all the DMUs alternative approach or modification is required (Adler et al.,2002). To 

refine the evaluation of the units beyond the dual classification decision makers need a method 

that can completely rank all these units. Lack of discrimination in DEA applications is one of the 

problems that has been frequently discussed in the literature when DMUs do not meet the degree 

of freedom. That is when there are insufficient DMUs or the number of inputs and outputs is too 

high relative to the number of DMUs (Adler et al.,2002). Therefore, this is an additional reason 
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for the complete ranking of units. The decision makers are interested in complete ranking and 

therefore techniques in ranking help in marketing the DEA approach. Such techniques to rank the 

DMUs should be considered post analysis as they do not replace the use of standard DEA models 

but provide added value to the analysis (Adler et al.,2002). 

                        There are several techniques to rank the DMUs but in this section only the two most 

widely used techniques of Super Efficiency and Cross efficiency will be discussed in the following 

sections. 

3.4.1: Super-Efficiency Models 

                     While the efficiency scores have been calculated using the basic DEA models, one 

of the problems is to differentiate these efficient units as all of the efficient DMUs are found to 

have a score of unity. Andersen and Petersen (1993), provided an approach called Super-Efficiency 

model. In the super-efficiency model, the efficiency is evaluated using the standard DEA models 

(CCR or BCC) but under the assumption that the DMU being evaluated is excluded from the 

reference set. In the output-oriented case, the model provides a measure of the proportional 

increase in the outputs for a DMU that could take place without disturbing the efficient status of 

that DMU in relation to the frontier created by the remaining DMUs. 

      The super efficiency model helped in ranking the DMUs that are extremely efficient. The 

inefficient DMUs have an efficiency score of 0<θj <1 and hence have a natural ranking method 

based on the efficiency scores. However, all the efficient DMUs are on the boundary of the 

production possibility set and have a score of 1. This tie of all DMUs having a score of 1, has to 

be broken if they all have to be ranked. Anderson and Peterson (1993) suggested that by using 

super-efficiency model the extreme efficient DMUs can be ranked as their efficiency score in the 

super-efficiency model is no more bound by the upper limit of 1 but now more than one in Super 
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efficiency model. The linear programs related to super-efficiency model are given after the 

graphical explanation of the model below.  

                Table 3.2. Sample data of inputs and outputs 

    

 

 

 

 

 

                   Let us consider a hypothetical example of 9 DMUs having two inputs I1 and I2 

producing one output O1(Parthasarathy,2010). The following graph is drawn to scale with the 

above two inputs producing the same output for nine DMUs. 

                                           In the Figure 3.16 below, DMUs 1,2,3,9 4 and 5 have a technical 

efficiency of 1 as they are on the frontier. The other units not on the frontier can be ranked 

according to inefficiency scores as they are not unity. Let us consider an efficient unit DMU3 and 

let us try ranking them on SE score. The line connecting DMU1,2,9 and 4 and the vertical line 

above DMU1 parallel to the y-axis and the horizontal line beyond DMU 4 parallel to y-axis form 

the production possibility set when unit DMU3 is evaluated using SE score by using super 

efficiency model super-LP1. As DMU3 is extremely efficient it lies outside the PPS of DMU1,2,9 

and 4 and hence super efficiency score θk> 1. The score can be given geometrically as  

3' 15.9511
1.1482

3 13.8924

ODMU

ODMU
   = 114.82%. This indicates that unit DMU3 can increase its input 

DMU Input 1, I1 Input 2, I2 
Output 1 
O1 

DMU1 4 18 1 

DMU2 8 12 1 

DMU3 12 7 1 

DMU4 20 5 1 

DMU5 24 5 1 

DMU6 5 26 1 

DMU7 18 10 1 

DMU8 10 13 1 

DMU9 16 6 1 
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usage by 1.1482 times and remain technically efficient. Similarly, the super efficiency scores of 

DMU1, DMU2, DMU9 and DMU 4 can be computed and they will be greater than 1 and therefore 

the DMUs can be ranked based on these scores. 

                                                 The super-efficiency model was introduced by Banker and Gifford in 

1988 and 1989 (Yao Chen 2005). Charnes, Haag, Jeska, and Semple (1992) used a super efficiency 

model to study the sensitivity of the efficiency classifications. Zhu (1996) and Seiford and Zhu 

(1999) developed a number of super-efficiency models to determine the efficiency of stability 

regions.  Anderson and Peterson (1993) used the CRS super-efficiency model to rank efficient 

DMUs. Wilson (1995) used the super-efficiency model in detecting influential observations and 

Thrall (1996) used the super-efficiency model in identifying the extreme efficient DMUs. Banker 

and Chang (2006) have used super-efficiency models to identify outliers in the data and argued 

that super-efficiency should not be used for ranking extreme efficient units. 

                                            Anderson and Peterson (1993) failed to notice that as DMU k is 

compared with everyone else except itself, the solution to the LP problem can become infeasible. 

This was noted by Banker and Gifford (1989) and reported by Thrall (1996) and Banker and Chang 

(2006). Thrall (1996) shows that the super-efficiency CRS model can be infeasible. However, 

Thrall (1996) fails to recognize that the output-oriented CRS super-efficiency model is always 

feasible for the trivial solution which has all the variables set equal to zero. Zhu (1996) showed 

that the input-oriented CRS super-efficiency model and output-oriented VRS super-efficiency 

models is infeasible if and only if a certain pattern of zero data occurs in the inputs and outputs. 

Authors have suggested several methods to overcome infeasibility. However, the FPA approach 

proposed by Cheng and Zervopoulos (2011) is used in this study due to its availability in the 

software used for other analysis. 
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Figure 3.16. Graphical illustration of evaluating super-efficiency of DMU 3 (Created by the 

author. Source, Parthasarathy,2010)  

In FPA approach a proxy unit for the efficient DMU is found on the frontier for the efficient DMU 

and this is projected on to the frontier constructed by other DMUs (Cheng and Zervopoulos,2011). 

The infeasibility issue remains still a researched topic in DEA. 

                         The standard envelopment form or multiplier form of the super-efficiency model 

resembles the CCR and BCC models described in section 3.3.2 and 3.3.3 above except that the 
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DMU under evaluation DMUe is not included in the reference set. In other words, when evaluating 

DMUe, it is compared with all other DMUs and their convex combinations except itself. 

           The standard multiplier form of the super efficiency CRS model when the orientation is 

input minimization is shown below Super- LP1(3.16) (Anderson-Peterson,1993). 

   hk= Max 
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      The methodology enables an extremely efficient unit k to achieve an efficiency score greater 

than 1, by deleting the k th constraint in the primal formulation as shown above. The difference 

between the basic CCR model and Super efficiency model is the exclusion of DMU in the 

constraint set where j≠k. This enables outputs to be maximized without restriction and in turn, 

makes it possible to rank efficient units. 

     The envelopment form of the input-oriented super-efficient model as shown below computes 

the distance between the Pareto frontier evaluated without unit k and the unit itself i.e. for 

j=1,2,3…n and j≠k, and shown below Super-LP2 (3.17) (Zhu,2003).                       
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The standard envelopment form for the output-oriented super efficiency CRS model is shown 

below Super-LP3 (3.18) (Zhu,2003). 
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     The VRS counterparts of the above three SE model equations have the additional convexity 

constraint
1

1
n

j

j
j k





  to the input-oriented model and 
1

1
n

j

j
j k





  for the output-oriented model 

(Anderson and Peterson,1993).  

     In the input-oriented model Super-LP2, the objective function value θk gives the savings in the 

input that a super- efficient DMU exhibits when compared to other DMUs. The higher the value 

of θk, than 1 for a super-efficient unit the greater the input saving in the unit. The super-efficient 

unit can increase its current input usage by (θk-1) x100% proportionately and remain efficient. 

Therefore, only super-efficient units will have θk values greater than 1 while using CRS or VRS 



PERFORMANCE MEASUREMENT-DEA  
 

85 
 

super efficiency models and hence can be ranked using S-E score. The efficiency scores of the 

non, super-efficient units will remain the same irrespective of whether you use the normal model 

or the super-efficient model and will not affect the contour of the production possibility set 

(Charnes et al.,1991). 

                        Super-efficiency models can be used for the following purposes (Lovell& 

Rouse,2003, Bhatti et al.,2014); a) Ranking of efficient DMUs b) Classification of DMUs in to 

extreme- efficient and non-efficient groups, c) Sensitivity of efficiency classifications, d) Two-

person ratio efficiency games, e) Identifying outliers in the data, f) Overcoming truncation 

problems in second stage regressions intended to explain variation in efficiency, g) Calculating 

and decomposing a Malmquist productivity index. 

                       In the formulation of the super-efficiency model, the DMU0 under evaluation is 

excluded from the reference set as shown in the Figure 3.16 above, thereby producing a super-

efficiency score for each DMU. However, under certain conditions, this procedure can lead to 

infeasibility. According to Charnes, Cooper, and Thrall (1991), the DMUs can be partitioned into 

four categories E, E’, F and N. DMUs E are the set of extreme efficient DMUs, E’ are DMUs that 

are not extreme points. DMUs E’ can be expressed as a linear combination of the DMUs in set E. 

The third class of DMUs F, are those that are with non- zero slacks and lie on the edge of the 

frontier and not on the frontier itself. These are usually called weakly efficient. The fourth set of 

DMUs N, are inefficient DMUs. When DMU0 belongs to E’, F or N, DEA models are always 

feasible and equivalent to the original DEA models. We must consider the case of extreme efficient 

unit E. Zhu (1996) showed that input-based SE-CCR model is infeasible if a certain pattern of zero 

data occurs in the inputs and outputs and similar infeasibility occurs in the output-oriented VRS 

model. 
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3.4.2 Cross –Efficiency Models:  

                       Although DEA has proved to be an effective approach in identifying the best 

practice frontier, its ability to choose weights independently and its nature of self -evaluation has 

been criticized. The cross-efficiency method was developed as an extension to DEA to rank DMUs 

(Sexton et.al., 1986) with the idea of doing peer evaluation of DMUs rather than allowing it to 

operate purely in a self-evaluation mode. Doyle and Green (1994), further investigated Cross-

Efficiency. The two main advantages of the cross-evaluation method are one, it provides an 

ordering among DMUs and second, it eliminates unrealistic weight schemes without requiring 

experts from application area to endorse the weight restrictions (Anderson et al.,2002). 

             Cross-efficiency has been used in various applications. Sexton et al.,1986 used it in 

efficiency evaluation of nursing homes, Oral et al.,1991 used it in R&D project selection  and  

Greene et al., 1996 used in preference voting and project ranking using DEA and cross-evaluation. 

            According to Doyle and Greene (1994), the usefulness of cross efficiency is reduced by the 

non-uniqueness of DEA optimal weights/multipliers. The cross-efficiency scores obtained from 

the original DEA methodology are generally not unique. Therefore, it may be possible to improve 

DMU’s cross efficiency performance rating based on the choice of the alternate optimal solutions 

to the linear program (Cook and Zhu,2005). But this can be done only by worsening the rating of 

the others. Sexton et al., (1986) and Doyle and Greene (1994) proposed a secondary goal to deal 

with the non- unique DEA solutions. They developed aggressive and benevolent model 

formulation to identify optimal weights that not only maximizes the efficiency of a DMU under 

evaluation but also minimize or maximize the average efficiency of other DMUs. 
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             The concept of cross-efficiency is illustrated by adopting the cross-efficiency matrix from 

Doyle and Greene (1994) in Table 3.3 as below. 

                           There are six DMUs and Edj, is the cross efficiency of DMUj based upon a set of 

DEA weights calculated for DMUd. The DMU weights calculated as above gives the best 

efficiency score for DMUd under evaluation by a DEA model. The cross efficiency for a given 

DMUj is defined as the arithmetic average down column j given by E̅j. 

                            Let us say there are n, DMUs and each DMUj has s different outputs and m 

different inputs. The ith input and rth output of DMUj (j=1,2, 3, .... n)  as xij ( i=1,2,3,..m) and yrj 

(r=1,2,3…s) respectively. Cross- efficiency is calculated in two phases. 

                     In phase 1, DEA scores are calculated using the CRS model of Charnes et al. (1978). 

In phase 2, the multipliers arising from phase 1 are applied to all peer DMUs to arrive at the cross 

-evaluation score for each of the DMUs (Cook &Zhu, 2015). 

Table 3.3. Cross-Efficiency Matrix (Constructed by author, Source: Doyle and Greene,1994) 
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The output-oriented CRS multiplier CE model is given below.  
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 And the input-oriented CRS multiplier model is given below. …….  
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                ………. (3.20) 

                     With the addition of the convexity constraint, the above models will become VRS 

output and input-oriented Cross-Efficiency models. 

                    The cross efficiency goes beyond self -evaluation that is inherent in the regular DEA 

analysis and combines this with another (n-1) scores obtained using peer multipliers. This 

approach was originally proposed by Sexton et al., (1994), and was further investigated by Doyle 

and Greene (1994). An ordering among DMUs to differentiate between good and bad is provided 
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by Cross efficiency thereby eliminating the need for additional weight restrictions on multipliers 

(Anderson et al., 2002). 

           As per Doyle and Greene (1994), cross –efficiency is a complement to simple efficiency. 

Cross efficiency can be used to overcome the problem of maverick DMU. Cross efficiency can be 

used to distinguish among 100%efficiecnt DMUs thus establishing meaningful ranking within that 

set. Mavericks are those DMUs that enjoy the greatest relative increment when shifting from peer 

efficiency to simple efficiency. When we say a DMU is maverick it means that this DMU operates 

far from rest of the DMUs. 

 Maverick Index is calculated by using the formula (Doyle &Greene, 1994) 

     Mk = (Ek – ek)/ ek   ………(3.21) 

  Where Ek = Simple efficiency from the conventional DEA model. 

   and ek   =   Mean cross efficiency score. 

A DMU would be classified as a maverick if its simple efficiency is very high and its peer 

efficiency is very low leading to a low peer efficiency and a high maverick indicator.  

 3.4.3 Weight Restrictions in DEA  

                                In the above analysis, in basic DEA models that are used to evaluate efficiency, 

no judgment has been made about the importance of one input versus another and also assumed 

that all the outputs had the same importance. However, in real life, the importance of various inputs 

and outputs varies.  

             Weight restrictions were first used by Dyson and Thanassoulis (1988) to utilize top 

corporate objectives on the relative importance of inputs and outputs used in the assessment of 
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London Boroughs and Metropolitan District rates department. Charnes et al., (1990) developed a 

model that can impose constraints on the weights to control how much a DMU can freely use the 

weights to become more efficient. However, Thannasoulis, Dyson, and Foster (1987) found the 

preselection of DMUs may not be a good approach in their study of tax rates department (rate-

collection function of London Boroughs and Metropolitan District Councils.). Thompson et al., 

(1990) developed assurance region models (AR) or cone ratio models that is a generalized version 

developed by Charnes et al., (1990). This means that lower bounds and upper bounds can be 

established on the ratio of weights of a given pair of inputs or outputs, in such a way that DMU 

cannot freely choose weights to become efficient through using excessive outputs or insufficient 

inputs. In other words, the DMUs will use their inputs and outputs within a range that are as per 

policy or managerial requirements. This approach was called Assurance Region (AR1). Thomson 

et al., (1986) introduced ARII concept where restrictions are imposed on the ratio of input and 

output weights. Podinovski and Chameeva (2015, 2016) used consistent weight restrictions with 

production trade-offs in their weight restriction models. 

                  A review of various weight restriction methodologies and their origin is presented in 

Allen et al., (1997) and Thannasoulis (2004) and these authors have discussed the advantages and 

limitations of different approaches. The weight restrictions that are included in DEA models can 

be classified as direct restrictions to weights and restrictions to virtual weights. 

                  Under direct restrictions to weights there are three types of weight restrictions viz; 

Absolute weight restrictions, Assurance Regions Type 1(AR1) and Assurance Regions Type II 

(ARII). The restrictions to virtual outputs or inputs are called virtual weight restrictions and were 

originally proposed by Wong and Beasley (1990). 
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                  The following Figure 3.17, illustrates the concept of assurance region for the three 

styles of inputs in the heavy equipment dealership. By drawing lines from the origin, these styles 

can be identified by choosing the extreme use of either input. For example, the line drawn from 

the origin passing through DMU25 represents a situation that uses more service sales and less of 

parts sales proportionately. On the other hand, the line passing through DMU15 represents a high 

usage of parts sales with a proportionately less use of service sales. The other two lines going 

through DMU1 and DMU 18 shows a more balanced usage of either input. The three styles of 

usage pattern can thus be identified. Each of these styles can be shown in a cone in which the tip 

of the cone is the origin and hence the name cone ratio. If the manager of the branch decides that 

style one and style three are not an acceptable practice, then the manager can impose restrictions 

as per style two. For all practical purposes style two, can be termed as assurance region where the 

DMU operates efficiently. 

                         The following ratios with upper and lower bound restrictions to impose restrictions 

on input or output weights can be written as (Ozacan,2014) 

1,2,3....i

ik ik

k

v
L U where i m

v
   …………. (3.22) 

   vi   and vk represent the weights for two different inputs and Lik   and Ui,k    denotes the lower and 

upper bound on this ratio respectively. This indicates that there are possibilities to calculate many 

such ratios by establishing   their lower and upper bounds.  There are three outputs as in the present 

research, there can be 3! (n!) ratios, six ratios can be calculated(Ozcan,2014). However, for the 

manager the proper selection of ratios should be influenced by industry requirements so that policy 
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and managerial implications can be tested appropriately. Finally, weight restrictions can also be 

used between input and outputs.  

                     In the current research parts, sales and service sales contribute to more profitability 

than the total sales of equipment. Similarly, gross margin and sales revenue from equipment, 

service, and parts is a very important measure of profitability in all corporate organizations. These 

weight restrictions will be used in the analysis in Chapter 5.DEA in its original form allows total 

flexibility in the selection of weights such that each DMU will achieve maximum efficiency rating 

feasible for its input and output levels.                             

 

 

Figure 3.17. Conceptualization of Assurance region for inputs (Constructed by the author) 
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                                The prior knowledge of the relative values of inputs and outputs and then 

incorporated into the DEA model is called weight restrictions or value judgment. A value judgment 

is considered as a logical construct incorporated within an efficiency assessment study, reflecting 

the decision maker’s preferences in the process of assessing efficiency (R. Allen et al., 1997). 

3.5 Network DEA: 

                       So far, the models reviewed in DEA to measure efficiency have considered the 

DMU as a complete system but ignoring the structure within the system. In other words, the DMU 

is treated as a black box (Fare & Grosskopf, 2000) where resources used as inputs produce outputs 

and there is a positive correlation between the two. In their study on efficiency Wang, Gopal and 

Zionts (1997) showed that bank operations had two processes collection of capital and investment 

and that the efficiency of the bank depends on the performance of both these divisions. A system 

may be evaluated as efficient using classical DEA but may be termed inefficient using network 

DEA. Similarly, there are DMUs where there are many processes that have a bearing on the 

performance of DMU. Such processes may have a parallel structure, series structure or a mixed 

structure. These structures are generally called network structures and the DEA technique to 

measure the efficiency of systems with a network structure is called network DEA (Fare & 

Grosskopf, 2000). 

                    To understand the transformation process in the black box Fare and Grosskopf (2000) 

used a new formulation called Network- DEA (NDEA) model and it has proved fruitful in practical 

applications. They present three general net-work models; 1) A static network model where a finite 

set of sub-processes or activities are connected to form a network. This model helps to study the 

processes that are not visible in the black box approach of DEA.2) A dynamic network model 

structure enables one to analyze a sequence of production technologies. In this situation, a decision 
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at one stage (e.g. time) impacts process at later stages. Here the intermediate products are 

accounted wherein outputs of one stage becomes inputs in the subsequent stage.3) A technology 

adoption model is the simplest model that allows analysis of production on different processors 

(e.g. machines) to allow one to determine the choice of technology. 

                         Castelli et al., (2001) described a network model that evaluates the efficiencies of 

each of several interdependent sub-units within a larger DMU, called sub DMU. It is important to 

note that you may get misleading results by ignoring the operations of the component process (Kao 

&Hwang, 2008). There are also instances in which all the internal processes of a DMU have 

performances that are worse than those of the DMU and yet the former has better system 

performance (Kao& Hwang, 2008). Therefore, these findings indicate that while measuring 

efficiencies network DEA is needed for measuring the performance more accurately. Several 

models related to the basic two-stage system were reviewed by Cook, Liang and Zhu (2010), where 

there are only two processes connected in series and the second process consumes all the outputs 

from the first process for production. Other network models such as shared flow and multilevel 

models were reviewed by Castelli, Presenti, and Ukovich (2010). However, there are several types 

of models that have still not been studied. Some of these models are related to the type of data such 

as probabilistic data, qualitative data, fuzzy data and incomplete data and some models that study 

the dynamic analysis of network systems (Kao, 2014). 

                          There are many types of structures in Network systems and every study on 

network DEA is associated with a structure that is very specific to the business organization. A 

network model for measuring efficiency is developed based on the needs of the business 

organization for practical applications.  It is found from Studies on NDEA as mentioned in the 

literature review in Chapter 2 that efficiency of a DMU is very much dependent on the internal 
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structure of the DMUs. Therefore, it is proposed to study in the current research, the internal 

structure of the DMU   so that the cause of inefficiencies in the internal structure if any can be 

identified. 

                              As indicated in the schematic diagram of the internal structure of DMU, Fig 

3.18 the DMU has three components. The three components, the sales operations, service 

operations and parts operations form the three sub DMUs of the DMU.  

                            All the above operations in a DMU happen independently and are not dependent 

on each other. In other words, all of the above operations happen independently and therefore 

follow a parallel structure. The following is the analysis of the structure of the heavy equipment 

distributor under study. 

 

Figure 3.18. Internal Structure of the branch (DMU) under study 

a) The Main distributor of the heavy equipment has thirty-three business units across Canada. 

In other words, each branch is a DMU and is an independent decision-making unit. 
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b) In each of these units, there are three different subunits called Sales, Service and Parts 

operations. Each of these sub DMUs, operate independently and are parallel in nature. 

Therefore, from the above it is clear that the DMU is a combination of three sub DMU, having a 

parallel structure. Therefore, the efficiency of a subunit can also be computed as a parallel model. 

Then Summation of the efficiencies of the three sub DMUs will be the efficiency measure of a 

single DMU(Kao,2009). The efficiency of the distributor is the summation of the efficiency of 

thirty-three   DMUs under study. 

                  In the current research efficiency of DMU will be studied using the following two 

Network DEA models. 

1) Network DEA: Using Parallel Structure. 

2) Network DEA: Two-stage structure 

    The application of the above two Network DEA models is given in Chapter 5. 

3.5.1. Efficiency Measurement of Parallel Structure Model: 

                      The CCR model (Charnes et al., 1978) measures relative efficiency of DMUs that 

use the same inputs to produce the same outputs. Let us consider there are n DMUs. The k th DMU 

utilizes m inputs X ᵢk, i =1, 2, 3… m to produce s outputs Yrk, r =1,2,3…s. Its efficiency Ek is 

calculated by the following CCR model. Model 1 (Kao, 2009). 
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 ………. (3.23) 

Here ur   and vi   are the most favorable multipliers to be applied to the r th output and ith input for 

DMU k in calculating its efficiency Ek. is a small non- Archimedean constant that ensures that 

all inputs and outputs are included in the calculation however small they may be. 

                          In the real world of heavy equipment distributor efficiency study as above, there 

are thirty-three DMUs each using the same inputs to produce the same outputs. The firm ’s outputs 

and inputs are the sums of all DMUs inputs and outputs. Each DMU has a parallel structure and 

has sub DMUs. Let us consider a general case of a DMU k with q production units as in the figure 

3.19 below. 

                     Each production unit p, p=1,2…q converts inputs 
p

ikX   ,  i = 1…m into outputs  
p

rkY    

r =1,2…s independently. The sums of all
p

ikX   over p, 
1

q
p

ik

p

X


     and all 
p

rkY      over p, 
1

q
p

rk

p

Y


    are 

the input X is and output Y 
rk   of the system respectively  (Kao, 2009). A parallel DEA model 

calculates the efficiency of the entire system as well as the efficiencies of individual production 

units that are sub-DMUs. The conventional CCR model 3.28 as above, measures the performance 

of a DMU in terms of efficiency. On the other hand, efficiency can also be measured from the 

inefficiency point of view. 
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Figure 3.19. Parallel Network Structure (constructed by author. Source: C. Kao,  2009) 

as the complement of efficiency Ek, is inefficiency 1-Ek. The objective of maximizing efficiency is 

equivalent to minimizing inefficiency. From, the above model 3.23, the inefficiency of DMU k is   

= 
1

1
s

r rk

r

u Y


   

 This is equal to the slack ks   in the equation,       

                                                 

1 1

0
s m

r rk i ik k

r i

u Y v X s
 

      

Please note that  
1

m

i ik

i

v X


  is equal to 1 as per the condition of model 3.23. 

 Now model 3.23, is equivalent to the following program (Kao, 2009). 
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 The slack variable Sk represents the inefficiency score. 

In the parallel production system, each input/output of the system is the sum of all its production 

units. Therefore, we have 
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……… (3.25) 

   Where 𝑋𝑖𝑘
𝑝

       and 𝑌𝑟𝑘
𝑝

   are the ith   input and rth    output of the pth production unit within this 

DMU k. Please note 
1 1

( )
s m

p P

r rk i ik

r i

u Y v X
 

     in the above equation 3.25 represents the 

production mechanism of the pth   production unit(Kao,2009). This must be non-positive in 
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determining the most favorable multipliers ur   and vi for DMU k to fulfill the definition of 

efficiency. 

Let 𝑠𝑘
𝑝
  denote the slack associated   with the pth    production unit. 

Total slack of the system Sk, can be allocated to its q production units 

                         
1

q
p

k k

p

s S


  and   the last equation 3.25 can be written as 

            
1 1 1

0
q s m

p p p

r rk i ik k

p r i

u Y v X s
  

 
   

 
   ……………….3.26        (Kao,2009) 

Each quantity in the parentheses is equal to zero, the following are the q constraints.  

               
1 1

0, 1,2,3..
s m

p p p

r rk i ik k

r i

u Y v X s p q
 

     …….. (3.27)    (Kao,2009) 

                           The constraint associated with each DMU other than k in the model (3.24) is 

replaced by the same constraints corresponding to its q sub-DMUs. Each DMU can have a different 

number of sub-DMUs. For simplification of notation, a common number q is used. The DEA 

model for calculating the relative efficiency of a set of n DMUs, that has q parallel sub-DMUs is, 



PERFORMANCE MEASUREMENT-DEA  
 

101 
 

            

1

1

1 1

1 1

,

min ,

. 1,

0, 1,2,3....

0, 1,2,3... , 1,2,3.. ,

, 1,2,3.. , 1,2,3..

q
p

k

p

m

i ik

i

s m
p p p

r rk i ik k

r i

s m
p p

r rj i ij

r i

r i

S

s t v X

u Y v X s p q

u Y v X p q j n j k

u v r s i m





 

 



   

    

  





 

 

 …….. (3.28)    (Kao,2009) 

  The above model will be solved n times once for each DMU to calculate the inefficiency slacks 

of the systems as well as their sub-DMUs. The decision maker can identify the sub-DMUs with 

large inefficiency slacks by decomposing inefficiency, accordingly make improvements (C. 

Kao,2009). 

The efficiency score of the wth, production unit of the kth DMU is not 1- 𝑠𝑘
𝑤. This is because  
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As per the second constraint of model 3.28, 𝑠𝑘
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The main difference between the parallel DEA and the conventional DEA model is that the 

constraint for each DMU has been replaced by those associated with the sub-DMUs. 

                           As per equation 3.25, the sum of constraints associated with the production units 

is equal to the constraints of the system. Alternately the constraints of model 3.28 are stronger than 

the constraints of model 3.24. This makes the efficiency score calculated from the DEA model 

smaller than that calculated from the conventional model. This will be verified using real-life data 

from the heavy equipment dealerships of sales, parts and service operations input /output data (C. 

Kao, 2009). 

                          The above model is under the assumption of constant returns to scale (CRS) which 

means that a relative increase in the input will result in the proportional increase in its output. The 

above model can be studied under variable returns to scale, the BCC model by adding a convexity 

constraint   0eU . BCC model measures the pure technical efficiency. 
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………  (3.29) 

                         The variable U0e determines the type of returns to scale and if less than 0 then it is 

decreasing returns to scale, greater than zero then it is increasing returns to scale and if equal to 0 

then it is constant returns to scale (Amirtemoori et al., 2013). The model is applied to the heavy 



PERFORMANCE MEASUREMENT-DEA  
 

103 
 

equipment dealership under study as below. The, figure3.18 shows a sample of network DEA of 

each sub DMU of sales, service and parts operation each with one input and one output. 

                     There are many types of structures in Network systems and there is a structure 

associated with every study on network DEA and that is very specific to the business organization. 

A network model for measuring efficiency is developed based on the needs of the business 

organization for practical applications. Various network structures have been reviewed in-depth in 

literature review and methodology. 

3.5.2 Network DEA Two Stage Process: 

                         In the current study of the efficiency of the heavy equipment retailing organization, 

a branch’s operation can be viewed as a multistage process in series with intermediate products. 

In a branch operation, the inputs are number of employees, the area of the facility, total department 

expenses and total COGS of the branch. With these inputs equipment sales, rental sales, service 

sales, and parts sales are realized. In other words, realizing sales can be viewed as a first 

intermediate stage in generating profit. Generation of profit margin by selling equipment, rentals, 

service, and parts can be viewed as a second stage. In short, the process can be considered as a 

process in tandem where branch sales are the first intermediate product and generating profit 

margin is the second stage.  

    For a system such as the above the relational two-stage model of Kao & Hwang, 2008 can be 

applied and efficiency can be calculated. The process is depicted in figure 3.20 as below. The 

inputs are Xmk   and outputs are Ysk and Zqk   are an intermediate process. 
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Figure 3.20. A system with inputs X and Y and intermediate products Z (Kao & Hwang, 2008). 
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…(3.30) 

  After the optimal multipliers * * *,r i pu v and w  are solved the efficiencies are obtained as below. 
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Therefore,  kE = 
1

kE x
2

kE  ………………………. (3.31)      (Kao&Hwang,2008) 

3.6: Bootstrap DEA. 

                              The accuracy of statistical estimates can be determined by a computer based   

statistical method called bootstrapping. Bootstrapping   was first introduced by Efron in 1979   who 

obtained the sampling properties of random variables using computer-based simulations.  

Bootstrap is a method where   sampling is done repeatedly from a given data set and a new random 

data set of the same size as the original is created. This new data set is called replicates and the 

necessary statistics of   the new data set can be calculated and this process is repeated to create a 

sample of replicates.  One can draw inferences and conclusions about the distribution of the 

statistics based on this sample (Bogetoft and Otto,2013).  

                                    Let us consider a sample of n observations x1, x2, ......…..xn.. Let us assume 

that we have observed 7 numbers 90,202,25,48,108,156 and 38. The mean of this data is x̅ is 92.43 

and the (unbiased) standard error s is 65.54. The standard error is s/√n and is equal to 24.78. The 

standard error is easy to calculate when there is a formula. However, we do not always have such 

a formula for standard error or variance (Bogetoft and Otto,2013). Similarly, for determining the 

median and variance of the median, formula is also not available easily. In such situations, the 

bootstrap method is a handy tool (Bogetoft and Otto,2013). 

                             In this case, a bootstrap sample is a random sample obtained by sampling seven 

data points as above with replacements from the original sample. The bootstrap sample could be 
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xb = (x6, x1, x4, x1, x3, x3, x5) i.e. 156,90,48,90,25,25 and 108. Based on this bootstrap sample we 

can estimate the statistic t(xb) median that we are interested in. We make B bootstrap replications 

instead of calculating the standard deviation of the median. We calculate t(xb), the median for each 

bootstrap replication (Bogetoft and Otto,2013). 

                         The bootstrap estimate of the standard error of t(x) with B replications is 

s̅B = 

2
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                        ………………….   (3.32) 

 is the mean over the replications of the statistic that we are looking for. The principle of the 

bootstrap method is that if the empirical distribution of xb corresponds to the true distribution x, 

then the empirical distribution t(xb) will correspond to the true distribution t(x). If we are interested 

in the variance of the median t(x), that is difficult to determine, then we can simply use the 

empirical variance of the median of the bootstrap t(xb) that is much easier to obtain. 

  The following is the bootstrap algorithm for estimating standard errors (Bogetoft and Otto,2013). 

1) Select B independent bootstrap samples x1, x2, x3……… xn, a sample is drawn with 

replacement from our data set. 

2) Calculate the estimate for each bootstrap sample; 

    t(xb) (b=1………B) 

3) Estimate the standard error using the sample standard error of B replications, 
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 ………………….. (3.33 & 3.34) 

 

  Figure 3.21. Basic DEA Frontier  

              We can use the above figure to understand how bootstrap DEA works. In the Figure 3.21 

the output efficiency of R is RS/PS and the output benchmarks for R is units, O and Q. The 

opportunity for output increase is RP. One of the criticisms of DEA is that it automatically assumes 

that all distance between an observation and the efficient boundary (RS) reflects inefficiency. 
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However, inefficiency and noise are the components in the distance of an observation from the 

efficient boundary. This is since the data used in DEA may have errors due to measurement, 

omission or outliers.  

 

       Figure 3.22. Bootstrapping in DEA (Source: Simar & Wilson, 2011) 

                           Bootstrapping can be used in DEA to correct efficiencies for bias and to estimate 

confidence intervals on the assumption that the data is subject to random noise. 

                To account for noise in DEA and for more consistent results, several studies by Efron 

1987, Xue & Harker,1999; Lothgren &Tambour 1999, have suggested the use of bootstrapping. 

Simar and Wilson (1998, 2000), constructed confidence intervals for DEA scores using a 

bootstrapping method. The method used by Simar and Wilson involves smoothing the empirical 

distribution by employing the simulation of a true sampling distribution by using outputs from 
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DEA. Drawing a replacement sample from the observed DEA efficiencies is equal to drawing the 

sample from the population itself. By sampling repeatedly from the observed DEA efficiency score 

an empirical sampling distribution can be constructed. By this process a new data set is generated 

and DEA scores are re-estimated using this data set. By repeating this process many times (say 

2000 or 3000 times) an approximation of the true distribution population of the DMUs can be 

obtained(Ozcan,2014). 

                           The data used in DEA has random noise and therefore, bootstrapping is used to 

correct DEA efficiencies for both bias and to estimate confidence intervals. It is assumed that the 

probability distribution of observed DEA efficiencies imitates the true but unknown parent 

population of DEA efficiencies(Thannassoulis,2010). Therefore, if from observed DEA 

efficiencies a replacement sample is drawn it is like drawing a sample from the population itself. 

An empirical sampling distribution can be constructed for the DEA efficiencies of units by 

sampling repeatedly from the observed DEA efficiencies. The confidence intervals of the DEA 

efficiencies are estimated from the empirical sampling distribution. 

                      In Figure 3.22, it is assumed that the distances QDEA -Q*DEA are distributed similar to 

the distances Q-QDEA in bootstrapping process. 

  3.7 Effect of Contextual variables on Efficiency scores. 

 

 3.7.1 Introduction:  

                     The CCR and BCC models discussed so far gives efficiency scores and extended 

models such as weight restrictions, super efficiency, and cross efficiency were used to get more 

discriminating power out of the analysis and to rank the efficient units. However, the reasons for 
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differences in efficiency across the DMUs were not explored as the basic models of CCR and BCC 

only give the efficiency scores under constant returns to scale and variable returns to scale 

respectively. There have been several studies made to find the differences in efficiency scores and 

how it is dependent on the external operating environment. The factors of the external operating 

environment are called contextual variables (Banker and Natarajan,2008). External variables 

include the form of ownership, location characteristics, labor relations and government regulations 

to mention a few. The characteristics of the external environment may influence the capacity of 

DMUs to transform inputs to outputs. Therefore, there has been researches in DEA to analyze 

factors that contribute to productivity differences. 

              Studies on the effect of contextual variables on the efficiency can be broadly classified 

into three categories: the frontier separation approach, the all-in-one approach and the two-stage 

approach (Fried et al.,1999). In the frontier separation approach, the data set is stratified according 

to a single categorical variable that characterizes the different external environments e.g., 

ownership structure. The reference frontiers are calculated for each sub sample and for each pooled 

data set. The units are evaluated relative to their subsample and the pooled frontier. The sub sample 

and pooled efficiency scores are compared and then the effect of the external environment on 

operating inefficiency is determined by projecting all inefficient units on to their respective 

frontiers. This procedure can handle only one categorical variable and needs a priori selection of 

the most crucial factor of the operating environment (Fried et al.,1999). 

               The second approach is known as an all-in-one approach where the variables of the 

external environment are included directly into the linear programming formulation along with 

inputs and outputs. This can take as many variables as possible unlike only one categorical variable 

in the frontier separation approach. However, the external factors must be treated as inputs or 
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outputs in this approach prior to the analysis. If the factors are classified as inputs, then more 

outputs must be produced and vice versa. If the purpose of the study is to test whether an operating 

environment is favorable or unfavorable then this method of choosing factors as inputs or outputs 

in not suitable. The scores assume that all inputs can be reduced in input orientation and all outputs 

can be expanded in output orientation (Fried et al.,1999). 

             The third approach is known as the two-stage approach. In this approach, the outputs and 

inputs are used in the LP formulation and the efficiency is calculated in the first stage. The 

efficiency scores are then used as the dependent variable and the environmental factors are used 

as independent variables in a second stage regression. Some studies use ordinary least squares 

(OLS) and some studies use a Tobit regression model. The two-stage approach has an advantage 

of testing the effect of contextual variables on the production process in terms of both significance 

and sign (Fried et al.,1999). 

    Some of the researches carried out using two-stage DEA are; Eliyasu and Mohammed (2016) 

used ordinary least squares(OLS) to evaluate contextual factors affecting the technical efficiency 

of freshwater pond culture systems in peninsular Malaysia. Ko et al.,2017 used Tobit regression 

to analyze the efficiency of retail chain stores in Korea. Mujasi et al.,2016 used Tobit regression 

to study the efficiency of hospitals in Uganda. Marschall and Flessa (2011) used Tobit regression 

to study primary care in rural Burkina Faso. Gillen and Lall (1997) studied airport efficiency using 

Tobit regression, Tripathy, Yadav, and Sharma (2010) used Tobit regression to study the efficiency 

of pharmaceutical firms in India. 

                       In this study, the two-stage approach using both OLS (Ordinary Least Squares) and 

Tobit regression will be used to study the effect of contextual variables on efficiency scores. 
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3.7.2 Ordinary Least Squares Regression (OLS) method: 

                              Banker and Natarajan (2008), reported that the use of OLS (ordinary least 

squares) regression modeling as the most appropriate technique to study the effect of contextual 

variables on the DEA score. Ray (1991) has regressed DEA scores on several socioeconomic 

factors to identify key performance drivers in school districts. There are many studies where the 

two-stage approach is used to first calculate productivity scores and then finding if these scores 

can be correlated to environment variables (Forsund,1999). In a two-stage study based on DEA, 

the efficiency scores are calculated for each DMU in the first stage based on the data of inputs and 

outputs. These efficiency scores are then regressed on the environmental factors to find out if the 

effect of environmental factors on productivity is statistically significant. The regression methods 

used are OLS (Banker and Natarajan,2008) or Tobit regression. According to Banker and 

Natarajan (2008), the two-stage method either with OLS or Tobit regression performs statistically 

better than other methods. The OLS regression model as per Banker and Natarajan (2008) is  

  Technical Efficiency (T.E) = β0 = 
1

n

i i

i

z 


 ………. (3.35) 

    Where TE is the efficiency score from CCR model, βi denotes unknown parameters to be 

estimated are contextual variables and δ is the error term. 

                            In the current research dependent variables are DEA bootstrapped CRS and VRS 

scores and the five contextual variables are the total population of the city where the branch is 

located, capital expenditure on machinery and equipment by the federal government, competition 

index, number of competition stores and squared number of competition stores.  
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                               The population data of each city where the branch is located and the capital 

expenditure on machinery and equipment were collected from the Statistics Canada database for 

the year 2014. The number of competition stores in each city where the branch is located was 

compiled from the data base of the various equipment manufacturers’ organization. The 

competition index HHI is Herfindahl-Hirschman Index is a statistical measure of concentration 

used in economics to measure competitive effects (Naunberg et al.,1997). HHI is a measure of the 

number of firms in a market as well as concentration and is calculated by squaring the market share 

of all firms in a market and then summing the squares as below. 

       HHI   =  ∑ (𝑴𝑺ᵢ)𝒏
𝒊=𝟏

2      …………….  (3.36) 

MSi represents the market share of firm i and n represents the number of firms in the market. The 

data of market share was obtained from trade and industry journals(statista.com). 

3.7.3 Tobit Regression: 

                            According to Chillingerian,1995, DEA scores resemble truncated or censored 

distributions shown in econometrics and statistical literature. Since DEA scores are not truncated 

above value the of 1, it is more of a censoring of the efficiency scores at 1 for efficient units. In 

such cases, Tobit regression may be helpful as an alternative to OLS regression. Tobit regression 

has been used in the second stage to study efficiency of Finnish secondary schools (Kirjavainen 

&Loikkanen,1998), Efficiency of retail chain stores in South- Korea (Ko et al.,2017), Efficiency 

of Pharma firms in India (Tripathy et.al.2013) and Airport productivity and performance 

(Gillen&Lall,1998).  
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                  The Tobit model is used to analyze the factors that affect technical efficiency. Tobit 

model is also known as truncated or censored regression model. The technical efficiency function 

of DMUs can be written as  

1 1 2 2 3 3 4 4 5 5o i
Technical Efficiency x x x x x                …..(3.37)                       

                                                                                                                                                                                 

Where β0 indicates technical efficiency, α is a constant, Tobit coefficients that indicate how a one 

unit, change in an independent variable, changes the latent dependent variable. 
1 5
.........x x , 

indicate the five contextual variables as mentioned above, 
1 5
........   indicate the coefficient of 

independent variables (contextual variables) and 
i

 is the error term assumed to be normally 

distributed with mean   and standard deviation   

 3.8: Outliers in Data Envelopment Analysis. 

3.8.1 Introduction: 

                 Data Envelopment Analysis uses extreme observations to identify performance and 

therefore the efficiency estimates are quite sensitive to the presence of outliers (Sexton et al.,1986). 

Outliers may be difficult to identify as each record describing an observation is typically a high 

dimensional vector with multiple inputs and outputs. Outliers may occur due to recording or 

measurement errors or due to unusual characteristics that relate to factors and external environment 

or uncontrollable factors (Chen and Johnson,2010). The occurrence of Outliers can be associated 

with low probabilities. Outliers can give a lot of information when the associated observation differ 

greatly from the remaining data set (Sexton et al.,1986). 
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             An outlier does not have a generally accepted precise definition in the literature (Novaes 

et al.,2010). Outlier is often referred to as an observation that appears to be inconsistent with the 

remainder of the data (Simar,2003). The rigorous definition of an outlier is still elusive (Wen and 

Johnson,2010). In the context of efficiency estimation many authors term observations with 

significant influence on other’s efficiency estimates as influential observations (Pastor et al.,1999). 

An influential observation owes its influence on the fact that it is an outlier and forms part of the 

frontier (Chen and Johnson,1999). According to Pastor et al.,1999 and Simar (2003), an outlier 

need not be an influential observation as the influential observation is not far from the data cloud. 

           In the literature of non-parametric efficiency analysis, studies of Wilson (1995), Pastor et 

al., 1999 and De Sousa and Stosic (2005) focused on efficiency estimates and attempted to detect 

influential observations. Wilson (1995) and Fox et al., (2004) focused on outliers removed from 

the data cloud. Wilson (1995), Pastor et al., (1999) and De Sousa and Stosic (2005) used estimates 

of DEA efficiency and frontier concept to detected outliers. However, Simar (2003) finds that 

these types of approaches do not take the frontier aspect of the problem into consideration. There 

seems to be a significant limitation in the study of outliers as researchers focus on overly efficient 

outliers that have maximum influence on efficiency scores (Chen and Johnson,2010).        

                     The following table 3.4(Naidoo et al.,2016), provides a summary of the most 

prominent techniques used to detect outliers in DEA literature. Of the various methods listed above 

the following two methods will be used in this research to detect and remove outliers.  Banker and 

Chang’s method and Tran’s methods are used widely  in the literature. 

1) Super efficiency approach of Banker and Chang, 2006. 

2) The scalar method of Tran, Shively, and Preckel,2008.
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Table 3.4. A Literature review of Outlier studies in Data Envelopment Analysis. 

 

 

Item Srl# Methodology Approach Authors

1 Probablistic frontier production using a Cobb-Doglas production frontier

Method of removing a pre specified 

number of efficient firms till the frontier 

stabilized. Timmer,1971

2 Using super-efficiency model to screen outobservations with gross data errors

Banker and Gifford super-efficiency 

model Banker and Gifford ,1988

3 DEA-Super-efficincy 

Proposed a modified approach to rank 

eficient units based on super efficiency 

model Andeson and Petersen,1993

4 DEA

Extended methodology of Anderson 

and Peterson(1993) to cater for multiple 

outputs.The author finds that although 

an observation had a low probability of 

occurrence , it cannot be concluded that 

it is an outlier. Wilson,1993

5 DEA

Method in 4 was modified using super-

efficiency models and a model that was 

computationally less extensive was 

proposed. Wison, 1995

6 DEA with Bootstrapping

Proposed a bootstrap method  and 

approximated the sampling variation of 

the estimated frontier. Simar and Wilson,1998

7 DEA with Bootstrapping

The restrictive method of 1998 was 

alleviated by allowing for heterogenity 

in the structure of efficiency. Simar and Wilson,2000

8

Non-parametric estimator based on the expected minimum function or 

maximum output function.

The approach is related to DEA/FDH 

estimators of efficiency but is robust to 

outliers,noise and extreme values. Cazals,Florence and Simar,2002
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 3.8.2: Super -Efficiency approach to detect outliers (Banker and Chang, 2006): 

                   Of the many methods listed in table 4.5.1 to detect and remove outliers in DEA, the 

super-efficiency model of Andersen & Peter 1993, Banker & Chang,2006 is well accepted in the 

literature.  

                     DEA assigns an efficiency score of one to efficient units and a score of less than one 

to inefficient units. A score that is less than one means that by using less inputs a linear 

combination of efficient units from the sample could produce the same level of 

outputs(Novaes,2011). This score reflects the radial distance of the DMU under evaluation from 

the production frontier. From the basic DEA model all efficient units have a score of one and 

therefore no ranking is possible as all units have the same efficiency score 1. Banker and 

Chang,2006 argued that the super-efficiency model should not be used for ranking but they 

recommend it for screening out possible outliers thereby obtaining more reliable efficiency 

estimates.  

         The super-efficiency model compares the efficient DMU under evaluation with a linear 

combination of all other units and this is done by excluding the DMU itself from the sample 

(Banker & Chang,2006). Considering the BCC radial model, output-oriented VRS, the equivalent 

super efficiency model is obtained by not including the observation k under evaluation in the 

reference set (Cook et al .,2009). 

  Max ϕ, 

  Subject to,   
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    ..........(3.40)     

Under the condition of excluding  the DMU under observation, an efficient DMU may decrease 

its output vector while retaining efficiency. In such a case a DMU assumes an efficiency score 

greater than one. This score that is greater than one reflects the radial distance from the DMU 

under evaluation to the production frontier estimated with that DMU excluded from the sample. 

In other words, the DMU is subject of the maximum proportional decrease in outputs while 

retaining efficiency (Andersen&Petersen,1993). Banker and Chang (2006) suggested using a 

screen based on the super efficiency score to identify those observations that are more likely to be 

contaminated with noise. This is done by eliminating from the sample those observations with 

super-efficiency scores higher than a preselected screen (Novaes et al.,2011). 

3.8.3: Tran et al., ’s method to detect outliers in DEA: 

         Tran et al.2010 suggested an easy and effective method to detect super-efficient outliers. The 

lambda λj in CRS model and VRS model represents the weight assigned to the j th DMU to 

construct the virtually efficient DMU for evaluating DMU0. To find the efficiency scores of all j 
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DMUs, the corresponding model has to be solved j times generating jxj matrix. The resulting λ 

values containing all λ’s can be organized as follows. 

 

     Mλ   =

11 12 13 1

21 22 23 2

31 32 33 3

1 2 3

J

J

J

J J J JJ

   

   

   

   

 
 
 
 
 
 

                                                                                                       (3.41) 

 

          The ith row and jth column of   Mλ represent the weight assigned to the j th DMU to construct 

the virtually efficient DMU for evaluating the i th DMU. The ones that would always be selected 

to construct the virtually efficient DMUs are the outlier DMUs that perform significantly better 

than other DMUs. Therefore, they can be identified by the number of occurrences during the 

construction of virtually efficient DMUs as 

  Cj =   
1

1 0
n

j

i




                           …… (3.42) 

  Where  1 0
j

   are an indicator function and it returns 1 if 0
j

  is true; otherwise 0.  

  The outliers can also be identified through the cumulative weight during the construction of 

virtually efficient DMUs as 

     Sj = 

1

n

ij

i




                                   ….  (3.43) 

The DMUs that perform significantly better than the peer DMUs are considered outliers as they 

have a high number of occurrences and have a high value of cumulative weight. The value of Cj 
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and Sj, (j=1,2,3…n) should be calculated after running a model and value of Cj and Sj , with a certain 

higher threshold can be identified as an outlier and then removed from the data set. The selection 

of threshold is subjective and is not discussed in the literature. The process stops once the desired 

degree of convergence in the weights has been reached (Tran et al.,2010). Jun Wang (2017) in his 

Ph.D. thesis suggests the use of median plus 2x standard deviation as the threshold. Any DMU 

that has both, number of occurrences and cumulative weight higher than median plus 2x standard 

deviation can be considered significantly larger than vast majority and therefore can be identified 

as an outlier (Jun Wang, 2017). 

3.9 Time Series Analysis Using DEA: 

3.9.1. Introduction:                        

                         The study of variations of the efficiency of DMUs over time is referred to as time 

series analysis can help in understanding and making important conclusions. There are two ways 

of measuring the performance over time (Ramanathan, 2003). 

1) Window Analysis, 2) Malmquist productivity index. 

                       The various DEA models discussed so far has dealt with data for a single period to 

calculate the efficiency score. In other words, the above DEA models calculate efficiency under 

static conditions. The business environment in heavy equipment industry and dealerships is 

dynamic and therefore may show varying performances over time and this may depend on many 

external factors such as government regulations, the effect of related industries, business cycle to 

name a few. These dealerships may make profits or losses depending on how they respond to the 

various external business environment and internal influences within the organizations. 

Therefore, measurement of efficiency under dynamic conditions may give more information. 
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This study will use two non-parametric DEA models Window analysis and Malmquist index 

under dynamic (time-dependent) situations. 

3.9.2 Window Analysis:  

                        The basic concept of Window Analysis and name are due to G. Klopp (1985), 

who developed this technique for US Army Recruiting Command (USAREC). Klopp used DEA 

with 3 outputs and 10 inputs to analyze performance in various organizational units.  

                       Window analysis consists of a series of analysis of DMUs over multiple time 

periods to study the change in efficiency over a time period. In such an analysis it is possible to 

perform DEA over time by using a moving average method where a DMU in each different period 

is treated as if it were a different DMU. In other words, a DMU’s performance is compared with 

its performance in another period in addition to the performance of other DMUs. For example, 

analysis #1 could be result of analysis of data for first, second, and third year of operations, analysis 

#2 could be result of analysis of data of second, third and fourth year of operations, and analysis 

#3 could include third and fourth year data from one year and first quarter data for the following 

year(Bowlin,2001). Therefore, each analysis has a new and a different set of DMUs resulting in 

different efficiency ratings. The technique that operationalizes the above procedure is called 

window analysis and helps in analyzing the stability and trend that are time dependent 

behaviors(Bowlin,2001). 

                      Window analysis is a measure of efficiency changes over time (Charnes, 1994). This 

technique was used by Charnes et al., (1985) in studying the operations of aircraft maintenance. In 

this study, the data were collected for fourteen tactical fighter wings in the U.S. Air force over a 

period of seven months. The analysis was performed using a three-month window. Window 
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analysis works on the principle of moving averages(Bowlin,2001). A DMU in period 1p is treated 

as a completely new unit in another period 
2p   in the analysis. When there are n units in a given 

time period and each window has a width of k periods, then there will be (n*k) units in each 

window.  In the above case, there were 42 (3x14=42) DMUs (Cooper et al., 2007). When there are 

a small number of units with a large number of inputs and outputs, this feature is important in DEA 

analysis as it increases the discriminating power of DEA (Sowlati, 2004). The width of each 

window and choosing the number of time periods to be included in the window for analysis is now 

subjective and a judicious decision (Charnes et al., 1994). Discriminating power of DEA decreases 

if the width of the window is small and a larger width gives misleading results since changes occur 

over a longer period (Sowlati, 2004). Pjevcevic (2012) used a window analysis to study port 

efficiency in Serbia. Asmild et al., (2004) used a window analysis to study the Canadian banking 

industry over a twenty-year time period. Culliane et al., (2004) used window analysis to study the 

efficiency of container port production. Yang and Chang (2009) used window analysis to study 

the efficiency of Taiwan’s telecommunication firms. There has been no literature found that 

measures efficiency changes over time in heavy equipment retailing organizations using window 

analysis. In this research window analysis is carried out on a five-year data of an equipment 

retailing organization in Canada that has thirty-three retailing branches (DMUs) for the period 

2010 to 2014. The formula for calculating the number of data points (Cooper et al.,2007) is as 

below. 

                        In other words,  (delta) represents an additional 264 DMUs that are now available 

to calculate the change in efficiency scores as compared to the original 33 DMUs. With three 

inputs and two outputs, there are now 264x5= 1320 data entries available to which DEA model 

can be applied to study the variation in technical efficiency, pure technical efficiency and the scale 
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efficiency. The column views in the result enable us to analyze the stability of results across 

different data sets and row views help in determining the trends in efficiency scores within the 

same data set (Cooper, Seiford, and Tone,2007). 
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1 .......
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(3.44)                                                                                       

3.9.3: Malmquist Productivity Index:  

                              Malmquist Productivity Index is a concept first introduced by Prof. Sten 

Malmquist (1953). Malmquist Index also called Malmquist Productivity Index (MPI) is an index 

that was originally used to compare the production technology of two economies and based on the 

concept of the production function.  This approach has been further studied and developed in a 

non-parametric environment called DEA based productivity index. Fare, Grosskopf, Lindgren, and 

Roos (1992) combined the ideas of measurement of efficiency from Farrell (1957) and the 

measurement of productivity from Caves, Christensen and Diewart (1982) to construct a 

Malmquist productivity index directly from input and output data using DEA. This is an index 

representing Total Factor Productivity (TFP) growth of DMUs and it reflects either progress or 
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regress in efficiency along with progress or regress in frontier technology between two periods of 

time when there are multiple inputs and outputs (Cooper, Seiford, and Tone, 2007). 

              Malmquist index and window analysis have been used in conjunction with DEA to study 

efficiency in hospitals and banks. The constant change in the banking environment with 

deregulation has been the main reason for the continued interest in this area of research. In the 

healthcare industry in countries like Canada where the government is giving free health care, the 

interest in continued research is to make the health care services as efficient as possible (Paradi et 

al.,2012). Similar is the heavy equipment industry in Canada that is greatly affected by the business 

cycles due to fluctuating world oil prices and commodity prices (statcanada.com). 

                 The DEA- based Malmquist productivity index has been found to be a useful tool for 

measuring productivity change in organizations. For example, Fare, Grosskopf, Lindgren and Roos 

(1994) studied the productivity change in Swedish hospitals, Lothgren and Tambour (1999) 

studied productivity change in the Swedish eyecare service provisions, Grifell, Tatje, and Lovell 

(1996) studied the effect of deregulation on Spanish saving banks. 

                Paradi et al., (2004) used the Malmquist index and window analysis to study Canadian 

bank branch efficiencies. Darijani and Taboli (2014) analyzed the total factor productivity index 

in the automotive industry in Iran using Malmquist Productivity index. Yao Chen (2011) studied 

the productivity of automobile industries in the USA using the Malmquist productivity index. 

Refaie et al., (2015) used both window analysis and Malmquist index to study efficiency in 

pharmaceutical industry in Jordan.  
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      Figure 3.23. Illustration of frontier shift - Catch-up (Constructed by the author, Source: 

Cooper et al., 2007)  

The performance change of an equipment retail organization between two-time periods is shown 

in the above figure3.23. In this figure a branch P in the time period “1 “with X0 level input and Y0 

level output reduces the level of input to point Q and increases the level of output to point B at 

time 2. This particular retail organization seems to be inefficient at time 1 as it is not on the frontier. 

The frontier as defined by other efficient retail organizations shifts higher in time period 2. 

However, the retail organization 2 falls behind the frontier again despite the fact that it has reduced 

its input and increased its output. Q is made once more inefficient as other branches have moved 

on to the frontier and have become efficient. While Q is efficient as compared to P, it is inefficient 

as compared to branches on frontier 2. The question is now whether Q will ever catch up with 

frontier and how it can catch up? The other questions are the reasons that are causing the frontier 



PERFORMANCE MEASUREMENT-DEA  
 

127 
 

to shift. The Malmquist index can assess these productivity changes by indicating how much a 

branch can improve its efficiency in two-time periods as well as the impact of changes for the 

frontier shift. In DEA literature, the change in efficiency for a given DMU(branch) is termed as 

Catch-Up or recovery. The frontier shift occurs due to technological change. Therefore, the 

Malmquist index is calculated as a product of technical change and efficiency change. 

Catch-up= 

BD
BQ

AC
AP

    ………     (3.45) 

          Or =  
1

2

Period

Period
   ………. (3.46) 

The numerator of the formula calculates the efficiency at period 2 with respect to frontier 2 and 

the denominator calculates the efficiency at period 1 with respect to period 1. 

If catch up is greater than 1, efficiency is increased from period 1 to period 2, if catch –up=1, there 

is no change in efficiency from period 1 to period 2 and if catch-up is less than1 then efficiency is 

decreased from period 1 to period 2. 

 The frontier-shift effect (innovation or technical change) portion of the Malmquist index can be 

constructed by measuring the distances between the respective frontiers. In the above example 

point, C from frontier1 shifted to point E in frontier 2. 

Frontier shift for period 1= 
𝐴𝐶

𝐴𝑃
/
𝐴𝐸

𝐴𝑃
  = 

𝐴𝐶

𝐴𝐸
       ……….                 (3.47) 

= 
𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑜𝑓 (𝑋0𝑌0 )1 𝑤𝑟𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 1 𝑓𝑟𝑜𝑛𝑡𝑖𝑒𝑟

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑜𝑓 (𝑋0𝑌0 )1 𝑤𝑟𝑡 𝑝𝑒𝑟𝑖𝑜𝑑 2 𝑓𝑟𝑜𝑛𝑡𝑖𝑒𝑟
         …….          (3.48) 
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Frontier Shift =
𝐴𝑃

𝐵𝑄
√

𝐵𝐹

𝐴𝐶
x

𝐵𝐷

𝐴𝐸
          ………          (3.49) 

     MI = Catch-up x Frontier Shift       ……   (3.50) 

If Frontier shift > 1, efficiency increased from period 1 to period 2 

If Frontier shift =1, then there is no change in efficiency from period 1 to period 2. 

If Frontier shift<1, then efficiency decreased from period 1 to period 2. 

In the current research Malmquist index (catch-up), CRS efficiency change, and Technology 

change are calculated for the period 2010 to 2014.  

3.10 Strengths and Limitations of DEA: 

                             Data Envelopment Analysis(DEA) DEA presents a comprehensive picture of 

organizational performance and is a powerful technique for performance measurement. This is 

supported by approximately 15,000 research papers on DEA that includes applications in various 

fields (Paradi et al.,2017). These research papers are an evidence of the strength of DEA. Some of 

these strengths are discussed below.  

 3.10.1 Strengths of DEA: 

1) Objectivity is the main strength of DEA. DEA provides efficiency scores based on 

numerical data and not on the subjective opinion of people. Since DEA is data-oriented it is 

a valuable analytic tool. If one accepts the principle of frontier analysis, DEA results are 

very useful(Ramanathan,2003) 

2) DEA can handle multiple inputs and multiple outputs and they can be measured in different 

units. For example, in the various inputs and outputs presented in the literature review in 
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Chapter 2, some of the inputs are a number of employees measured in number units, the area 

of facility measured in square feet, and the outputs of sales revenue is measured in dollars. 

3) DEA being a non-parametric technique does not require a functional form between inputs 

and outputs like other methods where you need to assume a production function. 

4) DEA presents three extremely useful features depending upon the orientation of the 

problem; input oriented or output-oriented (Charnes et al., 1994). Firstly, it identifies each 

DMU by a single efficiency score and this facilitates the ranking and comparison of DMUs 

in multiple output frameworks as opposed to having a separate ratio measure for each 

output. 

5)  By projecting inefficient units on the efficient frontier, it indicates areas of improvements for 

every single DMU. and thirdly it enables making inferences on the DMUs’ general profile.  

6)  It enables making inferences on the DMUs’ general profile (Ramanathan,2003).  

7) DEA focusses on a best practice frontier instead of the average behavior of all DMUs in a data 

set as in regression.  As every unit is compared to an efficient unit or a group of efficient units, 

such a comparison leads to sources of the inefficiency of units that are not on the frontier 

(Zhu,2004).  

8) DMUs are benchmarked against actual performance rather than a theoretical benchmark that 

may not be achievable in real life (Sherman and Zhu,2006). 

                  There are also limitations to this powerful tool as the same characteristics that make it 

powerful also creates some issues.  
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 3.10 2 Limitations of DEA: 

1) Measurement errors (noise) may pose some issues in efficiency measurement as it is assumed 

inefficiency is due to deviation from the frontier and there is no allowance made for errors in 

measurement or other factors(Ramanathan,2003). DEA efficiencies are very sensitive to small 

errors and therefore post DEA analysis, sensitivity analysis should be carried out. 

2)  DEA is unable to model small sample sizes as the model will tend to produce higher than 

normal average efficiency scores with many units appearing on the frontier.  

3) While DEA can help set targets for performance improvement, it does not tell the analyst how 

to reach the targets. DEA results are a good starting point but not the final analysis (N. 

AvKiran,1999). 

4) DEA will not be able to discriminate the scores well if the ratio of DMUs to the product of the 

sum of the inputs and outputs is low (N. Av Kiran,1999). 

5) The process of DEA cannot be explained intuitively to a non-technical audience in case of more 

than two inputs and outputs as the efficiency scores are obtained after running a number of LP 

problems(Ramanathan,2003). 

6) DEA provides a relative efficiency score that is based on specific DMUs studied. If a very 

efficient DMU is excluded from the analysis, the scores provided will not be accurate.  

 7) Outliers operating with unfair advantages can greatly skew resulting efficiency scores. Other 

DMUs may experience lower overall efficiency score.  
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 8) DEA measures the relative efficiency of a DMU but not absolute efficiency. In other words, 

DEA tells us how well the DMU is doing compared to the peers (set of efficient units) but not 

compared to a theoretical maximum.  

 9) One of the inconvenience is to rank efficient units as all the efficient units have a score of 

100%. From a managerial point of view, it may be useful to compare a DMU to absolute best 

performance to know true inefficiencies. 

10) Another issue with DEA is the way in which efficiencies are calculated. The values of the 

weights chosen are from the solution of the LP but not under the control of the management. 

Although weight restrictions can be used it does not solve the problem completely as if the choice 

of weights lies with the management, it will increase the flexibility of DEA 

methodology(Ramanathan,2003). 

                            We have reviewed the concepts of efficiency, the theoretical perspectives of 

DEA, bootstrap DEA, effect of environmental factors on efficiency scores, detection of outliers 

and the efficiency change over time and the strengths and limitations of DEA. In the following 

chapter 4, research methodology for the research based on theoretical aspects of DEA will be 

discussed. Research questions will also be formulated in the next chapter that will address the 

research objectives and aim that was stated in Chapter 1, introduction.  

*********************** 
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Chapter IV: Research Methodology 

 

 4.1 Introduction: 

                           This chapter describes the research methodology that will be used in the thesis to 

measure the performance of a heavy equipment retailing organization(HERO). As described in 

the previous chapter the performance of a heavy equipment retailing organization will be measured 

using the linear programming technique, Data Envelopment Analysis. Various authors have 

proposed different application procedures of DEA and these will be discussed briefly. Based on 

the application procedures of these authors, the author of the thesis has drawn out an application 

reference that would be used as a framework for measuring the performance of heavy equipment 

retailing organizations.  

4.2 The Heavy equipment retailing organization under study: 

                               The retailing organization under study is a major multiline mobile equipment 

dealer with operations across Canada. The dealer sells, rents and services equipment used in 

diverse sectors such as construction, infrastructure, mining, oil and gas, utilities, municipalities, 

waste management and forestry. The company has thirty-three branches in Canada and represents 

globally recognized brands such as Volvo, Case, Manitowoc, National and Grove Cranes, Terex 

Cedarapids, Terex Trucks, Fassi, Sennebogen to mention a few. The company is listed on the 

Toronto Stock Exchange. The name of the company is withheld for confidentiality. 

4.3. Application Procedures used in DEA: 

                             There are four application procedures available in the literature for carrying out 

DEA studies and they are listed below. 
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 4.3.1: Golany and Roll’s Application Procedure (Golany and Roll, 1989):  

                             This is one of the earliest frameworks suggested that can serve as a general 

reference. According to the author, the three main stages in carrying out an efficiency study using 

DEA are selection of DMUs that are to be analyzed and its characteristics, selection of input and 

output factors that are appropriate in assessing the relative efficiency of the selected DMUs and 

use of the DEA models and analysis of results. 

4.3.2: N. AvKirans’s Guidelines for DEA Study (1999):  

                         Av Kiran (1999) provided a checklist of twelve questions that can serve as a 

guideline for DEA researchers, that is similar to the above application procedure. Of these twelve 

questions, the first question relates to selection of DMUs and the second and third relate to 

selection of inputs and outputs. The balance of the questions relates to the analysis of results, but 

the author has not provided   a structured step by step approach for application of DEA. 

4.3.3: William Cooper Framework: 

                              Emrouznejad and Witte (2010) proposed a comprehensive model called the 

“COOPER-Framework” for carrying out DEA studies and they said that DEA studies cannot be 

considered as push button technology. The framework consists of the following six interrelated 

phases: Concepts and objectives, On structuring data, Operational Models, Performance 

comparison model, Evaluation and Results and deployment. The unified standard process is shown 

in the following diagram. 
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Figure 4.1. Cooper Frame work (Constructed by author, Source: Emrouznezad & Witte, 2010) 

4.3.4: Components in DEA Applications (Paradi et al., 2017):   

                 The following ten components are suggested by Paradi et al., 2017 in developing a DEA 

model to be used in applications. 

1)  Analyze the objectives 

2) To identify the operations of the DMUs. 

3) Selection of inputs and outputs and verifying for adequacy and completeness of the data. 

4)  Run preliminary DEA analysis for testing the reasonableness of the results. 

5) Analyzing the efficiency scores and its limitations in ranking. 

6) Using the information to find if there is excess resources and excess capacity. 

7) Increasing the discriminatory power of the analysis. 

8) Impact of environmental variables on DMU scores. 
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9) Benchmarking with best practice DMUs. 

10)  Implementing DEA results into initiatives to improve performance and management of the 

process. 

4.4   Framework for the research: 

                                  Based on the broad guidelines suggested by above authors in the literature, 

the author has drawn out a framework that is specific to the study of efficiency of heavy equipment 

retailing organization in Canada. The frame work of the study is as shown in figure 4.2. 

                            The research will study the efficiency, of a heavy equipment dealership in 

Canada that has thirty-three business units across Canada from east to west coast (Name not 

disclosed for confidentiality). Each of the branch in the dealer network is a profit center and 

contributes to the profit of the organization and hence a decision-making unit (DMU).  

                             According to the framework below, in this   research four methodologies namely 

DEA (Black-Box approach, Network DEA, Bootstrapped DEA), Efficiency change over time 

(Window Analysis and Malmquist productivity index), Second stage analysis (OLS and Tobit 

regression) and Outlier detection will be used. Of these the first methodology DEA will help in 

formulating models to study the efficiencies of the heavy equipment retailing organization. The 

second methodology Window Analysis and MPI will help in determining efficiency change over 

time. The third methodology of regression will help to know if the environmental factors have any 

bearing on efficiency. The fourth methodology will help in identifying if there is any outlier DMUs 

in the study that shows a very high performance. The various models that will be used in the above 

methodologies are given in the architecture of the research in the figure 4.3. 
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Figure 4.2. Framework of the research (constructed by author)  

4.5: Architecture of the models in Research 

                                       Data Envelopment Analysis is a linear programming technique to measure 

efficiency. As per the theory of linear programming, every linear programming problem (usually 

called the primal problem) has another closely related linear program called its dual (Anderson, 

Sweeney and Williams,2015). DEA programs involving weights of inputs and outputs (u and v) 

are called Multiplier DEA program. Those involving weights of the firms (ɵ and λ) are called 
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Envelopment DEA programs(Ramanathan,2003). For more details please refer to Chapter 3, on 

theoretical aspects of DEA. Various types of extended DEA models should be used based  

 

  Figure 4.3. Architecture of the models in Research Methodology (Constructed by author)  

upon the requirements of the study (Cook and Seiford,2009; Adler and Yazhemsky,2010). The 

figure above lists various models that would be used in the research to measure the efficiency of 

the heavy equipment retailing organizations. 

 

            The basic CCR model under constant returns to scale will be used to determine technical 

efficiency whereas the BCC model under variable returns to scale will be used to determine pure 
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technical efficiency and scale efficiency. However, no judgement is made about the importance of 

one input versus another while using various factors in the above models and it is assumed that all 

variables had the same importance (Thompson et al.,1986, Allen et al.,1997). Therefore, this 

research uses weight restriction models that can accommodate the importance of various factors 

used in the analysis. The conventional DEA model does pure self-evaluation of its DMUs. 

Therefore, cross efficiency model is used to compare the scores of each DMU with other DMUs 

to find the performance using the peer optimal multipliers (Sexton 1984, Doyle 1994, Cook and 

Zhu,2015). The analysis, of above models yields a number of efficient units all of which have a 

score of unity. To rank these efficient units that have the same score, super-efficiency model is 

used to rank the efficient units (Anderson &Peterson,1993; Cook and Seiford,2009; Adler and 

Yazhemsky,2010). In all the above analysis the error which is intrinsic to the data was not factored 

in. To account for bias bootstrapping method is used to correct the efficiency scores (Simar and 

Wilson,1998). The efficiency scores thus determined may be influenced by environmental factors. 

To find the effect of environmental factors on the corrected DEA scores Ordinary Least 

Square(OLS) Regression and Tobit Regression has been used (Banker and Natarajan,2008). 

Further envelopment model of DEA will be used to find slacks and set targets for improvement 

(Charnes, Cooper, Rhodes 1978, Banker, Charnes and Cooper,1984).  

               Malmquist productivity index and Window analysis (Cooper, Seiford and Tone,2007) 

are used to find the change in efficiency scores in the data from period 2010 to 2014.Malmquist 

index is a method that compares the performance of the branch from one period to another. In 

Window analysis the efficiency of the DMUs is evaluated, to observe overall trend in the 

performance in a specific window. 
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                                           Finally, in the analysis of all these models the DMUs are considered as 

a black box and has not taken into consideration the internal structure of the DMU. The internal 

structure of the DMU is taken into consideration and Network DEA (C. Kao,2009) is used to find 

efficiency score of internal structure. In Network DEA, a two stage -network DEA (Kao and 

Hwang,2008) model is used where in the outputs in the in the first stage is taken as the input in the 

second stage. Further the internal structure is considered parallel in nature and efficiency is 

calculated.  Since DEA is an extreme point method outlier (Banker and Chang, 2006) will be 

detected if any in the analysis. Please refer to Chapter 3 for all theoretical aspects of all the above 

methodologies that will be used in the research. 

4.6: Research Questions: 

 The research objectives and research aim stated in Chapter 1(Introduction) are as below.  

1. How do the branches of the heavy equipment retailing organization under study compare 

to each other in terms of their efficiency? 

2. What conditions may account for the differences in the efficiency of the branches. 

3. What factors or constraints create varying scores amongst inefficient branches? 

4. Is there any change in efficiency over time and if so how it can be measured? 

5. How can the efficiency of the departments in a heavy equipment retailing organization be 

measured? 

6. Can the efficiency of the branch have relation to the efficiency of individual department? 

                The purpose of the study is to develop models and methods that are more appropriate 

and suitable to measure the performance and relative efficiency of the heavy equipment retailing 

organizations than the existing conventional methods.  
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                 This thesis addresses different research questions based on the objectives delineated in 

Chapter 1 and referred again above for easy reference. Each of the above objectives has its separate 

question set. The, research question related to each objective is given below. 

Objective 1:  How do the branches of the heavy equipment retailing organization under study 

compare     to each other in terms of their efficiency? This can be addressed by the research question 

of how to construct a model to measure the performance and relative efficiency of a heavy 

equipment dealer in Canada treating it as a Black box without considering its internal structure. 

Objectives 2 and 3: What conditions may account for the differences in the efficiency of the 

branches and what factors or constraints create varying scores amongst inefficient branches? This 

can be addressed by the research question of finding if there is any effect of environmental factors 

on the efficiency scores. 

Objective 4: Is there any change in efficiency over time and if so how it can be measured? This 

can be addressed by the research question of finding the impact of change in efficiency under 

dynamic    conditions. 

 Objective 5: How can the efficiency of the departments in a heavy equipment retailing 

organization be   measured? This can be addressed by the research question of finding methods to 

find the efficiency of individual departments in a branch 

 Objective 6: Can the efficiency of the branch have relation to the efficiency of individual    

departments? This can be addressed by research question that finds out methods that can  relate  

efficiency   of the branch and its individual departments. 
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                      Therefore, the research questions for the thesis can be summed as below based on 

the above stated research aim and objectives. 

1. To construct a model to measure the performance and relative efficiency of a heavy 

equipment dealer in Canada treating it as a Black box without considering its internal 

structure.    

2. Measure the performance and relative efficiency of heavy equipment dealer considering the 

internal structure of each of its branches using Network Data Envelopment Analysis.  

3. Find ways of maximizing outputs to improve efficiency. 

4. Find ways of minimizing inputs to improve efficiency. 

5. Compare the efficiency between the two approaches of Black Box and Network DEA 

approach. 

6. To study the variations in efficiency scores over time using Window Analysis and Malmquist 

Index. 

7. To find the effect of environmental (contextual) variables on the efficiency scores. 

8. To find out if there are any DMUs that are outliers. 

9. How to improve the efficiency of inefficient units so that they also become efficient. 

  4.7: Selection of DMUs: 

                   As described above, the heavy equipment retailing organization under study has thirty-

three business units in its network. Each of these branches has three business operations viz. Sales 

Operations, Service Operations and Parts Operations that are business drivers that generates profit. 

Each of these operations is independent in nature and considered as profit centers. Therefore, each 
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of these branches will be considered as a Decision-Making Unit (DMU). The functions of DMUs 

and its structure have been discussed in chapter 1.  

  

4.8: Selection of Factors: 

                      The selection of input and output variables is the most important step in the 

application of modeling using data envelopment analysis(Bowlin,1998).In other words DEA and 

its  applications  depend on the data set of inputs and outputs.All resources used by a unit should 

be included as input.A unit will convert resources to produce outputs so that outputs should include 

the amounts of products or services produced by the unit.In  DEA  inputs are minimized and 

outputs are maximized  or vice-versa. In Chapter two on literature review various factors used in 

DEA applications in the retail sector and in retail automotive industry has been discussed in 

details.Based on this list, a list of factors appropriate to the heavy equipment retailing organization 

will be chosen for the research. 

                              One of the key consideration in using DEA is defining input and output 

variables.For the management to accept the results of DEA analysis it is very important that correct 

choice of  inputs and outputs is made before beginning the analysis (Bowlin,1998).One of the 

important considerations in DEA is  isotonicity(increase in any input should result in some output 

increase and not a decrease in any output( Bowlin,1998). According to Sarkis (2002), 

 when ascertaining the size   of the data set there are two  considerations that are conflicting. 

1) When the number of DMUs are larger, in relation to the inputs and outputs, the discriminatory 

power of the analysis increases. 

2) When the data set is large there is a chance that the homogeneity of the data set may decrease.  

This means some exogenous factors that are   beyond control of manager or analyst may affect 
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the results (Golany & Roll, 1989). The larger the data set the larger is the computational 

requirement. 

                          There are some thumb rules on the number of inputs and outputs to be selected. 

According to Boussofiane et al., (1991) the lower limit on the number of DMUs should be the 

product of the number of inputs and number of outputs. According to Banker et al., (1989) the 

number of DMUs should be at least three times the number of inputs and outputs combined.   

                           Golany and Roll (1989), established a rule of thumb that the number of DMUs 

should be at least be two times the number of inputs and outputs considered. Bowlin (1998) 

mentions the need to have three times the number of DMUs as there are input and output variables. 

Dyson et al., (2001) recommend a total of two times the product of the number of input and output 

variables.  As per Cooper et al., (2007) sufficient number of DMUs is required to perform DEA. 

The number of degrees of freedom increases with the number of DMUs and decreases with the 

number of inputs and outputs. As proposed by Cooper et al., (2007) a general rule for minimum 

number of DMUs (n) is that it should exceed the greater of the product of the input (m) and 

output(s) variables or three times the sum of the number of input (m) and output (s) variables. 

                             max{ * ,3( )}n m s m s    

                            As per Cook et al., (2014) “such a rule is neither imperative nor does it have a 

statistical basis, but rather is often imposed for convenience”.  
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Table 4.1. Degrees of Freedom in DEA 

 

                            The inputs and outputs for the research would be determined by using the 

Judgmental process used by Golany and Roll (1999) and with the inputs and outputs used for 

similar studies on DEA application in retail sector that is found in the literature and discussed in 

Chapter 2, literature review. This is done to broaden the set of factors and to select the most 

appropriate factors from among this broad set that suits the model. As per judgmental process team 

of experts were contacted in the field of sales, parts and service operations to find factors that will 

influence the performance of respective departments. As mentioned there are thirty-three business 

units (DMUs) under study and therefore in each DMU there are experts such as a Sales manager 

who looks after sales operations, a Parts Manager responsible for parts operations and a Service 

Manager responsible for service operations.  

                          All these managers are professionals and very experienced and experts in their 

field. The minimum qualification for a sales manager is ten years of sales experience selling 

industrial equipment preferably with a university degree or college diploma. Similarly, the 

Author's Suggestion

Formula for recommended 

sample size m=number of 

inputs ,s=number of outputs

Number of 

DMUs

Max 

Inputs

Max 

Outputs

Appropriateness of 

Sample Size

Banker 1984 3x(m+s) 33 4 4 Sufficient

Golany and Roll (1989) 2x(m+s) 33 7 7 Sufficient

Bowlin 1998 3x(m+s) 33 4 4 Sufficient

  

Bouusafianne (1991) mxs 33 2(15) 15(2) Sufficient

 

Dyson et al(2001) 2xmxs 33 3(4) 4(3) Sufficient

Cooper et al.2007 n≥max{mxs,3(m+s)} 33 7 7 Sufficient
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minimum qualification for a Parts manager is college diploma with ten or more years of experience 

in parts management in heavy equipment industry. There are Parts managers who were service 

technicians and therefore are well versed in both the technical and commercial aspects of the 

business. The minimum qualification for a service manager is a four-year technical training that 

leads to college diploma as a technician. After years of working as a mechanic they grow vertically 

to become service manager. In short, all these managers are experts in the field as some of them 

would have worked in more than a couple of manufacturers of heavy equipment.  

                           Therefore, there is a vast pool of thirty-three sales managers, parts managers and 

service managers and each of them is an expert in their field. From among this expert pool, 

managers with a minimum of twenty years of experience in their field were selected for judgmental 

process and it was found that there are six sales managers, five parts managers and seven service 

managers. These managers were met individually to find out all the possible inputs and outputs in 

their field of expertise and some of the inputs and outputs matched the one found in the literature 

review discussed in chapter 2. From the set of these factors (10 inputs and 11outputs) listed in 

chapter 5, appropriate factors will be chosen based on the model requirements and will be 

discussed in Chapter 5. 

4.9 Data Collection: 

                                 Empirical data is collected for business research and various types of data 

collection methods are used in any research. Specialized knowledge and skills are required to 

collect data from each of these data collection methods. The empirical data collected by the 

researchers through interviews, observation, asking participants to write etc. are called primary 

data. Primary data is collected   by various qualitative research methods like questionnaire survey, 
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observation, ethnographic study etc. There are empirical data that is already available and existing   

and these are   called secondary data.  

                             Many of the DEA research in applications such as banking, universities, 

hospitals, educational institutions etc. have used secondary data from the archives of the respective 

organizations. The current research concerning efficiency measurement in heavy equipment 

dealerships will be carried out using secondary data. The data will be collected from internal 

sources and external sources. 

                          The internal sources will consist of management documents, financial documents 

and database, operations document and database and marketing documents and database. All these 

documents are audited financial reports of the heavy equipment company under study. The data 

from the financial statements of the last five financial calendar years viz., 2010,2011,2012,2013 

and 2014 will be used for the study.  

                         While the financial statements give details only at the company level special 

approval has been obtained from the management of the company to access the performance details 

of thirty-three DMUs at the branch level. Therefore, this data is highly confidential, and the name 

of the company is kept in strict confidence for security reasons. A check was also made with the 

research ethics officer of Athabasca University to find out if secondary data needs approval from 

research ethics board. Research ethics officer clarified that since there is no research involving 

humans such a clearance from research ethics board is not needed for this research. The external 

sources will consist of relevant data from business association of equipment distributors, trade 

journals and other related sources. 

  



PERFORMANCE MEASUREMENT-DEA  
 

147 
 

4.10: Formulation of the model: 

                                Having understood the industry, set in the context research questions, defined the 

DMUs and have selected the inputs and outputs. The next step is formulation of the model using 

the most appropriate inputs and outputs with respect to the model. 

The efficiency measures can be made by viewing each DMU in two ways. 

1) As a black box without knowing the internal structure of the DMU as the overall efficiency 

is studied at a higher level i.e., the organizational level. In this study DEA does   not reveal 

sources of inefficiency that is within the divisions of the organization. DEA analysis is 

carried out using CCR, BCC and other extended models of DEA as discussed in Chapter 3 

on theoretical aspects of DEA.  

2)  The specific sources of inefficiency among the components of DMU as specified above 

viz., Sales, Service and Parts operations, can be found using   Network DEA. Network 

DEA provides fuller access to find efficiency of the internal structure of the DMU under 

study. 

                      There will be four models formulated under Black-Box approach. The models 

are Branch Production process model, Branch Profit maximization model, Branch Expense 

minimization model and Branch Asset maximization model. Network DEA will be used to 

study the efficiency of the individual operations of the DMU using the production process 

model. In the production, process model extended DEA models such as Super efficiency and 

Cross efficiency models will be used. Similarly, in the profit maximization model weight 

restrictions will be used to increase the discriminatory power of the model. In the other two 

models only, basic models will be used for the analysis. 
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                       As detailed in the architecture of the study in Fig 3, models will be formulated 

to study variations in efficiency over time using Window analysis and Malmquist productivity 

index. Further OLS (Ordinary least squares) and Tobit regression will be used to find if 

environmental factors have any effect on the efficiency scores as a second stage analysis. 

Bootstrapped DEA will be used to find the bias in the scores and outliers if any in DMUs will 

also be detected. 

                         As per Cooper, Seiford &Tone,2007, the researcher is advised to try different   

       models   if the researcher cannot identify in the preliminary analysis the characteristics of the       

       production frontier.  It may be risky to rely only on one model. If the application has  

        important consequences it is wise to try different models and methods and compare the        

         results to arrive at a definitive conclusion (Cooper, Seiford &Tone,2007). This is the first   

         study in measuring the performance of heavy equipment retailing organizations using DEA  

         and as such DEA has to be accepted as an effective tool to measure performance by the  

         industry that is currently using many different methods to measure performance as outlined  

         in chapter 1. Therefore, a comprehensive analysis is made by using the basic models and  

        other extended models as described above in the architecture of the study to make it as a       

        more effective tool.  The formulations of models will be dealt in detail in Chapter 5,  

     

  where DEA models will   be formulated to study the efficiency of heavy equipment retail 

organizations.    
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4.11: Choice of Software: 

                          As described in Chapter 3, in the theoretical framework of DEA, DEA is a linear 

programming technique and therefore any software package that solves linear programming 

formulations can be used to solve DEA problems. DEA applications require a separate linear 

programming problem to be solved for each DMU in the data set. Therefore, if there are n DMUs, 

then the software must be used n times to solve the linear programming problem for each DMU. 

If there are a considerable number of DMUs in the dataset then this computation can become 

tedious(Ramanathan,2003). 

                   Therefore, this study requires a specialized DEA software package. There are a number 

of specialized DEA software packages that are developed by leading researchers in the field of 

DEA.  A   comparative study of such software is made by Iliyasu et.al., (2015) that can quickly 

solve the DEA problems with many DMUs. There are eight such software tools that have been 

classified as commercial and non-commercial. Some of these software developers have kept pace 

with the developments in DEA. A review of the capabilities of all this software resulted in the 

selection of Max DEA as the most suitable software for the study as it has many current models 

for use and can export the results to MS-Excel. This selection was also approved by the supervisor 

as the appropriate software to study the performance of heavy equipment retailing organization in 

this research.  

  4.12: Summary:  

                        As can be seen from the research framework the heavy equipment retailing 

organization, performance will be studied using both as a black box approach and considering the 

internal components using a parallel structure using Network DEA approach. 
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                  Inputs and outputs that are most appropriate for each model will be used and the 

optimization problem will be solved using Max DEA software and the following analysis will be 

made.  

4.13. Recommendation and Reporting: 

                             Based on the above analysis and findings recommendations will be made to the 

management for improving the efficiency of inefficient units. The immediate goal of the research 

is to integrate the efficiency model with the Dealer Management systems of the organization. The 

goal is to convince the Association of Equipment Distributors and the manufactures of heavy 

equipment and the retailing organizations to use DEA as a performance measurement tool for 

benchmarking their dealers. 

 

 

 

 

 

 

 

 

 

 



PERFORMANCE MEASUREMENT-DEA  
 

151 
 

Table 4.2. Purpose of models used in the research 

  

 

*************** 

 

 

 

                               

                                           

 

 

Item # Name of the Model Purpose of Using the Model

1 CCR-Model This model gives the technical efficiency scores of each branch.

2 BCC-Model This model decomposes the technical efficiency score into pure technical efficiency and 

Scale Efficiency.

3 Super efficiency Model This model ranks the efficient units that all have a score of 1.

4 Cross-Efficiency Model This model evaluates the efficiency scores by the peer DMUs. This increases 

discriminatory power of the model.

5 Weight Restriction Model This model imposes restrictions on the weights that each input and output can use.This 

increases discriminatory power of the model.

6 Bootstrap-DEA Model This model finds out the bias and confidence interval in efficiency scores.

7 OLS and Tobit Regression Model This model finds the effect of contextual variables on efficiency scores

8 Network DEA-Model This model find the efficiency of internal structure of a branch that has sales ,service and parts 

operations

9 Window Analysis Model This model finds the stability and trend in efficiency score over time.

10 Malmquist Index  Model This model finds efficiency change over time and decomposes it into efficiency change and

technological change.

11 Outlier detection -Model This model finds if there are outliers present in the DMUs being analyzed.
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Chapter V:  Developing   DEA Models 

 

 

 5.1: Introduction:              

             In this chapter models will be developed to find the efficiency of heavy equipment retailing 

organizations based on the theoretical framework of DEA as described in chapter 3, the research 

methodology as described in detail in chapter 4, using various inputs and outputs as used by 

researchers found in Chapter 2 on Literature review and from the judgmental screening process 

from experts in the field. There will be four different models that will be developed. The first 

model will consider all possible factors of production in a branch and will be modeled to maximize 

the production process. The second model will consider factors that maximize the profit, the third 

model will use factors that will minimize the expenses in the branch and the fourth model will use 

factors that will help in maximizing the assets used in the branch. All these four models will 

analyze the efficiency from different perspectives. From the business point of view, each of these 

models will appeal to different divisions within the organizations. The asset and expense model 

will appeal to the Finance division as they want to minimize expenses and maximize asset 

utilization, production process model will appeal to the Operations division and the profit 

maximization model will appeal to the CEO of the organization as they are interested in 

maximizing the ROI (return on investment). 

               DEA and its applications are heavily dependent on the data set that is used for the 

research (Paradi et al.,2017) and therefore, the first step in the present research is the selection of 

factors. 
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5.2 Factors of Production:   

                        The research is conducted to measure the performance of a heavy equipment 

dealership operating in Canada with a network of thirty-three branches operating in  different 

locations from East to the West coast . Each of these branches is a decision-making unit (DMU). 

In the selection of factors, the primary question is what the inputs are and what are the outputs in 

a service setting like a retail branch operation of a heavy equipment organization where the 

activities are to sell equipment, rent equipment, sell parts and services for this equipment and make 

a profit margin to sustain the business. As detailed in the chapter on research methodology, the 

data that will be used for the research will be the accounting information such as COGS (cost of 

goods sold), Department expenses etc. and non-accounting information, such as the area of facility 

and labor. Therefore, the question is how inputs and outputs are defined in such an organization. 

            Achabel, Heienke, and McIntyre (1984) have defined output and input in the retail industry. 

According to them, retail production is a process that transforms manufactured goods along with 

several types of labor and capital into rather complex offerings customers will demand. They 

define output (extended product) as a function of the level of resource utilization that measures the 

capability of the firm to meet demand i.e. sales, gross margin, units sold, customer satisfaction, 

number of customers served, customer conversion ratio etc. They define inputs as all the factors 

of production used by the retailing firm such as personnel, information systems, number of stock 

keeping units and other components of the firm’s offer to the customers.  

                In production theory input is defined as the resources expended and outputs as the 

outcome of the process that has an extended value (Bogetoft,2013). The author adds that contextual 

variables (non-controllable) inputs and outputs can also be handled in a similar way. 
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                    According to Cook and Zhu,2007, in some situations, however, certain performance 

measures can play either input or output roles. These performance measures are referred to as 

flexible measures. “For example, a variable like deposits used in Bank branch efficiency can be 

argued both as an input and output. It can also be argued that in the evaluation of research 

productivity by universities,  Beasley (1990, 1995) ‘‘research income’’ can be viewed  as both an 

output and input, in a situation where research – granting agencies (e.g., NSERC in Canada and 

NSF in the USA) wish to allocate funds to those researchers and universities to have the greatest 

impact. In this environment, graduate students can play the role of either an input (a resource 

available to the faculty member, (effecting his/her productivity) or as an output (trained 

personnel, hence a benefit resulting from research funding). 

                 In a very different environment, W. Cook et al., (1990), use the measure ‘‘average 

pavement rating’’ as an input that (negatively) influences the outputs, in evaluating the efficiency 

of highway maintenance crew. At the same time, it can also be argued that this measure can as 

well, be an output that clearly is influenced by the level of annual maintenance expenditure. 

There are instances where there is ambiguity in defining inputs and outputs.  There appears to be 

at least two possible approaches for deciding the status of the flexible variables in a DEA setting. 

The first and most obvious approach is to examine the issue from the point of view of the 

individual DMU and the second approach is to view the situation from the manager’s perspective 

(Cook and Zhu,2007). 

               The choice of variables should also consider the structure of the model and the 

variables of the model should be relevant, complete, operational, independent and non -

redundant (Bogetoft,2013). The variables are termed as relevant when they reflect the industry’s 

comprehension of the system. In other words, the relevant variables defined should be used by 
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the decision makers in daily practice. Completeness of the variable indicates that the variables 

should capture the resources (inputs) that go into production and the outputs that come out of the 

production process. The variables that are defined unambiguously and measurable are termed 

operational. Independence indicates that values of one set of inputs do not affect the values of 

outputs. Non-redundancy indicates that the variables chosen should be free of overlap 

(Bogetoft,2013). 

                  A list of various efficiency studies made in the automotive industry that has 

similarities to heavy equipment retailing organization and efficiency studies made in retail chains 

that covers grocery stores, supermarkets, wine distribution etc., are listed in Table in2.2 and 2.3 

in Chapter 2 on literature review. There are in all forty-four studies listing inputs and outputs 

used in all these retail organizations. It is found from the table that most of the studies have used 

sales revenues and profits as outputs and number of employees, the area of the facility, cost of 

goods sold, number of labor hours, capital employed, and assets etc. as inputs. 

                   In the retailing of heavy equipment, the data set consists of the following possible 

inputs and outputs as found from the literature review and from the judgmental screening 

process. 

Parameters of Inputs: 

I1, Department Expenses: The expenses are a component of the production process in retailing of 

heavy equipment and have an impact on the productivity of a branch (Thomas et al., (1998); Keh 

et al. (2006,). 

I2, Depreciation &Amortization expenses: This component of expenses is a part of total expenses 

in branch operations (Seong-Jong-Joo et al., (2011). 
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I3, Number of employees: Labor makes a crucial contribution in the production process in a 

branch and does affect the productivity of the branch (Thomas et al.,1998; Kamakura et al., 

(1996); Barros&Alves (2003); Dubelaar et al., (2002). 

I4, Area of the Branch: Productivity of the branch is related to the size of the store available to 

the branch (Kamakura et al., (1996); Donthu &Yoo, (1998); De Jorge, (2008); 

I5, Cost of Goods Sold(COGS) of Equipment is an indication of depletion of inventory of 

equipment (Seong-Jong-Joo et al., (2011), Barth, (2007). 

I6, Cost of Goods sold of rental equipment is an indication of depletion of inventory of rental 

equipment (Seong-Jong-Joo et al., (2011), Barth, (2007). 

I7, Cost of Goods Sold of Service done in the workshop for repairing equipment (Seong-Jong-

Joo et al., (2011), Barth, (2007). 

I8, Cost of goods sold by Parts is an indication of depletion of inventory of parts sold to realize 

parts revenues (Seong-Jong- Joo et al., (2011), Barth, (2007). 

I9, Cost of Goods Sold of Total Sales, (Equipment+ Rentals) (Seong-Jong- Joo et al., (2011), 

Barth, (2007). 

I10, Cost of goods sold for the branch (COGS of equipment+ rental+ service+ parts) (Seong-

Jong- Joo et al., (2011), Barth, (2007). 

Parameters of Outputs: 

O1: Revenue from Sale of equipment (Ingene &Lusch (1999); Donthu and Yoo (1998), Seong-

Jong-Joo et al., (2011), Barth, (2007). 

O2: Revenue from Rental Equipment (Ingene & Lusch (1999); Donthu and Yoo (1998), Seong-

Jong-Joo et al., (2011), Barth, (2007). 
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O3: Revenue from Servicing of equipment in the branch Ingene & Lusch (1999); Donthu and 

Yoo (1998), Seong-Jong-Joo et al., (2011), Barth, (2007). 

O4: Revenue from the sale of Parts Ingene &Lusch (1999); Donthu and Yoo (1998), Seong-Jong-

Joo et al., (2011), Barth, (2007). 

O5: Revenue from sales of equipment, rental, service, and Parts Ingene &Lusch (1999); Donthu 

and Yoo (1998), Seong-Jong-Joo et al., (2011), Barth, (2007). 

O6: Total Gross Margin for the branch (Equipment + Rental+ Service+ Parts) Ingene &Lusch 

(1999); Donthu and Yoo (1998), Seong-Jong-Joo et al., (2011), Barth, (2007). 

O7: Gross Margin for Equipment Sales  

O8: Gross Margin for Rental Sales 

O9: Gross margin from Total sales (Equipment+ Rental) 

O10: Gross Margin from Service Sales 

O11: Gross Margin from Parts Sales 

   While many authors have used monetary values from accounting data as inputs and outputs in 

DEA studies, it is important to establish how the accounting metrics can be used as factors of 

production. In the next section, we will explore how accounting information can be decomposed 

into factors of production in a retail branch operation. 

5.3: DEA and Accounting Performance Measurement: 

          There is a complementary relationship between DEA and Accounting Performance 

Measurement (APM) (Harrison and Rouse,2016). DEA can be applied to profit-making 

organizations by converting financial performance indicators as production factors in calculating 

their technical efficiency equivalents (Feroz et al.,2003). One such approach is to decompose the 

Return on equity using the DuPont model.  For example, ROE can be decomposed as follows: 
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     ROE=  
𝑁𝐼

𝑆
x

𝑆

𝐴
x

𝐴

𝐸
 

In the above equation, the profit margin is net income (NI) divided by sales(S), asset utilization is 

sales(S) divided by Total Assets(A) and equity multiplier is total assets(A) divided by common 

equity (E). This decomposition enables analysis of ROE in terms of a measure of profitability 

(profit margin), assets required to generate sales (asset utilization) and the financing of those 

assets(equity). In other words, measure of ROE is a measure of sales, net income, total assets and 

equity and these components define important dimensions of technical efficiency in a profit-

making organization (Feroz et al.,2003). Alternately cost of sales, total assets and equity can be 

minimized as inputs and net income can be maximized as outputs. This approach identifies a 

technically efficient firm as using a minimum of resources and producing a maximum of net 

income (Harrison and Rouse,2016). However, sometimes organizations may have losses and 

therefore in such cases, net income may be negative. DEA models work with positive data and 

therefore net income may be replaced by gross margin. In other words, financial information can 

be incorporated into the operational definition of efficiency by maximizing revenues subject to the 

constraints from employing long terms assets and equity and short-term costs(resources). 

Similarly, ROA (return on assets) can be decomposed using the DuPont model. 

 ROA   = 
𝑃𝑟𝑜𝑓𝑖𝑡 𝑀𝑎𝑟𝑔𝑖𝑛

𝐴𝑠𝑠𝑒𝑡 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟
  

Profit Margin = 
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑆𝑎𝑙𝑒𝑠
,  Net Income =   Sales- Total Costs 

 And Total Costs = Cost of Sales+ Labor Expenses+ SG&A Expenses 

 Asset Turnover =
𝑆𝑎𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
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Total Assets = Current Assets + Non-Current Assets 

Current Assets = Cash+ Account Receivables +Inventory 

Non-Current Assets = Plant &Machinery +Land and Buildings 

The above decomposition into component parts helps in identifying the source of increase and or 

decrease in a branch’s performance related to ROA. The accounting performance measures often 

use partial productivity ratios with the numerator in the form of an output and denominator in the 

form of an input. e.g. sales per employee, net income per branch. In the field of revenue 

management, there are ratios that combine profitability with capacity. e.g. RevPASH represents 

the amount of revenue available per available seat hour (Kimes and Singh,2009). 

                          There are several studies that use accounting information in productivity 

measurement using DEA models and lists of such studies in Automotive industry and retail 

industry have been dealt in detail in literature review Chapter 2. 

                       Based on the above discussion, the efficiency of heavy equipment branches will be 

analyzed using the four models mentioned below by using as factors of production from 

accounting information and other factors related to land and labor. 

5.4: Selection of mix of Variables: 

                       The selection of a right mix of input and output variables is the most important step 

in the application of modeling using data envelopment analysis. For the management to accept the 

results of DEA analysis it is very important that the correct choice of inputs and outputs is made 

before beginning the analysis (Bowlin,1998). One of the important considerations in DEA is 
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isotonicity (increase in any input should result in some output increase and not a decrease in any 

output.Bowlin,1998). 

                              There are now ten input variables and eleven output variables identified for the 

research. In the black box approach the ten inputs and eleven outputs do not satisfy the rule 

proposed by Cooper et al., (2007): three times sum of inputs and outputs, is sixty-three and is more 

than the number of business units under study thirty-three (Refer section 4.6, Chapter 4). However, 

there are only thirty DMUs in 2010 and 2011 and therefore if all the available inputs and outputs 

are considered for constructing the model, it does not satisfy the rule of degree of freedom 

proposed by Cooper and other authors. One of the reasons for the inputs and outputs to follow the 

above rule is that it increases the discriminatory power of the model as otherwise, the model finds 

many DMUs as efficient. Now there is a paradox of choosing the right variables from among the 

twenty-one variables available for analysis. As in any statistical model, in the design of a relative 

efficiency model, the choice of variables must be justified. The following are some of the methods 

to select the right variables for the analysis from among the twenty-one variables identified (ten 

inputs and eleven outputs) so that the discriminatory power of the model is retained. 

5.5: Variable selection techniques in DEA: 

                      There is no guidance provided by DEA   for specifying the production function and 

the input and output variables, but these are left to the user’s discretion, judgment and 

expertise(Nataraja&Johnson,2011). Unavailability of data, high dimension of the production 

process and the inclusion of irrelevant inputs and outputs in the analysis are some of the issues in 

selecting the variables. Nataraja and Johnson (2011) have listed eight different variable selection 

methods to, identify the relevant variables and have also offered guidelines in choosing the most 

appropriate method. 
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                      The impact on efficiency scores due to model misspecification was demonstrated by 

Sexton et al.,1986 and Smith ,1997. They showed that efficiency scores may not differ by adding 

more inputs or outputs, but the shape of the frontier can be changed by the inclusion of a variable 

and this will affect the ranking of the efficiency estimate. Since DEA is a non-parametric approach, 

it loses discriminatory power as the dimensionality of the production space increases and therefore 

variable selection methods are important(Nataraja&Johnson,2011). There are several methods in 

the literature that addresses the issue of determining the relevant variables and all of these 

approaches are statistical in nature. The eight most cited methods as per Nataraja and Johnson 

(2011) are as below. 

1) Efficiency Contribution measure (ECM): This method was proposed by Pastor et al., 2002, 

where the relevance of a variable is determined based on its contribution to efficiency. The 

variable being tested is called the candidate. The efficiency scores are evaluated one with 

candidate variable and one without it and a binomial statistical test is done to determine if the 

candidate variable is important to the contribution process. 

2) Principal Component Analysis (PCA)-DEA: This is a general statistical method used to 

reduce the dimensionality of the data where the weighted linear combination of variables 

determines the variance structure of a matrix. This was independently developed by Ueda and 

Hoshiai,1997 and Adler and Golany,2001. Each principal component obtained from the 

weighted linear combination of original variables and setting in decreasing order of percentage 

of variance accounts for a maximal variance. 

3) Regression-based Test: This was suggested by Ruggiero,2005 where an initial measure of 

efficiency is obtained through known production variables. The efficiency score is then 

regressed against a set of candidate variables. The variables are relevant to the production 
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process if the coefficients in the regression are statistically significant and have a proper sign. 

The values of the coefficient should be positive for inputs and negative for outputs. One variable 

is done at a time and the procedure is repeated until there are no further variables. 

4) Bootstrapping for variable selection: Simar and Wilson 2001, used a bootstrap estimation 

procedure to identify relevant variables. 

5) Banker (1996) used three statistical tests to indicate the significance of an input and output 

variable to the production process. 

6) Fanchon (2003) suggested a recursive method to determine the variables to be included by 

iteratively using DEA to analyze the increase in the number of efficient observations. 

7) Jenkins and Anderson (2003) used partial correlation to omit variables that contained 

minimum information that had no effect on efficiency scores. 

8) Dario and Simar (2007) aggregated highly correlated inputs and outputs to reduce the 

dimensionality of the production possibility set into a single input and single output using 

eigenvalues. 

9) Norman and Stoker (1991) used correlation coefficients to reduce the variables. 

10) Wagner and Shimshak (2007) used average change in efficiency scores to reduce variables 

in a stepwise process. 

   Of the above ten methods in the literature, Stepwise approach of Wagner and Shimshak (2007) 

is used in selecting the variables for the research as it uses the average change in efficiency scores. 

 5.5.1: Variable selection with Stepwise Approach: 

                         The results of DEA rely heavily on the data set of inputs and output variables that 

are used in the analysis. However, little attention has been paid in literature, to how these variables 

should be chosen in the real-world application (Wagner&Shimshak,2007). The input and output 
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variables used in DEA studies are simply treated as givens in many of the existing papers. Golany 

and Roll (1989), noted that few papers focus on the choice of data variables when carrying out 

DEA studies. According to Jenkins and Anderson (2003), it is crucial to give attention to variable 

selection as model weights assigned to inputs and outputs are less constrained and the 

discriminatory power of DEA results are less if the number of input and output variables are greater 

in relation to the number of DMUs as per Cooper et al., (2007) formula. Although it is 

advantageous to limit the number of variables, till now there is no consensus on the best method 

for the selection of variables for a study (Wagner&Shamshak,2007). In other words, DEA itself 

does not provide a method for selection of variables nor provides guidance for the specification of 

production function (Nataraja&Johnson,2011). 

                                 A stepwise procedure using a backwards approach for modeling DEA was 

proposed by Wagner and Shimshak (2007). In the backward approach, the process starts by 

considering all the inputs and outputs that are available in the DEA model. The efficiency score of 

the model is calculated by dropping one variable each at a time. Theoretically, the method can 

continue until only one input and one output variable are available in the model. This method can 

be used to create a parsimonious DEA model (Wagner &Shimshak). 

                                In the research there is a set of ten input variables i= (1,2,3……10) and 11 output 

variables s= (1,2…11). The objective is to reduce as many input and output variables as possible. 

Groups of inputs and outputs with similar attributes can be combined into a single measure of input 

or output thus creating a composite data to reduce the number of variables (Paradi, Sherman and 

Tam,2017). Of, the 10 input variables COGS (Cost of Goods Sold) of equipment and COGS of 

rentals can be combined into one variable of COGS of Equipment sales. Similarly, depending on 

the model, the COGS of   Equipment, Rentals, Parts, and Service can be combined into one variable 
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called COGS of the branch. This will bring down the number of input variables to 9 and 6. 

Similarly among the output variables revenue of Equipment and revenue of rentals can be 

combined to revenue of total sales bringing down the output variables to 10. Similarly, revenue of 

equipment, rentals, parts, and service can be combined into one variable called Revenue of the 

branch thus making a composite variable from four variables. Similarly, gross margins of 

equipment, rentals, parts, and service can be combined to form one composite variable called the 

gross margin of the branch. This brings down the number of variables to eight. Such composite 

variables of inputs and outputs can be formed from input and output variables based on intuition 

and judgment (Paradi et al., 2017).  

                   The process was started by running a DEA CCR model with output orientation, with 

eight (I1 to I8) input variables and five output variables (O1 to O5) for thirty-three DMUs using data 

for the year 2014 as the data was available for all thirty-three DMUS. With thirteen variables eight 

inputs and five outputs, it was found that all the DMUs were shown as efficient. This is because 

the sum of inputs and outputs times three is thirty-nine which is more than the number of DMUs 

under analysis (thirty-three). Therefore, a composite variable was formed by combining inputs 

COGS of equipment sales and rental sales and the new variable is called COGS Total sales. 

Similarly, for outputs, equipment sales and rental sales were combined to form a composite output 

variable revenue total sale. This reduced the number of inputs to seven and keeping the outputs to 

four. The model was again run with eleven variables and it was found that twenty-eight DMUs 

had a score of 1 and all the other DMUs had an average score of 0.99425. In other words, with 

eleven variables all the DMUs are shown as efficient with a score of 1indicating that the number 

of variables is too many in relation to the number of DMUs. The details of the score are shown in 

table 5.1, Stepwise approach to reduction of variables. 
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                 Three more models were run by dropping each time an output and efficiency score was 

calculated retaining the same number of input variables seven and reducing output variables one 

by one up to model 8. Please refer to the summary of stepwise approach in Table 5.1. It is found 

that average efficiency score between model 3 to model 8 ranged from 0.949106273 to 

0.999134091 and the change in efficiency score is 0.0500278(5%). 

                 From Model 9 to Model 15, each time an input was dropped and the same number of 

outputs two was retained. The average efficiency score ranged from 0.972327879 to 0.326532394 

and the change in efficiency score is 0.6457954 (64.57%). In other words, as the number of inputs 

and outputs used in the analysis decreases in relation to the number of DMUs the discriminatory 

power of the analysis increases. 

                 It is also found from the table 5.1 that as you move from left column to right column 

and as each output and input is dropped step by step thus reducing the number of variables in the 

analysis, discriminating power of the analysis increases. The number of efficient units found from 

the analysis varies from 33 when thirteen variables were used as compared to 2 efficient units  

when the number of variables were reduced to two. Therefore, the number of variables used in the 

analysis should conform to the formula that the sum of outputs plus inputs times three should be 

less than the number of DMUs under analysis (Cooper et al.,2007). 

            It can, therefore, be concluded from the stepwise variable reduction approach that a 

minimum number of variables should be chosen based on the requirement of the model. 
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Table 5.1. Stepwise Approach for reducing one variable each time - CCR Model  

DMU

CRSScore 
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CRS 

Score.Drop
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number of 
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I3.(2I2O)

Model 1 Model2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 Model 13 Model 14 Model 15

DMU1 1 0.989593 0.989593 0.967235 0.967235 0.977342 0.977342 0.889585 0.928058 0.693864 0.42182 0.42182 0.42182 0.42182 0.208662

DMU2 1 1 1 1 0.931569 0.971906 0.971906 0.870701 0.971906 0.785988 0.48919 0.318888 0.318888 0.318888 0.168403

DMU3 1 0.998365 0.998365 0.984499 0.970653 0.988632 0.988632 0.942526 0.98498 0.762284 0.58176 0.546022 0.546022 0.542423 0.33709

DMU4 1 1 1 0.953069 0.942635 0.961119 0.961119 0.761873 0.901602 0.732432 0.69211 0.688834 0.688834 0.678309 0.252646

DMU5 1 1 1 0.965248 0.957689 0.976565 0.976565 0.894933 0.976565 0.776375 0.50281 0.502812 0.502812 0.502812 0.122217

DMU6 1 1 1 1 1 1 1 1 0.941989 0.748317 0.6729 0.642753 0.642753 0.636646 0.261159

DMU7 1 1 1 1 1 1 1 1 1 1 1 0.945157 0.945157 0.766065 0.605358

DMU8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0.616789

DMU9 1 1 1 1 0.948003 0.991238 0.991238 0.954671 0.907007 0.653734 0.30494 0.304781 0.304781 0.304781 0.147471

DMU10 1 1 1 0.98827 0.98827 1 1 1 1 1 0.93799 0.937082 0.937082 0.937082 0.445497

DMU11 1 0.998356 0.998356 0.91126 0.893869 0.957636 0.957636 0.832463 0.920183 0.884298 0.39217 0.392167 0.392167 0.392167 0.155423

DMU12 1 1 1 1 0.959242 1 1 1 1 1 0.75145 0.460149 0.460149 0.460149 0.219101

DMU13 1 1 1 1 1 1 1 1 1 1 0.50983 0.509832 0.509832 0.509832 0.147368

DMU14 1 1 1 1 1 1 1 1 0.922221 0.770769 0.64765 0.624646 0.624646 0.623513 0.200038

DMU15 1 1 1 1 0.965812 1 1 1 1 1 0.80135 0.801347 0.448844 0.448844 0.801347

DMU16 1 0.9915 0.9915 0.981481 0.981481 0.98093 0.98093 0.9017 0.931733 0.736034 0.60045 0.591086 0.591086 0.591086 0.164936

DMU17 1 1 1 0.970485 0.970485 0.983763 0.983763 0.91465 0.973481 0.792111 0.61986 0.426007 0.426007 0.406701 0.264097

DMU18 1 0.993611 0.993611 0.986225 0.986225 0.983603 0.983603 0.917549 0.943158 0.730722 0.58141 0.581413 0.581413 0.581413 0.133591

DMU19 1 1 1 0.991991 0.989624 0.98893 0.98893 0.931857 0.974962 0.875669 0.80662 0.726809 0.726809 0.690322 0.441428

DMU20 1 1 1 1 1 1 1 1 1 1 1 0.893622 0.893622 0.860661 0.432218

DMU21 1 1 1 1 0.994468 1 1 1 1 0.799856 0.78335 0.766515 0.766515 0.764688 0.360825

DMU22 1 1 1 1 0.970969 1 1 1 0.965412 0.636026 0.51627 0.510207 0.510207 0.510207 0.171629

DMU23 1 1 1 1 1 1 1 1 1 1 0.7735 0.773502 0.773502 0.773502 0.1068

DMU24 1 1 1 0.976204 0.976204 0.973628 0.973628 0.872343 0.952329 0.709545 0.4723 0.471206 0.471206 0.471206 0.248825

DMU25 1 1 1 1 0.943806 0.9973 0.9973 0.976813 0.9973 0.772235 0.41322 0.413215 0.413215 0.413215 0.192186

DMU26 1 1 1 0.991861 0.991861 0.994919 0.994919 0.967683 0.978184 0.850353 0.84594 0.845941 0.845941 0.821446 0.365767

DMU27 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

DMU28 1 1 1 1 0.96057 0.999133 0.999133 0.99652 0.978893 0.745567 0.41078 0.308094 0.308094 0.308094 0.14829

DMU29 1 1 1 1 1 1 1 1 1 1 1 1 1 0.448159 1

DMU30 1 1 1 1 1 0.981137 0.981137 0.860889 0.981137 0.72878 0.71615 0.709188 0.709188 0.683975 0.33626

DMU31 1 1 1 1 1 0.961897 0.961897 0.833751 0.95572 0.730766 0.50287 0.43418 0.43418 0.43418 0.20335

DMU32 1 1 1 1 1 1 1 1 1 0.850797 0.72375 0.653394 0.653394 0.653394 0.222665

DMU33 1 1 1 1 1 1 1 1 1 0.998608 0.99861 0.971882 0.971882 0.971882 0.294133

 

33 32.971425 32.971425 32.667828 32.29067 32.669678 32.669678 31.320507 32.08682 27.76513 22.4711 21.17255 20.82005 19.927462 10.775569

Average 1 0.9991341 0.9991341 0.9899342 0.9785052 0.989990242 0.989990242 0.9491063 0.972328 0.841368 0.68094 0.641592 0.630911 0.6038625 0.3265324

Change in 0.0008659 0 0.0091999 0.011429 -0.011485091 0 0.040884 -0.02322 0.13096 0.16043 0.039349 0.010682 0.0270481 0.2773301

Efficiency

Number of 

Efficient 

Branches 33 28 28 22 13 12 16 16 13 10 5 3 3 2 2



PERFORMANCE MEASUREMENT-DEA  
 

167 
 

Table 5.2. Summary of Stepwise Approach reducing one variable each time - CCR Model   

 

                                    In conclusion from the stepwise approach to variable reduction, it is found that 

a lesser number of variables used yield efficiency scores with better discrimination. However, the 

choice of the variables used will depend on the requirement of the model used to analyze 

efficiency. 

5.6: Returns to Scale: 

                            We have now collected the data, defined the DMUs and the number of variables 

(inputs and outputs) to be used in the research study. We must now define the DEA model with 

respect to returns to scale whether constant or variable returns to scale. According to Banker and 

Natarajan, 2004 it is possible to choose the most suitable scale for the sample by testing the 

hypothesis of constant returns to scale. Banker and Natarajan,2004 suggest using the two-sample 

Kolmogorov-Smirnov test to test the null hypothesis H0: The scale is constant returns to scale. 

Kolmogorov-Smirnov test (K-S, Test) is non-parametric and is based on the maximum distance of  

 

Models Inputs Outputs Dropped 

Efficiency 

Score

Change In 

Efficiency Score

Number of 

efficient Units

Model 1(8I,5O) Department Expenses(I1),Dep&Amortization(I2), Sales of Equipment(O1),Sales of Rentals(O2) None 1 None 33

Number of Staff(I3),Area of facility(I4),COGS Eqpt(I5)Sales of Service(O3),Sale of Parts(O4),

COGSRental Sales(I6),COGS Service(I7),COGS Parts(I8)Total Branch Sales(O5)Total Gross Margin (O6)

Model 2(7I,4O) I1,I2,I3,I4,(I5+I6),I7,I8 (O1+O2),O3,O4,O5,O6 Composite Variables 0.9991341 0.000865909 28

(I5+I6)&(O1+O2)

Model 3(7I,3O) I1,I2,I3,I4,(I5+I6),I7,I8 (O1+O2),O3,O4,O5 Dropped O6 0.99913409 0 28

Model 4(7I,2O) I1,I2,I3,I4,(I5+I6),I7,I8 (O1+O2),O4,O5 Dropped O3 0.98993418 0.009199909 22

Model 5(7I,1O) I1,I2,I3,I4,(I5+I6),I7,I8 (O1+O2),O6 Dropped O4 0.97850515 0.01142903 13

Model6(7I,2O) I1,I2,I3,I4,(I5+I6),I7,I8 O5,O6 Dropped O1,O2 0.98999024 -0.011485091 12

Model 7(7I,1O) I1,I2,I3,I4,(I5+I6),I7,I8 O6 Dropped O5 0.98999024 0 16

Model 8(7I,1O) I1,I2,I3,I4,(I5+I6),I7,I8 O5 DroppedO6 0.94910627 0.04088397 16

Model 9(6I,2O) I1,I2,I3,I4,(I5+I6),I8 O5,O6 Dropped I7 0.97232788 -0.023221606 13

Model 10(5I,2O)I1,I2,I3,I4,(I5+I6), O5,O6 Dropped I8 0.84136758 0.130960303 10

Model 11(4I,2O)I1,I2,I3,I4, O5,O6 Dropped(I5+I6) 0.68094112 0.160426455 5

Model 12(3I,2O)I1,I2,I3, O5,O6 Dropped I4 0.64159245 0.039348667 3

Model 13(2I,2O)I1,I3, O5,O6 Dropped I2 0.63091055 0.010681909 3

Model 14(1I,2O)I3 O5,O6 Dropped I1 0.60386248 0.027048061 2

Model 15(2I,2O)I1,I2, O5,O6 Dropped I3 0.32653239 0.277330091 2
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the cumulative distribution of efficiency scores of the DEA–CRS and DEA-VRS 

models(Banker&Natarajan,2004). 

                           The above test evaluates the null hypothesis of constant returns to scale against 

the alternative hypothesis of variable return to scale (Perico et al.,2016). By construction, the above 

statistic takes the value between 0 and 1 and a high value closer to 1 rejects the null hypothesis 

and accepts the alternative hypothesis and vice versa (Banker& Natarajan,2004). 

                        The two sample K-S test was done using 2013 data and 2014 data. These two years 

were chosen as data were available for maximum number of DMUs. For both, these data test results 

are shown in the table below. 

Table 5.3. K-S Test statistic at α=0.05 

 

  It is evident from K-S Test statistic from the above table 5.3, that the test statistic for both years 

2013 and 2014 at confidence interval 95% and 99%, are closer to zero and as per Banker and 

Natarajan, 2004, it accepts the null hypothesis H0, of constant returns to scale. Therefore, all the 

analysis in the research will be based on constant returns to scale. However, for sake of comparison 

BCC model will also be used to study the behavior of the dealerships under variable returns to 

scale. However, as per Necmi Av Kiran (1999), returns to scale can also be established by finding 

CRS and VRS scores and if the scores do not match then there is scale efficiency and therefore 

BCC model can be used. 

Year Confidence Level K-S Test Statistic 

2013 95% 0.2404(0.145-p value) 

  99% 0.2878(0.065-pvalue) 

2014 95% 0.2367(0.157-pvalue) 

  99% 0.2833(0.071-p value) 
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5.7: Orientation of the Model: 

          Identification of orientation of the model will help in defining what is to be achieved from 

the analysis. There are two orientations in DEA analysis input orientation and output orientation. 

There are instances such as hospital efficiency study where inputs are number of bed days available 

and hospital budget while outputs are number of patients recovered and the number of support 

staff trained. If the objective is to identify units that are over-utilizing resources, then it is obvious 

that input reduction would be the goal of the exercise. In such cases, input-oriented DEA model 

would be a choice. There are instances on the other hand like the study of bank efficiency, where 

the inputs could be interest expense and operating expense and output could be net-interest margin, 

investments, and deposits (Das,1997), the objective will be to maximize the outputs such as 

deposits and investments. In such instances output-oriented DEA model seems more suitable. 

           There are cases in an application the goal is input reduction and output enhancement 

simultaneously, then a slack-based model would be appropriate to study efficiency using DEA 

(Cook et al.,2014). The slack based model deals with the slacks directly and it is a non-radial 

model. It puts aside the assumption of proportionate changes in inputs and outputs. 

       In the current research, there are ten inputs and eleven outputs. From, among the twenty-one 

variables, many models can be formulated. The orientation of the model will be based on what 

needs to be accomplished with the model. If the objective is to maximize the gross margins for a 

given level of cost of goods sold, then it will be output orientation and if the objective is to 

minimize the expenses then it will be input orientation. Therefore, the orientation of the model will 

be based on the objective of the analysis.  
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           In DEA analysis under a specific, returns to scale assumption (RTS), constant returns to 

scale or variable returns to scale, both inputs oriented, and output-oriented models yield the same 

efficient or best practice frontier. The orientations may not matter if the interest is in finding out 

the best practice frontier. However, depending upon the orientations, the reference set of the 

inefficient units may vary (Cook et.al, 2014). 

5.8: DEA Model Development: 

            One of the basic assumptions in DEA analysis is that if a given branch A is capable of Ys 

units of outputs (e.g., sales) with Xr units of inputs, then other branches should also be able to do 

in the same way if they were to function efficiently. Similarly, if branch-B is capable of Yo units 

of outputs with Xi units of inputs, then other branches should be able to perform at the same level 

(Grewal et al.,1999). 

             It is also assumed in DEA   branches A and B can be combined to form a composite branch 

with composite inputs and outputs. This composite branch may not necessarily exist in reality, and 

therefore is called a virtual branch and the inputs and outputs associated with the virtual branch 

are called virtual inputs and outputs. The basis of the DEA analysis lies in finding the virtual 

branch for each real branch. If the virtual branch performs better than the real branch being 

assessed by either producing more outputs with existing inputs or producing more outputs with 

fewer inputs, then the real branch is inefficient (Grewal et al.,1999). 

          The process for finding the best virtual branch is to formulate a linear program to analyze 

the efficiency of thirty-three branches and then solving thirty-three linear programming problems. 

The DEA models described in the literature section will be used with appropriate inputs and 

outputs to model the efficiency of the branches. 
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                                   Based on the above discussion, the efficiency of heavy equipment branches 

will be analyzed using the following four models by using factors of production from accounting 

information and other factors related to land and labor. All these models will use a Black-Box 

approach where the internal structure of the DMU will not be analyzed. However, the factors of 

production in the production process model will be used to analyze efficiency scores using 

Network DEA. All other three models will use only Black-Box approach. The models are listed as 

below. 

1) Model 1: Branch Production Process Maximization(PPM) Model 
 

     Inputs: Number of employees, Area of Facility, Total COGS of the branch, Total Department           

                  Expenses. 

     Outputs: Total Branch Sales revenue, Total Gross Margin of the branch 

 2) Model 2: Branch Profit Maximization Model. 

 

   Inputs: Number of employees, Area of Facility, COGS of Sales, COGS of Service, COGS of  

               Parts. Output: Total Equipment Sales Revenue, Parts Sales Revenue, Total Service     

              Revenue 

 3)  Model 3:  Branch Expenses Minimization Model. 

  

      Input:  COGS of Sales, COGS of Service, COGS of Parts, departmental expenses,  

                    Depreciation and Amortization Output: Total Sales Revenues. 

  4) Model 4: Branch Assets Maximization Model. 

 
 

   Inputs:  Total COGS (Sales+ Service+ Parts), Current Assets, Fixed Assets, Other Assets 

   Output: Total Sales (Equipment +Parts +Service) Revenues
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5.9:  Branch Production Process Maximization Model(PPM) (Model 1) 

                  This model is called the production process maximization model as all the inputs and 

outputs represent the production process in the branch operation. The four inputs used in the model 

are number of employees, the area of the facility, the total cost of goods sold for the branch (COGS) 

and total department expenses. The total cost of goods sold is the sum of the cost of goods sold for 

equipment and rentals, cost of goods sold for service and cost of goods sold for parts. The two 

outputs used are total branch sales revenue and total gross margin for the branch. The total branch 

sales revenue is the sum of sales revenue for equipment and rentals, sales revenue of service and 

sales revenue of parts. Similarly, the total gross margin of the branch is the sum of gross margin 

from equipment and rentals sales, gross margin from service sales and gross margin from parts 

sales. Please note all the gross margin data are real numbers and not ratios and are all positive.  

 Inputs: Number of Staff, Area of Facility, Total COGS of the branch, Total Dep Expenses. 

  Outputs: Total Branch Sales revenue, Total Gross Margin of the branch. 

              There are a total of six factors and a minimum of thirty-three DMUs. The sum of inputs 

and outputs times three is eighteen that is less than thirty-three the number of DMUs and 

therefore complies with the formula of degree of freedom, that relates the number of DMUs and 

number of factors.  

               In this production process model of the branch, efficiency scores will be found using 

the following DEA multiplier models that have been discussed in detail in Chapter 3, Theoretical 

Framework. The orientation of the model will be output oriented as the objective is to maximize 

the production process. The data for the period 2010-2014 will be used for analysis. 

a) CCR and BCC Models: These models are the basic DEA models CCR and BCC 

models. These two models will give the efficiency score under the assumption of constant 
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returns to scale and variable returns to scale. The CCR and VRS scores will then be used 

to find the scale efficiency of the branch. 

b) Super Efficiency Model: The above two models will find more than one DMU as 

efficient. In other words, there will be a number of DMUs that will be efficient and a 

number of DMUs will be inefficient. The super efficiency model will help in assigning a 

score greater than one for efficient DMUs and retain the same score for inefficient 

DMUs. The scores greater than one are called super efficiency score and it helps in 

ranking the DMUs and then in benchmarking. 

c) Cross Efficiency Model: The cross-efficiency model helps in evaluating the efficiency 

of a DMU by its peers and will also identify the DMUs that are far from the normal 

DMUs on the frontier. Such DMUs are called maverick and such DMUs can be identified 

with a score called maverick index. 

d) Envelopment Model: The envelopment model is the dual of the multiplier model in linear 

programming parlance. The envelopment model is chosen to find out the efficiency score, 

reference benchmarking, slack variable and target values. 

e) Bootstrapped DEA: There is noise or error in the CCR and VRS scores obtained by 

CCR and BCC models. Bootstrapped DEA helps in finding the bias in the score and 

thereby helps in correcting the score. 

f) Contextual Variables: There are environmental factors that are called contextual 

variables that have a bearing on the efficiency scores. Ordinary least square regression 

and Tobit regression will be used to find the effect of contextual variables on efficiency 

scores. 
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g) Efficiency Change over time: The change of efficiency scores over period 2010-2014 

will be analyzed using the methods of Window Analysis and Malmquist Productivity 

Index. Window analysis helps in understanding the trend in the efficiency scores and the 

Malmquist index helps in decomposing the efficiency change into technological change 

and efficiency change. 

h) Detection of Outliers: The estimates of efficiency are sensitive to the presence of 

outliers as in DEA superior performance is identified using extreme observations. The 

two methods used will be the super efficiency method proposed by Banker and Cheung 

(2006) and Tran’s method that uses lambda values. 

i) Network DEA: All the above analysis has been done considering the heavy equipment 

retailing organization’s branch as a complete system ignoring the structure of the system. 

Each branch of a heavy equipment retailing organization has equipment sales, equipment 

service, and equipment service organization. All these three operations operate in parallel 

independent of each other. Therefore, the inputs and outputs of the branch will be 

decomposed into inputs and outputs of the individual sales, service and parts operations 

and efficiency found using the network parallel structure. The system can also be viewed 

as a series operation in two stages wherein the first stage the equipment is sold and in the 

second stage the services are performed that includes repairing the machine using labor 

and the parts are sold to service the equipment. The series structure analysis is found to 

understand the efficiency of two-stage operation.   

5.9.1: CCR and BCC Models:  

      The CCR and BCC models were run using the following four inputs and two outputs. 

Inputs: Number of Staff, Area of Facility, Total COGS of the branch, Total Dep Expenses. 
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Outputs: Total Branch Sales revenue, Total Gross Margin of the branch. 

  The orientation of the model is output oriented as it is to maximize the outputs, revenue and 

gross margin from the sale of equipment, service, and parts utilizing the number of employees, 

the area of the facility, department expenses and total cost of goods sold as inputs.  

 LP formulation of the model 

 

Efficiency =
Output(U)

Input(V)
= 

     
Total sales revenue of branch(Y1)+Total G.M of the branch(Y2)

Nbr of Staff(X1)+Area of Facility(X2)+Total Exp(X3)+Total COGS of the branch(X4)
 

Let, u1 =Weight attached to output Y1, 

       u2= Weight attached to output Y2 

       v1= Weight attached to input X1 

       v2= Weight attached to input X2 

       v3= Weight attached to input X3 

      v4 = Weight attached to input X4 
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 Transferring fractional programming problem to Linear programming problem using 

Charnes-Cooper transformation, the LP problem is  

 

1 1 2 2

1 1 2 2 3 3 4 4

1 1 2 2 1 1 2 2 3 3 4 4

1 2 3 4

1 2
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, 0

j j
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u y u y

Subject to

v x v x v x v x

u y u y v x v x v x v x

v v v v

u u

  

   

    





 

  An example of   DEA LP formulation for DMU1 is as below, 
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x Area of facility DMU Input
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 1( 4)ch DMU Input

 

Outputs and Inputs 3 and 4 are times 10,000 

1 2

1 2 3 4
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33 : 87 14 7 8780 8 65

..... 0

, ....... 0
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Subject to
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DMU u u v v v v
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DMU u u v v v v

u u u

v v v

  

   

    

    





 

The primal problem above is rewritten as below. 
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The dual of the above primal problem is written as below, 
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The above is the LP primal and dual problem for four inputs and two outputs for DMU1. Similar 

LP problems can be written for all other 32 DMUs. However, this is a voluminous work and hence 

Max DEA software is used to formulate and solve the complete model to find the efficiency scores.  

               The solution to the above problem will give the values of θ, the efficiency score under 

CCR and BCC models, value of λ the coefficients to define the hypothetical efficient DMU, 

weights for each outputs ur and inputs vi, efficient targets for inputs and outputs and the ratio of 

CCR score to BCC efficiency scores provides a measure of scale efficiency. 

5.9.1A. Efficiency Scores:                                     

                       The CRS efficiency scores for the period 2010-2014 for all the DMUs are given in 

table 5.4, and the VRS efficiency scores for the same period is given in table able 5.5 and Scale 

efficiency scores for the above period is shown in table5.6. The descriptive statistics of CRS 

(Constant returns to scale), VRS (Variable returns to scale) and Scale efficiency scores are shown 

in table 5.7, table 5.8 and table5.9 respectively. 

                                   The CRS efficiency scores indicate the technical efficiency of the DMUs in 

each period. The technical efficiency is a composition of pure technical efficiency and scale 

efficiency. The VRS scores decompose the technical efficiency into pure technical efficiency and 

scale efficiency. The scale efficiency is computed by dividing the CRS scores by VRS scores.  

                                    The results indicate that the thirty-three branches have been characterized 

by significant difference between branches as regards their overall technical efficiency that ranges 

between 89.77%-100%(2014),84.79%-100%(2013),90.86%-100%(2012),86.93%-100%(2011) 

and 86.34%-100%(2010) under constant returns to scale assumption. This indicates that a branch 

has opportunity to increase output by 10.23%(2014),14.21%(2013),9.14%(2012),13.07%(2011) 

and 13.64%(2010) to reach the efficient frontier. In other words, the magnitude of overall technical 
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inefficiency (1-technical inefficiency) that exists in branches ranges from, 9.14%-14.21%. This 

indicates that by adopting best practice technology the branches can increase their gross margin 

and revenue from sales from 9.41%to 14.21% with the same level of inputs in terms of a number 

of staff, the area of the facility, total department expenses and total COGS for the branch. However, 

the potential increase in outputs from the existing inputs varies from branches to branches. 

Alternatively, each branch has the scope of producing 1.11 times (1/0.8977) in 

2014,1.18(1/0.8479) times in 2013,1.10(1/0.9086) times in 2012,1.15(1/0.8693) times in 2011 and 

1.16(1/0.8634) times in 2010, as much outputs from the same level of inputs.  

                    Similarly, under variable returns to scale the efficiency varies from 90.67%-100% in 

2014,85.75% -100% in 2013,91.51%-100% in 2012,89.80%-100% in 2011 and 87.58%-100% in 

2010. Similarly, this indicates that by adopting best practice technology under VRS, the branches 

can increase their gross margin and sales revenue by 9.33% in 2014,14.25% in 2013,8.49% in 

2012,10.2% in 2011 and 12.42% in 2010. Alternately under variable returns to scale each branch 

has the scope of producing 1.10 times (1/0.90672) in 2014,1.17 times (1/0.8575) in 2013,1.09 

times (1/0.9151) in 2012,1.11 times (1/0.8980) in 2011 and 1.4 times (1/0.8758) in 2010, as much 

outputs from the same level of inputs. 

 5.9.1B. Technical Efficiency Scores (CRS Scores)- from CCR Model: 

                                   The technical efficiency scores for the period 2010-2014 are given in table 

5.4. On analyzing the technical efficiency scores for the year 2014 it is found that there are eight 

branches under CRS assumption have acquired the status of globally efficient and lie on the 

frontier with an efficiency score of 1. These branches (DMU 7,8,12,13,20,23,27,29) define the 

best practice or efficient frontier and thus form the reference set for the inefficient branches. The 

utilization of resources in these eight branches is functioning well meaning that the production 
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process is not characterized by wastage of inputs. In DEA terminology these eight branches are 

called peers and they set an example of best-operating practices for other inefficient branches to 

follow. The remaining twenty-five branches have an efficiency score of less than 1, meaning 

they are technically inefficient. Therefore, from the analysis, it is found that there is a presence 

of a marked deviation in the efficiency score of all the branches. 

                         These branches that are inefficient can improve their efficiency by utilizing the 

inputs more efficiently. The technical inefficiency score of the twenty-five branches ranges from 

0.8977 for DMU 9 to 0.966245 for DMU 28. This implies that the above two DMUs can reduce 

their input by 10.23% and 3.38%. This interpretation of technical inefficiency score can be 

extended to other branches in the year 2014 and other years too. 

5.9.1C.: Decomposition of Technical Efficiency – (BCC Model): 

                   The technical efficiency score obtained from the CCR model is composed of pure 

technical efficiency and scale efficiency. In other words, technical efficiency helps to measure 

the combined efficiency that is due to pure technical efficiency and efficiency due to 

inappropriate branch size (scale efficiency). The pure technical efficiency score or VRS score is 

derived from the BCC model under the assumption of variable returns to scale that is free of 

scale effects. Therefore, the pure technical efficiency score indicates that all the inefficiencies in 

a branch directly result from managerial underperformance or managerial inefficiency (Kumar 

&Gulati,2008). The efficiency scores of the branches under variable returns to scale increases 

because BCC model envelops the data points more tightly than the CRS model and hence 

provides efficiency scores that are greater than or equal to those obtained using CCR model 

(Cooper, Seiford, Tone,2007), a model under CRS assumption. In DEA literature, the branches 
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obtaining technical efficiency and  pure technical efficiency scores equal to one are known as 

globally efficient and locally efficient branches (Kumar and Gulati,2008). 

                       The table 5.4 lists the DMUs that are CCR efficient, VRS efficient and scale 

efficient. In the VRS scores for the year 2014there are 13DMUs that have acquired the status of 

locally efficient branches as they attained the pure technical efficiency of 1. There are 8 branches 

in the same year 2014 under CRS assumption have acquired the status of globally efficient and lie 

on the frontier under CRS assumption. The remaining twenty-five branches have an efficiency 

score less than 1. Five DMUs 10,19,28,32 and 33 attained the pure technical efficiency score of 1 

and lie on the efficient frontier under VRS assumption. These five branches that have become 

efficient under VRS assumption but inefficient under CRS assumption, we can infer that the 

overall technical inefficiency in these branches is not caused by poor utilization of inputs 

(managerial inefficiency) but caused by the operation of the branches with inappropriate scale size. 

In the remaining twenty branches where the pure technical efficiency (VRS Score) is less than 1, 

managerial inefficiency exits but of a different nature. In these twenty branches overall, technical 

inefficiency stems from both pure technical inefficiency and scale inefficiency as indicated by the 

fact that of these twenty branches, sixteen branches have VRS score less than Scale Efficiency 

(Refer tables 5.5 and 5.6). This indicates that the in these sixteen branches the inefficiency is 

attributed to managerial inefficiency rather than scale inefficiency. 

             On analyzing the pure technical efficiency score and scale efficiency score for all the 

branches of this heavy equipment retailing organization, it is found that overall technical 

inefficiency is both due to pure technical inefficiency (poor input utilization) and scale efficiency 

(unable to operate at the most productive scale size). 
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  5.9.1D.: Returns to Scale (Scale Efficiency): 

                 As per microeconomic theory, one of the basic objectives of a firm is to operate at its 

most productive scale size i.e., with constant returns to scale(CRS) in order to maximize revenue 

and minimize cost(Kumar&Gulati,2008). The firms may operate in increasing returns to 

scale(IRS) or decreasing returns to scale(DRS) in the short run but will move towards CRS in the 

long run by becoming larger or smaller to survive in a competitor’s market (Kumar & Gulati,2008). 

The firm may change its operating strategy to scale down or up the operations and the scale 

efficiency indicated above to find out if the size of the firm is appropriate to the equipment 

industry. In this research, it is found that there are only 6,11,9,7 and 8 branches operating at the 

most productive scale size in years 2010-2014 respectively (table5.4). 

                         In other words, the results indicate that 18.75%, 33.33% 27.27%,21.21%, and 

24.24% of the branches are operating at most productive scale size under constant returns to scale 

in the period 2010-2014 respectively. Further 25%,27.27%,30.30%,30.39% and 15.15% of 

branches are operating under increasing returns to scale in the year 2010,2011,2012,2013 and 2014 

respectively indicating that these branches are operating below their optimal scale size can enhance 

the technical efficiency by increasing their size. The branches that are operating under decreasing 

returns to scale are 50%, 33.3%, 39.39%, 36.36% and 60.60 % in the years 2010-2014 respectively. 

under decreasing returns to scale indicating that the branch is operating under supra-optimal size. 

The strategic option is to downsize these branches so as to reduce costs. From the above analysis 

it is evident that decreasing returns to scale is the most predominant form of scale efficiency in the 

dealership under study. 
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Table 5.4. Summary of CRS Scores: 2010-2014 (Production Process Maximization Model) 

Please Note: NA indicates that the DMU was not operational during that year 

 

DMU

2014Technical 

Efficiency 

Score(CRS)

2013Technical 

Efficiency 

Score(CRS)

2012Technical 

Efficiency 

Score(CRS)

2011Technical 

Efficiency 

Score(CRS)

2010Technical 

Efficiency 

Score(CRS)

DMU1 0.930246 0.909605 0.931374 0.892344 0.878887

DMU2 0.945015 0.93342 0.997941 0.982162 0.974435

DMU3 0.965043 0.965099 0.950019 0.958615 0.959912

DMU4 0.9029 0.916736 0.938968 0.988051 0.962324

DMU5 0.950534 0.856296 0.931752 0.760054 0.986504

DMU6 0.951304 1 0.957465 1 0.997952

DMU7 1 0.993479 1 1 1

DMU8 1 0.992927 0.986958 1 0.902284

DMU9 0.897789 0.913078 0.914275 0.900003 1

DMU10 0.99902 1 1 1 0.979374

DMU11 0.938974 0.997149 0.982101 0.973535 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 0.874374

DMU14 0.916691 0.880852 0.9239 0.908951 0.933018

DMU15 0.944756 0.932221 0.946444 0.970717 0.938022

DMU16 0.941799 0.979694 0.960434 0.959842 0.8942

DMU17 0.950098 0.915935 0.936257 0.927245 0.960531

DMU18 0.921278 0.89202 1 1 0.971762

DMU19 0.963665 0.968675 0.975476 0.98117 0.904202

DMU20 1 0.974648 0.965074 0.955843 0.871228

DMU21 0.971495 0.962607 0.908628 0.921262 1

DMU22 0.913958 0.847937 1 1 0.934469

DMU23 1 1 0.911565 0.891073 0.930432

DMU24 0.944889 0.915095 0.911387 0.894267 0.906407

DMU25 0.965188 0.948104 0.916269 0.899284 1

DMU26 0.949302 0.914337 1 1 0.934732

DMU27 1 0.9474 0.944022 0.910519 0.863465

DMU28 0.966245 0.936525 0.934245 0.869369 0.900804

DMU29 1 0.938573 1 1 0.96646

DMU30 0.92872 1 1 1 0.964236

DMU31 0.94526 0.98728 0.990772 0.993787

DMU32 0.998663 1 NA NA NA

DMU33 0.998608 NA NA NA NA
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Table 5.5. Summary of VRS Scores 2010-2014 (Production Process Maximization Model) 

 

 

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2011 Pure 

Technical 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

DMU1 0.949093 0.936882 0.974071 0.970136 0.987462

DMU2 0.980016 0.970611 1 1 0.976322

DMU3 0.974518 0.965116 0.957558 0.970153 0.991311

DMU4 0.906721 0.93337 0.949942 1 1

DMU5 0.950544 0.875524 0.948191 1 0.986519

DMU6 0.951843 1 0.966077 1 1

DMU7 1 1 1 1 1

DMU8 1 1 1 1 0.990579

DMU9 0.924842 0.930347 0.927724 0.94214 1

DMU10 1 1 1 1 1

DMU11 0.965348 1 0.989367 0.986068 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 0.875815

DMU14 0.917547 0.883851 0.930313 0.911928 0.943952

DMU15 0.973827 1 0.947707 0.974064 0.950182

DMU16 0.9424 0.982196 0.96062 0.960442 0.894508

DMU17 0.953294 0.920335 0.949247 0.928613 1

DMU18 0.926717 0.905725 1 1 0.981346

DMU19 1 1 0.977769 0.983972 0.91851

DMU20 1 0.975476 0.966566 0.956838 0.879032

DMU21 0.973795 0.964022 0.917062 0.930282 1

DMU22 0.916848 0.857559 1 1 1

DMU23 1 1 0.920805 0.917336 0.940305

DMU24 0.958991 0.921516 0.9151 0.902041 0.929111

DMU25 0.968978 0.954077 0.953981 0.932615 1

DMU26 0.953865 0.945376 1 1 1

DMU27 1 1 1 1 0.92533

DMU28 1 1 0.944973 0.898021 0.910909

DMU29 1 1 1 1 1

DMU30 0.979714 1 1 1 0.966613

DMU31 0.948497 1 0.996238 1

DMU32 1 1 NA NA NA

DMU33 1 NA NA NA NA
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Table 5.6. Summary of Scale Efficiency scores 2010-2014 (PPM-Model) 

 

 

 

 

 

 

 

 

DMU

2014Scale 

Efficiency 

Score RTS

2013Scale 

Efficiency 

Score RTS

2012 

Scale 

Efficiency 

Score RTS

2011 Scale 

Efficiency 

Score RTS

2010 Scale 

Efficiency 

Score RTS

DMU1 0.980142 Decreasing 0.970885 Decreasing 0.956166 Decreasing 0.919814 Decreasing 0.890047 Decreasing

DMU2 0.964285 Increasing 0.961683 Increasing 0.997941 Increasing 0.982162 Increasing 0.998068 Increasing

DMU3 0.990278 Decreasing 0.999983 Decreasing 0.992127 Decreasing 0.988107 Decreasing 0.968325 Decreasing

DMU4 0.995785 Decreasing 0.982179 Decreasing 0.988447 Decreasing 0.988051 Decreasing 0.962324 Decreasing

DMU5 0.99999 Decreasing 0.978038 Increasing 0.982663 Increasing 0.760054 Increasing 0.999985 Increasing

DMU6 0.999435 Decreasing 1 Constant 0.991085 Increasing 1 Constant 0.997952 Increasing

DMU7 1 Constant 0.993479 Increasing 1 Constant 1 Constant 1 Constant

DMU8 1 Constant 0.992927 Increasing 0.986958 Increasing 1 Constant 0.910865 Decreasing

DMU9 0.970748 Decreasing 0.981439 Decreasing 0.985503 Decreasing 0.955275 Decreasing 1 Constant

DMU10 0.99902 Decreasing 1 Constant 1 Constant 1 Constant 0.979374 Decreasing

DMU11 0.972679 Decreasing 0.997149 Decreasing 0.992656 Decreasing 0.98729 Decreasing 1 Constant

DMU12 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU13 1 Constant 1 Constant 1 Constant 1 Constant 0.998355 Decreasing

DMU14 0.999067 Decreasing 0.996607 Decreasing 0.993106 Decreasing 0.996736 Increasing 0.988417 Decreasing

DMU15 0.970147 Increasing 0.932221 Increasing 0.998667 Increasing 0.996564 Decreasing 0.987203 Decreasing

DMU16 0.999362 Decreasing 0.997453 Increasing 0.999807 Increasing 0.999376 Decreasing 0.999656 Increasing

DMU17 0.996648 Decreasing 0.995219 Increasing 0.986315 Increasing 0.998527 Increasing 0.960531 Decreasing

DMU18 0.994131 Increasing 0.984868 Increasing 1 Constant 1 Constant 0.990234 Decreasing

DMU19 0.963665 Decreasing 0.968675 Decreasing 0.997654 Decreasing 0.997153 Increasing 0.984422 Decreasing

DMU20 1 Constant 0.999151 Increasing 0.998457 Increasing 0.99896 Increasing 0.991121 Decreasing

DMU21 0.997638 Decreasing 0.998533 Decreasing 0.990804 Decreasing 0.990304 Decreasing 1 Constant

DMU22 0.996848 Decreasing 0.98878 Decreasing 1 Constant 1 Constant 0.934469 Decreasing

DMU23 1 Constant 1 Constant 0.989965 Decreasing 0.97137 Decreasing 0.9895 Decreasing

DMU24 0.985295 Decreasing 0.993033 Decreasing 0.995942 Decreasing 0.991382 Decreasing 0.975564 Increasing

DMU25 0.996088 Decreasing 0.99374 Increasing 0.960469 Increasing 0.96426 Increasing 1 Constant

DMU26 0.995217 Increasing 0.967167 Increasing 1 Constant 1 Constant 0.934732 Increasing

DMU27 1 Constant 0.9474 Increasing 0.944022 Increasing 0.910519 Increasing 0.933142 Decreasing

DMU28 0.966245 Increasing 0.936525 Increasing 0.988648 Decreasing 0.968094 Decreasing 0.988907 Decreasing

DMU29 1 Constant 0.938573 Decreasing 1 Constant 1 Constant 0.96646 Decreasing

DMU30 0.94795 Decreasing 1 Constant 1 Constant 1 Constant 0.997541 Increasing

DMU31 0.996587 Decreasing 0.98728 Decreasing 0.994513 Increasing 0.993787 Increasing

DMU32 0.998663 Decreasing 1 Constant NA NA NA NA NA NA

DMU33 0.998608 Decreasing NA NA NA NA NA NA NA NA
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Table 5.7. Descriptive Statistics of CCR Scores 2010-2014 (PPM- model) 

 

Table 5.8. Descriptive Statistics of VRS Scores 2010-2014 (PPM- model) 

 

Table 5.9. Descriptive Statistics of Scale Eff Scores 2010-2014 (PPM- model) 

 

 

 

Descriptive Statistics

2014Technical 

Efficiency 

Score(CRS)

2013Technical 

Efficiency 

Score(CRS)

2012Technical 

Efficiency 

Score(CRS)

2011Technical 

Efficiency 

Score(CRS)

2010Technical 

Efficiency 

Score(CRS)

Mean 0.960649697 0.921808848 0.903494727 0.895093727 0.887187938

Standard Error 0.005680398 0.029825098 0.040970584 0.041305831 0.041853671

Median 0.951304 0.948104 0.957465 0.970717 0.948967

Mode 1 1 1 1 1

Standard Deviation 0.032631402 0.171332142 0.235358084 0.237283932 0.236760119

Range 0.102211 1 1 1 1

Minimum 0.897789 0.847937 0.908628 0.869369 0.863465

Maximum 1 1 1 1 1

Count 33 33 33 33 32

Descriptive Statistics

2014Pure 

Technical 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2011 Pure 

Technical 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

Mean 0.970224182 0.93702979 0.91191852 0.914080273 0.907743938

Standard Error 0.00519402 0.03019 0.04125142 0.041459552 0.04266474

Median 0.973827 0.982196 0.966566 0.986068 0.9869905

Mode 1 1 1 1 1

Standard Deviation 0.02983737 0.17342832 0.23697137 0.238166991 0.241348218

Range 0.093279 1 1 1 1

Minimum 0.906721 0.857559 0.9151 0.898021 0.875815

Maximum 1 1 1 1 1

Count 33 33 33 33 32

Descriptive Statistics

2014Scale 

Efficiency 

Score

2013Scale 

Efficiency 

Score

2012 Scale 

Efficiency 

Score

2011 Scale 

Efficiency 

Score

2010 Scale 

Efficiency 

Score

Mean 0.990137 0.9540299 0.9306641 0.919932879 0.91647481

Standard Error 0.00249387 0.0300204 0.041851 0.042042734 0.0427967

Median 0.996848 0.993033 0.993106 0.996564 0.988662

Mode 1 1 1 1 1

Standard Deviation 0.0143262 0.1724542 0.2404157 0.241517117 0.24209471

Range 0.05205 1 1 1 1

Minimum 0.94795 0.932221 0.944022 0.760054 0.890047

Maximum 1 1 1 1 1

Count 33 33 33 33 32
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Table 5.10. Summary of Efficient branches 

 

5.9.2: Discrimination of Efficient Branches: 

                In the above evaluation of the efficiency of the thirty-three branches, it is found that 

there are 6,11,9,7 and 8 efficient branches during the period 2010-2014 respectively under CRS 

assumption and 13,16,12,16 and 13 branches efficient during the period 2010-2014 under VRS 

assumption (Table 5.10). The question now is how to discriminate these efficient units and rank 

them. Two models that are widely used in discriminating the efficient units under production 

process model will be used in this research. They are; 

a) Super Efficiency Model b) Cross Efficiency Model 

5.9.3: Super-Efficiency Model:                  

                       The model description and theoretical aspects of Super Efficiency are covered in 

detail in Chapter 3(Theoretical aspects of DEA). The super efficiency model is run under both 

CRS and VRS with output orientations as below.  

                       Super-efficiency model was run using the same inputs and outputs for the 

Production process model both under CRS and VRS. The super efficiency scores for CRS and 



PERFORMANCE MEASUREMENT-DEA  
 

189 
 

VRS models are given in the table 5.11 and table 5.12. In these tables, the super efficiency scores 

are shown alongside CRS and VRS scores for comparison. 

              Analyzing the super efficiency score under CRS for the year 2014, it is found that in 

the super efficiency model the scores of the inefficient DMUs remain the same and the scores of 

the efficient DMUs are greater than 1. The CRS scores of efficient DMUs DMU 

7,8,12,13,20,23,27 and 29 are in 2014 are 1.072082, 1.0332947, 1.66419, 1.046709, 2.036087, 

1.315397,1.037421 and 2.01309 respectively. These scores can be organized in the ascending 

order and the DMUs 20,29,12,23,13,27 and 7 falls in that order. This means DMU 20 is the most 

efficient and DMU 7 is the least efficient of the eight efficient DMUs. This is how super efficiency 

scores can be used to rank the efficient units. Similar interpretations can be done for the scores in 

the rest of the periods. 

                           Analyzing the VRS super-efficiency model from table 5.12 for the period 

2014, it is found that the DMUs that were efficient under VRS have a super efficiency score 

more than 1 and this can be used to rank the efficient units. The efficiency score of the inefficient 

units remains the same under the VRS super efficiency model. The super-efficient   DMUs under 

VRS model are DMU 7,8,10,12,13,19,20,23,27,28,29,32 and 33 and the scores 

are1.097122,1(Inf),1.2191,1.2166,1.0485,1.4361,2.1827,1.3364,1.7932,1(inf),1(inf),1.3616 and 

1.0513. It is found that DMU8,28 and 29 are infeasible meaning that the LP program has 

unbounded solutions. 

                    There are several models that have been proposed to deal with infeasibility in 

super-efficiency DEA models. Lovell and Rouse (2003) proposed an oriented method for 

tackling the infeasibility problem. This method uses the scaling procedure applied to either input 

(input orientation) or outputs (output orientation) of the efficient units for which the calculation 
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of super efficiency score is infeasible. However, the issue with this procedure is that it assigns 

equal super efficiency scores to infeasible DMUs. Chen (2005) tried solving the problem by 

substituting the inefficient units with their efficient projections under VRS but it solved the 

problem partially as it failed to define a feasible solution in both orientations. Cook et al., (2009) 

introduced an approach which proposes one directional input-output movements so that unit 

under evaluation that is infeasible in SE models reaches the frontier formed by the rest of the 

DMUs. Ray (2008) used a directional distance function to solve the infeasibility issue but was 

not an oriented analysis. Chen et al., (2011) proposed a combinatorial input-and output-oriented 

method that provides targets for evaluated DMUs with radial movements of both inputs and 

outputs. Cheng and Zervopoulos (2012) used a proxy approach to solve the infeasibility problem. 

The concept of the proxy approach is to find a virtual proxy unit for the efficient DMU. The 

authors called the approach as FPA (Frontier Proxy Approach) approach. This approach is used 

in this research in solving the infeasibility problem and the scores of FPA approach are given in 

Table 5.13 alongside VRS and VRS super efficiency scores. It can be seen from this table that 

the DMUs 8,28 and 29 that were infeasible under VRS super efficiency now have a feasible 

solution under FPA approach. The DMUs can now be ranked based on the Super Efficiency 

scores as given in Table 5.13. 

            Therefore, the DMUs can now be ranked based on the CRS and VRS super efficiency 

scores. Based on CRS super efficiency scores the ranking in ascending order is DMU20, DMU29, 

DMU12, DMU8, DMU23, DMU13, DMU27, and DMU7. Similarly, based on VRS, FPA scores 

the DMUs can be ranked in the ascending order as DMU8, DMU20, DMU19, DMU32, DMU23, 

DMU28, DMU10, DMU12, DMU27, DMU7, DMU33, DMU13and DMU29. These rankings can 

help in benchmarking other inefficient branches. 
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Table 5.11. CRS Super-Efficiency of DMUs 2010-2014 (O-O, PPM- Model) 

 

 

 

 

 

 

DMU

Technical 

Efficiency 

Score(CRS)

2014Super 

Efficiency 

Score(CRS)

Technical 

Efficiency 

Score(CRS)

2013Super 

Efficiency 

Score(CRS)

Technical 

Efficiency 

Score(CRS)

2012Super 

Efficiency 

Score(CRS)

Technical 

Efficiency 

Score(CRS)

2011Super 

Efficiency 

Score(CRS)

Technical 

Efficiency 

Score(CRS

2010Super 

Efficiency 

Score(CRS

DMU1 0.930246 0.930246 0.909605 0.909605 0.931374 0.931374 0.892344 0.892344 0.878887 0.878887

DMU2 0.945015 0.945015 0.93342 0.93342 0.997941 0.997941 0.982162 0.982162 0.974435 0.974435

DMU3 0.965043 0.965043 0.965099 0.965099 0.950019 0.950019 0.958615 0.958615 0.959912 0.959912

DMU4 0.9029 0.9029 0.916736 0.916736 0.938968 0.938968 0.988051 0.988051 0.962324 0.962324

DMU5 0.950534 0.950534 0.856296 0.856296 0.931752 0.931752 0.760054 0.760054 0.986504 0.986504

DMU6 0.951304 0.951304 1 1.085768 0.957465 0.957465 1 1.073789 0.997952 0.997952

DMU7 1 1.072082 0.993479 0.993479 1 1.185578 1 1.080064 1 1.835835

DMU8 1 1.332947 0.992927 0.992927 0.986958 0.986958 1 1.106874 0.902284 0.902284

DMU9 0.897789 0.897789 0.913078 0.913078 0.914275 0.914275 0.900003 0.900003 1 1.216853

DMU10 0.99902 0.99902 1 1.087425 1 1.018098 1 1.072793 0.979374 0.979374

DMU11 0.938974 0.938974 0.997149 0.997149 0.982101 0.982101 0.973535 0.973535 1 1.366884

DMU12 1 1.166419 1 1.016649 1 1.069261 1 1.034942 1 1.897264

DMU13 1 1.046769 1 1.209996 1 1.141654 1 1.122056 0.874374 0.874374

DMU14 0.916691 0.916691 0.880852 0.880852 0.9239 0.9239 0.908951 0.908951 0.933018 0.933018

DMU15 0.944756 0.944756 0.932221 0.932221 0.946444 0.946444 0.970717 0.970717 0.938022 0.938022

DMU16 0.941799 0.941799 0.979694 0.979694 0.960434 0.960434 0.959842 0.959842 0.8942 0.8942

DMU17 0.950098 0.950098 0.915935 0.915935 0.936257 0.936257 0.927245 0.927245 0.960531 0.960531

DMU18 0.921278 0.921278 0.89202 0.89202 1 1.049106 1 1.253471 0.971762 0.971762

DMU19 0.963665 0.963665 0.968675 0.968675 0.975476 0.975476 0.98117 0.98117 0.904202 0.904202

DMU20 1 2.036087 0.974648 0.974648 0.965074 0.965074 0.955843 0.955843 0.871228 0.871228

DMU21 0.971495 0.971495 0.962607 0.962607 0.908628 0.908628 0.921262 0.921262 1 1.503247

DMU22 0.913958 0.913958 0.847937 0.847937 1 2.322999 1 2.874382 0.934469 0.934469

DMU23 1 1.315397 1 1.843306 0.911565 0.911565 0.891073 0.891073 0.930432 0.930432

DMU24 0.944889 0.944889 0.915095 0.915095 0.911387 0.911387 0.894267 0.894267 0.906407 0.906407

DMU25 0.965188 0.965188 0.948104 0.948104 0.916269 0.916269 0.899284 0.899284 1 2.447973

DMU26 0.949302 0.949302 0.914337 0.914337 1 1.890749 1 2.095936 0.934732 0.934732

DMU27 1 1.037421 0.9474 0.9474 0.944022 0.944022 0.910519 0.910519 0.863465 0.863465

DMU28 0.966245 0.966245 0.936525 0.936525 0.934245 0.934245 0.869369 0.869369 0.900804 0.900804

DMU29 1 2.01309 0.938573 0.938573 1 1.485373 1 1.164014 0.96646 0.96646

DMU30 0.92872 0.92872 1 1.039994 1 1.140921 1 1.030598 0.964236 0.964236

DMU31 0.94526 0.94526 0.98728 0.98728 0.990772 0.990772 0.993787 0.993787 NA NA

DMU32 0.998663 0.998663 1 1.359632 NA NA NA NA NA NA

DMU33 0.998608 0.998608 NA NA NA NA NA NA NA NA
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Table 5.12. VRS Super-Efficiency of DMU 2010-2014 (O-O, PPM- Model) 

 

 

 

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2014 Super 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2013 Super 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2012 Super 

Efficiency 

Score(VRS)

2011 Pure 

Technical 

Efficiency 

Score(VRS)

2011 Super 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

2010 Super 

Efficiency 

Score(VRS)

DMU1 0.949093 0.949093 0.936882 0.936882 0.974071 0.974071 0.970136 0.970136 0.987462 0.987462

DMU2 0.980016 0.980016 0.970611 0.970611 1 1.116987 1 1.021764 0.976322 0.976322

DMU3 0.974518 0.974518 0.965116 0.965116 0.957558 0.957558 0.970153 0.970153 0.991311 0.991311

DMU4 0.906721 0.906721 0.93337 0.93337 0.949942 0.949942 1 1.056103 1 1.116406

DMU5 0.950544 0.950544 0.875524 0.875524 0.948191 0.948191 1 1(Infeasible) 0.986519 0.986519

DMU6 0.951843 0.951843 1 1.099753 0.966077 0.966077 1 1.080975 1 1.355157(Inf)

DMU7 1 1.097122 1 1.032825 1 1.263066 1 1.744991 1 1(Inf)

DMU8 1 1(Inf) 1 1(Infeasible) 1 1(Infeasible) 1 1(Infeasible) 0.990579 0.990579

DMU9 0.924842 0.924842 0.930347 0.930347 0.927724 0.927724 0.94214 0.94214 1 1.245585

DMU10 1 1.249168 1 1.340466 1 1.03288 1 1.07781 1 1.163685

DMU11 0.965348 0.965348 1 1.196918 0.989367 0.989367 0.986068 0.986068 1 1.392262

DMU12 1 1.216633 1 1.076076 1 1.073829 1 1.101808 1 1(Inf)

DMU13 1 1.048585 1 1.210731 1 1.162911 1 1.517734 0.875815 0.875815

DMU14 0.917547 0.917547 0.883851 0.883851 0.930313 0.930313 0.911928 0.911928 0.943952 0.943952

DMU15 0.973827 0.973827 1 1(Infeasible) 0.947707 0.947707 0.974064 0.974064 0.950182 0.950182

DMU16 0.9424 0.9424 0.982196 0.982196 0.96062 0.96062 0.960442 0.960442 0.894508 0.894508

DMU17 0.953294 0.953294 0.920335 0.920335 0.949247 0.949247 0.928613 0.928613 1 1.204361

DMU18 0.926717 0.926717 0.905725 0.905725 1 1.769267 1 1.608837 0.981346 0.981346

DMU19 1 1.436189 1 1.134197 0.977769 0.977769 0.983972 0.983972 0.91851 0.91851

DMU20 1 2.182778 0.975476 0.975476 0.966566 0.966566 0.956838 0.956838 0.879032 0.879032

DMU21 0.973795 0.973795 0.964022 0.964022 0.917062 0.917062 0.930282 0.930282 1 1.505214

DMU22 0.916848 0.916848 0.857559 0.857559 1 1(Inf) 1 1(Inf) 1 1.143522

DMU23 1 1.336403 1 2.74677 0.920805 0.920805(Inf) 0.917336 0.917336(Inf) 0.940305 0.940305

DMU24 0.958991 0.958991 0.921516 0.921516 0.9151 0.9151 0.902041 0.902041 0.929111 0.929111

DMU25 0.968978 0.968978 0.954077 0.954077 0.953981 0.953981 0.932615 0.932615 1 1(Inf)

DMU26 0.953865 0.953865 0.945376 0.945376 1 1(Inf) 1 1(Inf) 1 2.349032

DMU27 1 1.179321 1 1(Infeasible) 1 1(Infeasible) 1 1.749443(Inf) 0.92533 0.92533(Inf)

DMU28 1 1(Inf) 1 1(Infeasible) 0.944973 0.944973(Inf) 0.898021 0.898021 0.910909 0.910909

DMU29 1 1(Inf) 1 1.005002 1 1.520974 1 1.223321 1 1.004517

DMU30 0.979714 0.979714 1 1.041306 1 1.249039 1 1.311913 0.966613 0.966613

DMU31 0.948497 0.948497 1 1.329488 0.996238 0.996238 1 1.030046 NA NA

DMU32 1 1.361682 1 1.443594 NA NA NA NA NA NA

DMU33 1 1.051372 NA NA NA NA NA NA NA NA
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Table 5.13. VRS Super efficiency score by FPA method (2014) 

 
    

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2014 Super 

Efficiency 

Score(VRS)

2014 Super 

Efficiency 

Score(VRS) 

FPA Method

DMU1 0.949093 0.949093 0.949093

DMU2 0.980016 0.980016 0.980016

DMU3 0.974518 0.974518 0.974518

DMU4 0.906721 0.906721 0.906721

DMU5 0.950544 0.950544 0.950544

DMU6 0.951843 0.951843 0.951843

DMU7 1 1.097122 1.097122

DMU8 1 1(Inf) 3.9837

DMU9 0.924842 0.924842 0.924842

DMU10 1 1.249168 1.249168

DMU11 0.965348 0.965348 0.965348

DMU12 1 1.216633 1.216633

DMU13 1 1.048585 1.048585

DMU14 0.917547 0.917547 0.917547

DMU15 0.973827 0.973827 0.973827

DMU16 0.9424 0.9424 0.9424

DMU17 0.953294 0.953294 0.953294

DMU18 0.926717 0.926717 0.926717

DMU19 1 1.436189 1.436189

DMU20 1 2.182778 2.182778

DMU21 0.973795 0.973795 0.973795

DMU22 0.916848 0.916848 0.916848

DMU23 1 1.336403 1.336403

DMU24 0.958991 0.958991 0.958991

DMU25 0.968978 0.968978 0.968978

DMU26 0.953865 0.953865 0.953865

DMU27 1 1.179321 1.179321

DMU28 1 1(Inf) 1.307694

DMU29 1 1(Inf) 1

DMU30 0.979714 0.979714 0.979714

DMU31 0.948497 0.948497 0.948497

DMU32 1 1.361682 1.361682

DMU33 1 1.051372 1.051372
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  5.9.4: Cross Efficiency Model: 

                                The model description and theoretical aspects of Cross Efficiency are covered 

in detail in Chapter 3(Theoretical aspects of DEA). The Cross-efficiency model is run under both 

CRS and VRS with output orientations as below. The Cross Efficiency is a post DEA analysis. 

The following are some of the uses of Cross Efficiency scores(Doyle&Green,1994). 

 1)It overcomes the problem of “maverick” DMUs. It is used to identify maverick DMUs, the 

DMUs where the difference between a simple efficiency score of a unit and the average cross 

efficiency is high then it is called maverick. From the table 5.14 for the period 2014, DMU 29 has 

a high maverick index of 4.91  

 2) Assess the similarity of the appraisal by peers. 

3) It helps in subclassifying 100% efficient peers. The cross-efficiency score in the matrix and the 

average cross efficiencies gives insight into whether or not these 100% efficient peers are 

consistently good performers. In other words, whether they have a high average cross efficiency 

score. 

4) Differentiate truly efficient peers. A truly efficient peer is one which is not only 100% efficient 

based on simple DEA score but also one whose EJJ score is greater than all other DMUs cross 

efficiency scores EIJ 

5) Identify good all-round performers. The units with a high average cross efficiency scores by 

peers are representative of good all-round performers. 

                               In this research Cross efficiency scores and the maverick indicator is calculated 

for all the DMUs for the period   2010-2014 and shown in Table 5.14. The maverick index has 



PERFORMANCE MEASUREMENT-DEA  
 

195 
 

been scaled up by 10 to enable easy comparison of numbers. The maverick indicator is used to 

identify those DMUs that are operating very differently and those DMUs that are all round 

performers. 

                         From Table 5.14, for the year 2014, DMU 29, has a high maverick score of 4.91 

and DMU8 has a lowest maverick index of 0.34. There are DMUs like DMU 10 and 21 that have 

a lesser maverick index but are efficient meaning they are all round performers. The Maverick 

index can also be used to rank the DMUs (Doyle and Greene,1994). 

5.9.5 Bootstrap DEA of Production Process Maximization Model: 

                      Bootstrap DEA is used to find bias in the efficiency scores. The theoretical aspects of 

Bootstrap DEA are given in detail in Chapter 3 while covering the theoretical aspects of DEA. 

Therefore, in this section bootstrapping is done on the CRS and VRS scores and the results are 

discussed.  

                    In the current research Simar and Wilson (1998) approach has been used where the 

model uses 2000 bootstrap replicates of the CCR and VRS scores obtained from the basic DEA 

model for the period 2010 to2014 at 95% confidence level. The results are tabulated in table 5.15 

and 5.16 below. From the bootstrapping results, it is found that there is bias in the calculation of 

the DEA scores for all the periods 2010-2014. 

                                    In the CRS scores for the period 2014 the bias ranges from a minimum of 

0.65% to a maximum of 4.55%, in 2014,0.65%-5.59% in 2013, 0.58%-4.22% in 2012,0.84% -

5.94% in 2011 and 0.95%-6.22% in 2010.In the VRS scores the bias ranges from 0.65% -4.55%, 

in 2014,0.95%-4.35% in 2013,0.54%-3.37% in 2012,0.83%-3.35% in 2011 and 0.65% -4.03% in 
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2010. The mean bias in CRS scores is from a minimum of 0.72% to a maximum of 5.30% and 

the mean bias of VRS scores is from a minimum of 0.73% to a maximum of 3.93%. 

Table 5.14. Cross efficiency score with Maverick Index (PPM-Model) 

 

                                The bias is subtracted from the original score to get the corrected score and 

the corrected scores are given in table 5.15 and 5.16. 

 

 

 

DMU

2014 

VRS 

Scores

2014 Mean 

Cross 

Efficiency

2014 

Maverick 

Index

2013 

VRS 

Scores

2013 Mean 

Cross 

Efficiency

2013 

Maverick 

Index

2012 

VRS 

Scores

2012 

Mean 

Cross 

Efficiency

2012 

Maverick 

Index

2011 

VRS 

Scores

2011 

Mean 

Cross 

Efficiency

2011 

Maverick 

Index

2010 

VRS 

Scores

2010 

Mean 

Cross 

Efficien

cy

2010 

Maverick 

Index

DMU1 0.94909 0.753557 2.59 0.93688 0.7591 2.34 0.97407 0.758354 2.84 0.97014 0.750953 2.92 0.98746 0.76871 2.85

DMU2 0.98002 0.73875 3.27 0.97061 0.818382 1.86 1 0.818463 2.22 1 0.742901 3.46 0.97632 0.78089 2.50

DMU3 0.97452 0.850888 1.45 0.96512 0.861653 1.20 0.95756 0.809796 1.82 0.97015 0.793017 2.23 0.99131 0.87038 1.39

DMU4 0.90672 0.750885 2.08 0.93337 0.773754 2.06 0.94994 0.807186 1.77 1 0.807898 2.38 1 0.80448 2.43

DMU5 0.95054 0.741314 2.82 0.87552 0.738912 1.85 0.94819 0.79791 1.88 1 0.171345 48.36 0.98652 NA NA

DMU6 0.95184 0.808239 1.78 1 0.952791 0.50 0.96608 0.886162 0.90 1 0.872939 1.46 1 0.86734 1.53

DMU7 1 0.888584 1.25 1 0.920933 0.86 1 0.934628 0.70 1 0.851138 1.75 1 0.85978 1.63

DMU8 1 0.966987 0.34 1 0.934728 0.70 1 0.912282 0.96 1 0.708627 4.11 0.99058 0.79399 2.48

DMU9 0.92484 0.70205 3.17 0.93035 0.796433 1.68 0.92772 0.807512 1.49 0.94214 0.791494 1.90 1 0.81254 2.31

DMU10 1 0.95942 0.42 1 0.946665 0.56 1 0.93215 0.73 1 0.878271 1.39 1 0.94661 0.56

DMU11 0.96535 0.757484 2.74 1 0.884593 1.30 0.98937 0.900801 0.98 0.98607 0.862821 1.43 1 0.92734 0.78

DMU12 1 0.844503 1.84 1 0.911737 0.97 1 0.916706 0.91 1 0.877927 1.39 1 0.93975 0.64

DMU13 1 0.780584 2.81 1 0.927157 0.79 1 0.939937 0.64 1 0.837666 1.94 0.87582 0.86368 0.14

DMU14 0.91755 0.754095 2.17 0.88385 0.781986 1.30 0.93031 0.794777 1.71 0.91193 0.747073 2.21 0.94395 0.70024 3.48

DMU15 0.97383 0.729611 3.35 1 0.791256 2.64 0.94771 NA NA 0.97406 NA NA 0.95018 NA NA

DMU16 0.9424 0.765107 2.32 0.9822 0.878076 1.19 0.96062 0.851931 1.28 0.96044 0.820475 1.71 0.89451 0.83543 0.71

DMU17 0.95329 0.78746 2.11 0.92034 0.817298 1.26 0.94925 0.802015 1.84 0.92861 0.771174 2.04 1 0.78641 2.72

DMU18 0.92672 0.708807 3.07 0.90573 0.779908 1.61 1 0.811238 2.33 1 0.698903 4.31 0.98135 0.69074 4.21

DMU19 1 0.881369 1.35 1 0.890344 1.23 0.97777 0.922139 0.60 0.98397 0.891545 1.04 0.91851 0.91307 0.06

DMU20 1 0.871064 1.48 0.97548 0.852082 1.45 0.96657 0.843034 1.47 0.95684 0.768701 2.45 0.87903 0.81277 0.82

DMU21 0.9738 0.888148 0.96 0.96402 0.880897 0.94 0.91706 0.886802 0.34 0.93028 0.785869 1.84 1 0.76217 3.12

DMU22 0.91685 0.733766 2.50 0.85756 0.71737 1.95 1 0.755348 3.24 1 0.733965 3.62 1 0.6764 4.78

DMU23 1 0.802939 2.45 1 0.762992 3.11 0.92081 0.841331 0.94 0.91734 0.700403 3.10 0.94031 0.76844 2.24

DMU24 0.95899 0.800069 1.99 0.92152 0.802898 1.48 0.9151 0.792866 1.54 0.90204 0.73556 2.26 0.92911 0.85157 0.91

DMU25 0.96898 0.763774 2.69 0.95408 0.821252 1.62 0.95398 0.746312 2.78 0.93262 0.686656 3.58 1 0.75176 3.30

DMU26 0.95387 0.813377 1.73 0.94538 0.795004 1.89 1 0.811906 2.32 1 0.686644 4.56 1 0.73337 3.64

DMU27 1 0.818204 2.22 1 0.826506 2.10 1 0.847393 1.80 1 0.723639 3.82 0.92533 0.74719 2.38

DMU28 1 0.721023 3.87 1 0.799926 2.50 0.94497 0.772716 2.23 0.89802 0.674156 3.32 0.91091 0.73942 2.32

DMU29 1 0.670715 4.91 1 NA NA 1 NA NA 1 NA NA 1 NA NA

DMU30 0.97971 0.824208 1.89 1 0.837516 1.94 1 0.830606 2.04 1 0.730412 3.69 0.96661 0.73551 3.14

DMU31 0.9485 0.782919 2.11 1 0.871396 1.48 0.99624 0.89449 1.14 1 0.803582 2.44 0.77413 -10.00

DMU32 1 0.87152 1.47 1 0.932512 0.72 0.962397 -10.00 0.923292 -10.00 0.87897 -10.00

DMU33 1 0.850581 1.76 0.928561 -10.00 0.911412 -10.00 0.830399 -10.00 0.77104 -10.00
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Table 5.15. Bootstrap VRS Efficiency Scores PPM- Model (2010-2014) 

 

 

  

 

 

 

 

 

 

 

DMU

2014 VRS 

Score(Ori

ginal) Bias

2014Corre

cted VRS 

efficiency

2013 VRS 

Score(Ori

ginal) Bias

2013Corre

cted VRS 

efficiency

2012Score 

VRS(Origi

nal) Bias

2012Correc

tedVRS 

efficiency

2011Score 

VRS(Origi

nal) Bias

2011Corre

cted VRS 

efficiency

2010Score

VRS 

(Original) Bias

2010Corre

ctedVRS 

efficiency

DMU1 0.930246 0.00647 0.923781 0.936882 0.01218 0.924707 0.974071 0.00873 0.96534 0.970136 0.00804 0.9621 0.987462 0.01046 0.977005

DMU2 0.945015 0.02015 0.92487 0.970611 0.01542 0.955187 1 0.03373 0.96627 1 0.02145 0.978552 0.976322 0.01413 0.962188

DMU3 0.965043 0.01437 0.95067 0.965116 0.01002 0.955098 0.957558 0.00643 0.951126 0.970153 0.00935 0.960808 0.991311 0.00809 0.983221

DMU4 0.9029 0.00939 0.89351 0.93337 0.01157 0.921798 0.949942 0.00594 0.944005 1 0.02896 0.971044 1 0.03636 0.963637

DMU5 0.950534 0.01327 0.937262 0.875524 0.01234 0.863186 0.948191 0.00746 0.94073 1 0.0309 0.969097 0.986519 0.01327 0.973252

DMU6 0.951304 0.00941 0.941891 1 0.03816 0.961844 0.966077 0.01103 0.955047 1 0.03103 0.96897 1 0.03728 0.962723

DMU7 1 0.04512 0.954882 1 0.03023 0.969769 1 0.03289 0.967115 1 0.03161 0.968394 1 0.03952 0.960479

DMU8 1 0.04545 0.954548 1 0.04027 0.959729 1 0.03366 0.966345 1 0.03323 0.966772 0.990579 0.01007 0.980514

DMU9 0.897789 0.01044 0.887349 0.930347 0.01415 0.916195 0.927724 0.00978 0.917943 0.94214 0.00998 0.932157 1 0.03828 0.96172

DMU10 0.99902 0.02519 0.97383 1 0.04166 0.958341 1 0.02893 0.971071 1 0.03164 0.968361 1 0.03694 0.963063

DMU11 0.938974 0.01088 0.928092 1 0.0407 0.959299 0.989367 0.01589 0.973481 0.986068 0.01555 0.970522 1 0.03692 0.963078

DMU12 1 0.0438 0.956205 1 0.03747 0.962533 1 0.03391 0.96609 1 0.0335 0.966503 1 0.03874 0.961265

DMU13 1 0.04133 0.958669 1 0.04049 0.959511 1 0.03268 0.967317 1 0.03227 0.967728 0.875815 0.00786 0.867954

DMU14 0.916691 0.01037 0.906317 0.883851 0.01301 0.870843 0.930313 0.00682 0.923497 0.911928 0.00982 0.902109 0.943952 0.0171 0.926848

DMU15 0.944756 0.00598 0.938775 1 0.04088 0.959116 0.947707 0.00948 0.938228 0.974064 0.00987 0.964198 0.950182 0.01095 0.939235

DMU16 0.941799 0.0089 0.932904 0.982196 0.01056 0.971632 0.96062 0.01021 0.950411 0.960442 0.01009 0.950349 0.894508 0.00989 0.884619

DMU17 0.950098 0.0134 0.936701 0.920335 0.00952 0.910811 0.949247 0.00857 0.940675 0.928613 0.01035 0.918267 1 0.03801 0.961995

DMU18 0.921278 0.01475 0.906531 0.905725 0.01039 0.895335 1 0.0337 0.966303 1 0.03264 0.967361 0.981346 0.0118 0.969544

DMU19 0.963665 0.01874 0.944924 1 0.04108 0.958925 0.977769 0.01677 0.961001 0.983972 0.01076 0.973208 0.91851 0.00783 0.910685

DMU20 1 0.04363 0.956372 0.975476 0.01167 0.963808 0.966566 0.0112 0.955368 0.956838 0.00852 0.948322 0.879032 0.00807 0.870965

DMU21 0.971495 0.01384 0.95766 0.964022 0.01074 0.953282 0.917062 0.00563 0.911437 0.930282 0.01031 0.919976 1 0.04032 0.959678

DMU22 0.913958 0.00718 0.906776 0.857559 0.00997 0.847594 1 0.03301 0.966991 1 0.03124 0.968759 1 0.03711 0.962892

DMU23 1 0.04415 0.955847 1 0.03965 0.96035 0.920805 0.00784 0.912969 0.917336 0.00908 0.90826 0.940305 0.00768 0.932623

DMU24 0.944889 0.00697 0.937917 0.921516 0.0114 0.910118 0.9151 0.00789 0.907211 0.902041 0.00863 0.89341 0.929111 0.01664 0.912475

DMU25 0.965188 0.01559 0.949597 0.954077 0.00858 0.945502 0.953981 0.01306 0.940924 0.932615 0.01355 0.919061 1 0.03713 0.962871

DMU26 0.949302 0.0158 0.9335 0.945376 0.01352 0.931857 1 0.03321 0.96679 1 0.03205 0.967951 1 0.03702 0.962983

DMU27 1 0.03733 0.962669 1.0000000 0.04345 0.956547 1 0.03342 0.966579 1 0.03224 0.967763 0.92533 0.00652 0.918814

DMU28 0.966245 0.01828 0.94797 1.0000000 0.04181 0.958187 0.944973 0.01396 0.931016 0.898021 0.00828 0.889742 0.910909 0.00862 0.902288

DMU29 1 0.04397 0.956031 1.0000000 0.02255 0.977451 1 0.0332 0.966804 1 0.0313 0.968702 1 0.01725 0.982751

DMU30 0.92872 0.00919 0.91953 1.0000000 0.03209 0.967915 1 0.03238 0.967621 1 0.03129 0.968712 0.966613 0.01101 0.955607

DMU31 0.94526 0.01179 0.933468 1.0000000 0.03997 0.960026 0.996238 0.01834 0.977898 1 0.02482 0.975179 0

DMU32 0.998663 0.02239 0.976274 1.0000000 0.04155 0.958448 0 0 0

DMU33 0.998608 0.02608 0.972531 0 0 0 0

20102014 2013 2012 2011
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Table 5.16. Bootstrap CRS Efficiency Scores PPM- Model (2010-2014) 

 

 

                                The corrected average efficiency scores are given for each year and it can be 

found that in all cases the new scores corrected with bias are considerably different in magnitude 

than the original scores. The bootstrapping method helps to find the bias in scores due to errors 

and adjust in the overestimated scores. 

5.9.6 Envelopment Form and Proportionate Movement of PPM-Model: 

                                     The solution of the envelopment model corresponds to the dual solution of 

the multiplier model and vice-versa. The input-output weights of branches (ɵ and λ) in 

DMU

2014 

Score(Ori

ginal) Bias

2014Corr

ected 

CRS 

efficiency

2013 

Score(Original) Bias

2013Corr

ected 

CRS 

efficiency

2012Sco

re(Origi

nal) Bias

2012Corre

cted CRS 

efficiency

2011 

Score(Ori

ginal) Bias

2011Corr

ected 

CRS 

efficiency

2010 

Score(Ori

ginal) Bias

2010Corre

cted CRS 

efficiency

DMU1 0.909605 0.006465 0.90314 0.909605 0.00699 0.90262 0.93137 0.00759 0.923788 0.892344 0.00949 0.882852 0.878887 0.0137 0.865187

DMU2 0.93342 0.020145 0.913275 1 0.05303 0.94697 0.99794 0.01941 0.978528 0.982162 0.01454 0.967621 0.974435 0.01821 0.956227

DMU3 0.965099 0.014373 0.950726 0.997149 0.0268 0.970347 0.95002 0.00783 0.94219 0.958615 0.01464 0.943971 0.959912 0.0183 0.941608

DMU4 0.916736 0.00939 0.907346 1 0.03877 0.96123 0.93897 0.00813 0.930841 0.988051 0.02345 0.964598 0.962324 0.0331 0.929229

DMU5 0.856296 0.013272 0.843024 1 0.0559 0.944097 0.93175 0.00679 0.924959 0.760054 0.01904 0.741016 0.986504 0.02468 0.961823

DMU6 1 0.009413 0.990587 0.880852 0.01724 0.863614 0.95747 0.01379 0.943671 1 0.04785 0.952148 0.997952 0.03363 0.964318

DMU7 0.993479 0.045118 0.948361 0.932221 0.00579 0.926431 1 0.04222 0.957778 1 0.04859 0.951409 1 0.06225 0.937753

DMU8 0.992927 0.045452 0.947475 0.979694 0.01265 0.967046 0.98696 0.01516 0.971795 1 0.05179 0.948211 0.902284 0.01948 0.882804

DMU9 0.913078 0.01044 0.902638 0.915935 0.01293 0.903001 0.91428 0.0091 0.905171 0.900003 0.01442 0.885583 1 0.06141 0.938595

DMU10 1 0.02519 0.97481 0.89202 0.01208 0.879937 1 0.0315 0.968496 1 0.04671 0.953286 0.979374 0.02607 0.953308

DMU11 0.997149 0.010882 0.986267 0.968675 0.01611 0.952561 0.9821 0.01259 0.969507 0.973535 0.01246 0.961077 1 0.06001 0.939987

DMU12 1 0.043795 0.956205 0.93342 0.0141 0.919316 1 0.04228 0.957722 1 0.03972 0.960282 1 0.06136 0.938638

DMU13 1 0.041331 0.958669 0.974648 0.0114 0.963249 1 0.04224 0.957763 1 0.05233 0.947667 0.874374 0.0095 0.864871

DMU14 0.880852 0.010374 0.870478 0.962607 0.01164 0.950971 0.9239 0.00801 0.915891 0.908951 0.0113 0.897652 0.933018 0.02688 0.906143

DMU15 0.932221 0.005981 0.92624 0.847937 0.01447 0.833469 0.94644 0.00967 0.936778 0.970717 0.01598 0.954733 0.938022 0.02246 0.915562

DMU16 0.979694 0.008895 0.970799 1 0.05583 0.944172 0.96043 0.00824 0.952191 0.959842 0.01277 0.947069 0.8942 0.01045 0.883755

DMU17 0.915935 0.013397 0.902538 0.915095 0.00664 0.908458 0.93626 0.00785 0.928408 0.927245 0.01408 0.913165 0.960531 0.01875 0.941785

DMU18 0.89202 0.014747 0.877273 0.948104 0.00821 0.939892 1 0.04167 0.958335 1 0.05942 0.940576 0.971762 0.02116 0.950599

DMU19 0.968675 0.018741 0.949934 0.914337 0.00646 0.90788 0.97548 0.01873 0.956745 0.98117 0.01532 0.965855 0.904202 0.01229 0.891915

DMU20 0.974648 0.043628 0.93102 0.9474 0.0133 0.934099 0.96507 0.01147 0.953608 0.955843 0.01047 0.945378 0.871228 0.01383 0.8574

DMU21 0.962607 0.013835 0.948772 0.936525 0.01832 0.918205 0.90863 0.00696 0.901665 0.921262 0.01449 0.906774 1 0.06222 0.937785

DMU22 0.847937 0.007182 0.840755 0.965099 0.0119 0.9532 1 0.04259 0.957408 1 0.05683 0.943172 0.934469 0.02062 0.913846

DMU23 1 0.044153 0.955847 0.938573 0.01633 0.922239 0.91157 0.00672 0.904847 0.891073 0.00894 0.882131 0.930432 0.01271 0.917719

DMU24 0.915095 0.006972 0.908123 1 0.04588 0.954124 0.91139 0.00707 0.904318 0.894267 0.01203 0.882242 0.906407 0.01297 0.893442

DMU25 0.948104 0.015591 0.932513 0.98728 0.02352 0.963756 0.91627 0.01257 0.903695 0.899284 0.01306 0.886224 1 0.06014 0.939861

DMU26 0.914337 0.015802 0.898535 1 0.05651 0.943487 1 0.04321 0.956792 1 0.05607 0.943928 0.934732 0.01442 0.920313

DMU27 0.9474 0.037331 0.910069 0.916736 0.01763 0.899103 0.94402 0.00583 0.938193 0.910519 0.00839 0.902126 0.863465 0.01118 0.85229

DMU28 0.936525 0.018275 0.91825 0.856296 0.01578 0.840512 0.93425 0.01171 0.92254 0.869369 0.00869 0.86068 0.900804 0.01435 0.886459

DMU29 0.938573 0.043969 0.894604 1 0.05082 0.94918 1 0.0427 0.957301 1 0.053 0.946998 0.96646 0.01516 0.951297

DMU30 1 0.00919 0.99081 0.993479 0.01441 0.979071 1 0.04212 0.957877 1 0.0373 0.9627 0.964236 0.01623 0.948003

DMU31 0.98728 0.011792 0.975488 0.992927 0.02784 0.965088 0.99077 0.02006 0.97071 0.993787 0.02122 0.972565 0 0 0

DMU32 1 0.022389 0.977611 0.913078 0.01035 0.90273 0 0 0 0 0

DMU33 0.998608 0.026077 0.972531 0 0 0 0 0 0 0 0

2014 2013 2012 2011 2010
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envelopment model is equivalent to the input-output weight coefficients (u and v) of the multiplier 

model(Ramanathan,2003). The envelopment model is chosen to find out efficiency score, 

reference benchmarking, and slack variable and target values. 

      The results of the output-oriented VRS envelopment model using the data for the year 2014 is 

shown in Table 5.18. The results show the efficiency score, proportional improvement value, slack 

improvement value and target value (projection), number of efficient DMUs, lambda values and 

benchmarking. The target value is equal to the original value plus improved value. If the projection 

to the strong efficient frontier is selected for the target value, the improved value includes two 

parts: one is proportionate movement and the other is slack movement(Ramanathan,2003). 

arg Pr Im

Im

StrongefficientT etValue OriginalValue oportionate rovementValue

Slack provementValue

 


 

           If projection to weak frontier is selected for the target value then improved value includes 

only the proportional improvement value(Ramanathan,2003). 

arg Pr ImWeak EfficientT etValue OriginalValue oportionate provementValue    

        Strongly efficient DMUs are those that have no slacks and weakly efficient DMUs are those 

that have a slack (Ramanathan,2003). Proportionate movement, projection values, and slack 

movements are shown in Table 5.18. The output-oriented VRS envelopment model is as below    

(Sherman and Zhu,2006).   
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        The solution to the above problem is interpreted as the largest expansion of DMU0’s output 

by ϕ, that can be carried out given the DMU0 will stay in the reference technology fixing the input 

at the current level of Xio. The first two constraints form the convex reference technology. The 

third constraint restricts the lambda value or intensity variables, that are dot connectors that will 

be used to construct the best practice frontier to be greater than 0 and non-negative. The fourth 

constraint restricts the input and output slack to be non-negative. This model with the sum of 

lambdas equal to one imposes variable returns to scale on the reference technology and without 
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this constraint it will be a CRS technology. If θ=1 or ϕ=1 then the DMU under evaluation is a 

frontier point. The left-hand side of the constraint 2 and 3 is called the “Reference Set” and the 

right-hand side represents a specific DMU under evaluation. The non-zero optimal λj
* represents 

the benchmarks for a specific DMU under evaluation. The reference set provides coefficients λj 
* 

to define the hypothetical efficient DMU. The reference set or efficient target shows how inputs 

can be decreased and outputs can be increased to make the DMU under evaluation 

efficient(Zhu,2004). The efficiency targets for inputs and outputs can be can be set using the 

following equation respectively. 

0 0

0 0

ˆ 1,2...

ˆ 1,2....

i i i

r r r

x x s i m

y y s r s





  

  
  

       These efficiency targets show how inputs can be decreased and outputs can be increased to 

make DMU under evaluation efficient. 

   The results of the solution of the above LP using data for the period 2014 is shown in the 

following tables. The solution provides non- zero input and output slacks based on input and output 

constraints. It must be noted that slacks exist only for inefficient DMUs. These slacks provide vital 

information on the areas where inefficient DMUs have to improve to become efficient. As per 

Coelli et al., (2005), both technical efficiency and slacks should be reported to provide accurate 

information about a firm in DEA analysis. Therefore, slacks have to be interpreted with efficiency 

values. Slacks are needed to push the frontier to the target(Ozcan,2008). 

      Table 5.18 provides the input and output slacks derived from output oriented VRS model for 

thirty-three heavy equipment retailing organization under study. For interpreting the contents, let 

us consider DMU1.The VRS efficiency of the branch is 0.94909. This means that the branch can 
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become technically efficient (under Farrell’s definition) if all its inputs are proportionately reduced 

by 5.1%. However, even with the proportional reduction in inputs, the branch would not be Pareto 

efficient as it would be operating on the vertical section of the efficient frontier. In order to project 

the branch to a Pareto-efficient point, some further slack adjustments are necessary for this branch 

as non-zero input and output slacks appear for this branch. It is found that DMU1 has slack on the 

inputs, an excess staff of 7.4563 and excess area of the facility of 63,082. On the output side, there 

is no slack on revenue, but it can be increased by 1,318,131 and the slack on gross margin is 

1,071,925. Therefore, DMU1 has to make three adjustments to operate on the efficient frontier. 

First it has to reduce all inputs by 5.1%, second, it has to reduce staff by 15.86% and reduce the 

area of the facility by 67.37%. This will result in improved margin by 1,071,925 and the sales will 

increase by1,318,131. The first type of adjustment is known as radial adjustment while the second, 

third and fourth adjustments are known as slack adjustments. A similar interpretation can be 

extended to other inefficient branches. 

                      After analysis, the inefficient DMU is presented with a relevant set of efficient 

DMUS, called its Reference Set (Paradi et al.,2017). This is also referred to as an efficient reference 

set. The reference set represents the set of efficient DMUs against which the inefficient DMU is 

judged to be inefficient and the changes to improve the inefficient DMUs can be determined by 

the efficiency difference between inefficient DMU and its reference set (Paradi et al.,2017). The 

envelopment form of DEA thus gives actionable advice to the organization on improving 

efficiency that is perceived to be fair and equitable. One of the most powerful and useful features 

of DEA is the ability to identify the amount of excess resource consumed and a potential increase 

in outputs possible in inefficient units as compared to the branches in the efficient reference set. 
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This perspective offered by DEA is unique and not provided by any other method (Paradi et 

al.,2017). 

Table 5.17. Lambda Values of PPM - Model 
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Table 5.18. Slacks and proportionate movement for improving outputs. 
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Table 5.19. Reference Set for inefficient branches for the year 2014 

 

  The above Table 5.19 lists all the reference sets for the inefficient branches along with its 

frequency of occurrence. Chen (1997) and Chen and Yeh (1998) used the frequency of reference 

set to discriminate the branches. The frequency with which an efficient branch shows up in the 

reference sets of the inefficient branch represents the extent of robustness of that branch relative 

to other efficient branches. The higher the frequency the higher the robustness of the branch. In 

other words, a branch that appears with high frequency in the reference set of inefficient branches 

is likely to be a branch that is efficient with respect to a large number of factors and is probably a 

good example of an all-round performer or global leader (Kumar and Gulati,2008). The efficient 

branches that do not appear in the reference set of inefficient banks may not have a common 

input/output mix and therefore are not suitable examples for inefficient branches to emulate. On 

DMU8 DMU10 DMU12 DMU13 DMU19 DMU20 DMU23 DMU28 DMU29 DMU32

DMU1 0.949093 0.20385 0.04063 0.58817 0.75552

DMU2 0.980016 0.228496 0.21333

DMU3 0.974518 0.5769 0.4117 0.11395

DMU4 0.906721 0.72495 0.04578 0.22509 0.00417

DMU5 0.950544 0.076338 0.21512 0.03169 0.23071 0.44615

DMU6 0.951843 0.346341 0.34973 0.25578 0.04815

DMU9 0.924842 0.23726 0.42405 0.33869

DMU11 0.965348 0.07079 0.52237 0.40685

DMU14 0.917547 0.285898 0.35128 0.07393 0.28889

DMU15 0.973827 0.188895 0.03129 0.24912 0.5307

DMU16 0.9424 0.23004 0.45468 0.25078 0.27153

DMU17 0.953294 0.21883 0.71384 0.05918 0.00815

DMU18 0.926717 0.323617 0.20812 0.46827

DMU21 0.973795 0.85431 533394 0.00183 0.09047

DMU22 0.916848 0.027544 0.33389 0.30467 0.3339

DMU24 0.958991 0.027544 0.36614 0.22837 0.3339

DMU25 0.968978 0.011987 0.59847 0.17206 0.21748

DMU26 0.953865 0.67257 0.23825 0.30361

DMU30 0.979714 0.31765 616479 0.06587

DMU31 0.948497 0.08992 0.75254 0.04686 0.11068

11 11 17 2 1 1 14 2 5 9

Reference Set

VRS ScoreDMU

Frequency of Count
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the basis of frequency DMU, 12 can be termed highly robust branch and DMU11 and DMU 8 can 

be termed as a Marginally robust branch (Kumar and Gulati,2008). 

5.9.7: Effect of Contextual variables on efficiency scores of PPM- model. 

5.9.7A Introduction:  

          In the current research dependent variables are DEA bootstrapped CRS and VRS scores 

and the five contextual variables are the total population of the city where the branch is located, 

capital expenditure on machinery and equipment by the federal government, competition index, 

number of competition stores and squared number of competition stores. The descriptive 

statistics of the contextual variables are shown in table 5.20 below.  

Table 5.20. Descriptive statistics of contextual variables 

 

 

 

 

Descriptitive 

Statistics

2014 

CRS 

Score

2014 

VRSScore

Cap 

Expenditure in 

million $ Population

Competition 

Index

Number of 

Competition 

Stores

Sq of Number 

of 

Competition 

Stores

Mean 0.93135 0.93993 712.09091 366896.69697 1737.69697 5.06061 30.15152

Standard Error 0.00705 0.00389 211.73423 76602.81870 459.29869 0.37924 4.74823

Median 0.93251 0.94189 192.00000 145850.00000 1308.00000 4.00000 16.00000

Mode #N/A #N/A 192.00000 383822.00000 1083.00000 4.00000 16.00000

Standard Deviation 0.04048 0.02234 1216.32054 440049.69090 2638.47010 2.17858 27.27650

Sample Variance 0.00164 0.00050 1479435.64773 193643730459.90500 6961524.46780 4.74621 744.00758

Kurtosis -0.36286 -0.05921 9.82696 1.10830 31.15441 0.36717 1.92237

Skewness -0.47933 -0.60977 3.13645 1.40664 5.50934 1.05647 1.63372

Range 0.15006 0.08893 5076.00000 1641610.00000 15869.00000 8.00000 98.00000

Minimum 0.84076 0.88735 51.00000 7909.00000 375.00000 2.00000 2.00000

Maximum 0.99081 0.97627 5127.00000 1649519.00000 16244.00000 10.00000 100.00000

Sum 30.73471 31.01785 23499.00000 12107591.00000 57344.00000 167.00000 995.00000

Count 33.00000 33.00000 33.00000 33.00000 33.00000 33.00000 33.00000

Largest(1) 0.99081 0.97627 5127.00000 1649519.00000 16244.00000 10.00000 100.00000

Smallest(1) 0.84076 0.88735 51.00000 7909.00000 375.00000 2.00000 2.00000

Confidence Level(95.0%)0.01435 0.00792 431.28851 156034.83560 935.56082 0.77249 9.67183
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Table 5.21. Results of OLS regression 

 

                           The five factors population of the city, capital expenditure by federal government 

on machinery and equipment, number of competition stores, square of the number of competition 

stores and competition index are the variables that may have an effect on the efficiency scores. 

The population data of each city where the branch is located and the capital expenditure on 

machinery and equipment were collected from the Statistics Canada database for the year 2014. 

The number of competition stores in each city where the branch is located was compiled from the 

database of the various equipment manufacturers’ organization. The competition index HHI is the 

Herfindahl-Hirschman Index better known as Herfindahl index is a statistical measure of 

concentration used in economics to measure competitive effects (Nauenberg et al., 1997). HHI 

accounts for the number of firms in a market as well as concentration and is calculated by squaring 

the market share of all firms in a market and then summing the squares as follows. 

       HHI   =  ∑ (𝑴𝑺ᵢ)𝒏
𝒊=𝟏

2      …………….  (4.2.2) 

MSi represents the market share of firm i and there are n firms in the market. The data of market 

share was obtained from trade and industry journals. 

 

Independent Variable Coefficients

Standard 

Error t Stat P-value Coefficients

Standard 

Error t Stat P-value

Intercept 0.972543985 0.03121734 31.1539625 1.06037E-22 0.873473852 0.059302 14.7291 1.9988E-14

Cap Expenditure in million $ 1.118E-05 5.1328E-06 2.17817086 0.038299236 3.67216E-06 9.75E-06 0.37661 0.70940551

Population 7.5848E-10 1.157E-08 0.06555835 0.948212465 7.49351E-09 2.2E-08 0.34095 0.73577915

Competition Index -1.9628E-06 2.2814E-06 -0.8603247 0.397185377 2.80869E-06 4.33E-06 0.64806 0.52241823

Number of Competition Stores -0.01082445 0.01140742 -0.9488953 0.351090477 0.021025332 0.02167 0.97024 0.34053928

Sq of Number of Competition Stores 0.000575111 0.00089382 0.64342867 0.525373783 -0.001948981 0.001698 -1.1478 0.26110514

Multiple R 0.421246376 0.310166206

R Square 0.177448509 0.096203075

Adjusted R Square 0.025124159 -0.071166726

Standard Error 0.02205463 0.041896365

Observations 33 33

BOOTSTRAPPED VRS Scores(Dependent Variable) BOOTSTRAPPED CRS Scores(Dependent Variable)OLS Regression
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5.9.7B OLS Regression: 

                               The above five contextual variables were regressed (MSExcel-2016) against 

the dependent variable bootstrapped CCR scores and VRS scores for the year 2014. The results of 

the two models are tabulated in the table 5.21 above. From table 5.21, it is found that in the model 

using VRS scores the coefficients of competition index and number of competition stores have a 

negative sign. This means that when the competition index and the number of competition stores 

are high, it brings down the efficiency of the operating branch indicating that there is competition 

for the business. The coefficients of the other three contextual variables population, capital 

expenditure and square of the competition stores have a positive sign indicating that they all have 

a positive influence on the efficiency. Further, when the federal expenditure on machinery and 

equipment is high the branches have more opportunities to sell equipment and parts. The 

coefficient of a square number of competitive stores has a positive sign and it is opposite to the 

negative sign of the number of competitive stores. In other words, the effect of number of 

competitive stores is an inverted U shape (Ko et al.,2017). This implies that efficiency decreases 

when the intensity of competition increases up to a point but then efficiency increases after it 

reaches a threshold level.  

                              In the model that uses CRS scores all the coefficients of the contextual variables 

have positive sign except the square of the number of competition stores which has a negative sign. 

This is opposite to the effect on number of competition stores that has a positive sign. This means 

that when a branch is operating at constant returns to scale efficiency increases with the intensity 

of competition up to a certain level and then drops after a threshold point is reached. However, the 

high p- values at 5% level indicates that the coefficient values of the five contextual variables are 

not significant statistically. 
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5.9.7C. Tobit Regression: 

                         In this investigation the five contextual variables as mentioned above were 

regressed with CCR bootstrapped score and VRS score using Tobit regression by using E-Views 

software and the results of the two models are shown in table 5.22, below.  

            In both models using bootstrapped CRS and VRS scores, the coefficients of Capital 

expenditure, population and square number of competition stores have negative coefficients 

meaning that the efficiency drops when there is increase in capital expenditure, population and the 

square of the number of competition stores. The negative sign of square of competition stores in 

conjunction with the positive sign for the number of competition stores can be interpreted as, that 

efficiency increases with competition up to a point and then drops. The drop-in efficiency score 

with increase in population and capital expenditure is not explained by the model. The other factors 

competition index and competition stores have a positive coefficient under both models using CRS 

and VRS scores. As per Tobit regression, the efficiency drivers are competition index and number 

of competition stores with p-value being very significant under VRS. 

Table 5.22. Results of Tobit regression  

 

5.9.7D. Conclusion                 

             The second stage analysis of DEA was done using both bootstrapped CCR scores and VRS 

scores of DEA for the year 2014 on the contextual variables using both OLS regression and Tobit 

Variable 

Independent Variable Coefficient z-Statistic P-Value Coefficient z-Statistic P-Value

CAP_EXPENDITURE_IN_MILLI -3.88E-05 -1.530467 0.0205 -3.01E-05 -1.028383 0.3038

COMPETITION_INDEX 2.55E-05 2.316559 0 2.04E-05 1.600021 0.1096

NUMBER_OF_COMPETITION_ST 0.334435 29.97683 0.2499 0.329695 25.54595 0

POPULATION -6.69E-08 -1.150487 0.2499 -9.57E-08 -1.422832 0.1548

SQ_OF_NUMBER_OF_COMPETIT -0.025421 -15.9513 0 -0.023847 -12.93532 0

Log likelihood 24.86203 20.0549

Dependent Variable

Bootstrapped CRS Score Bootstrapped VRS Score
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regression. Both these regression methods identify the important determinants of the efficiency of 

heavy duty equipment retailing organizations. It is found from OLS regression competition index 

and number of competition stores have a negative coefficient for VRS scores implying that 

increase in these values will decrease the efficiency. Similarly, in CRS scores it was found that the 

square of number of competition stores has a negative coefficient indicating that they have a 

negative effect on efficiency whereas all the other factors had a positive coefficient. The mean of 

CRS and VRS efficiency scores is 0.93135 and 0.93993 respectively. The p- value of the 

contextual variable indicate that the results are not statistically significant.  

               Similarly, in analysis with Tobit regression coefficients of population, capital 

expenditure and square of competition stores all have a negative sign with both CRS and VRS 

scores and the coefficients of other two factors competition index and number of competition 

stores have a positive sign. However, the p-value is zero for competition index and square of 

competition stores with CRS scores. Similarly, the p-value is zero for number of competition stores 

and square of competition stores with VRS scores. This indicates that the results associated with 

these factors are statistically significant. However, the other factors population and capital 

expenditure have a high p-value indicating the results are not statistically significant. 

                    These findings have important policy and managerial implications. The competition 

in the industry is one factor that has major effect on efficiency as it dictates the survival instinct of 

the organization. This will help improve customer service and in turn help in retention of 

customers. 
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5.10 Efficiency Change Over Time (PPM- Model) 

 5.10.1 Introduction:  

                        The analysis presented till section 5.9 dealt with various DEA models that had 

data for a single period to calculate efficiency score. In other words, the sections till 5.9 dealt 

with the uses of DEA under static conditions. The dynamic environment in heavy equipment 

industry and dealerships may show varying performances over time and this may depend on 

many external factors such as government regulations, effect of related industries, business cycle 

to name a few. These dealerships may make gains or losses depending on how they respond to 

various external business environment and internal influences within the organizations. 

Therefore, measurement of efficiency under static conditions may be misleading. This section 

will use two non-parametric DEA models Window analysis and Malmquist index under dynamic 

(time dependent) situations. 

                The theoretical aspects of Window analysis and Malmquist productivity index was 

covered in detail in Chapter 3(Theoretical aspects of DEA). Therefore, in this section analysis of 

results will be presented for both Window analysis and Malmquist productivity index. 

5.10.2 Window Analysis (PPM- Model): 

                     In this research window analysis is carried out on a five-year data of an equipment 

retailing organization in Canada that has thirty-three retailing branches (DMUs) for the period 

2010 to 2014. The formula for calculating the number of data points in Window Analysis as  per  

Cooper et al.,2007 is as below. 
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( )

1 .......

33, 5, 3, 3.

33 3 3 297

297

p lengthof window p k

w number of windows

k number of periods

iscalculated by the formula

w k p

Inthecurrent research

n k p and w

Number of different DMUs npw

x x

different DMUs

number of DMUs

 





  

   



 

   ( 1)( )

33(5 1)(5 3) 264

n p k p 

   

                     

   In other words,  (delta) represents additional 264 DMUs that are now available to calculate the 

change in efficiency scores as compared to the original 33 DMUs. With three inputs and two 

outputs there are now 264x5= 1320 data entries available to which DEA model can be applied to 

study the variation in technical efficiency, pure technical efficiency and the scale efficiency. The 

results of the analysis are tabulated in Tables 5.23,5.24 and 5.25. Table 5.23 shows results of 

window analysis of CCR (technical efficiency) scores, Table 5.24 depicts results of window 

analysis of BCC (pure technical efficiency) scores and Table 5.25 indicates results of scale 

efficiency. In Table 5.25 alongside the scale efficiency scores C, D and I, indicate constant, 

decreasing and increasing returns to scale. The column views in the result enables us to analyze 

the stability of results across different data sets and row views helps in determining the trends in 

efficiency scores within the same data set (Cooper, Seiford and Tone,2007). 

                        A Window analysis of the efficiency scores obtained by the Production Process 

model (Model 1) that has four inputs number of employees, area of facility, total expenses for the 
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branch, total COGS for the branch and two outputs total sales for the branch and total gross margin 

for the branch is done with the data for the years 2010-2014. 

        The three Tables 5.23,5.24 and 5.25 report the results of DEA window analysis with each 

heavy equipment retailing organization represented as if it were a different DMU in each of the 

three successive periods as indicated in the first row. The three windows chosen are 2010-

2012,2011-2013 and 2012 -2014 and each with the length of window being a three-year period 

and is similar to the original work of (Charnes, Clark, Cooper and Golany,1985). 

    Taking DMU1 as an example in Table 5.23, the technical efficiency of heavy equipment 

retailing organization is analysed using window analysis. The efficiency of DMU1in the first 

window 2010-2012 is 1.0, 0.74232 and 0.56339. Similarly, in the second window 2011-2013, the 

efficiency score is 0.89663, 0.87404 and 0.81640 and in the third window 2012-2014 it is 

0.87884,0.83185 and0.78192 respectively. The associated mean is also given in the adjacent 

columns. In the first windows 2010-2012, the efficiency score is dropping from a high of 1 in 2010 

to a low of 0.56339 showing a declining trend in efficiency scores. In the second window the trend 

of efficiency scores is moving from a high of 0.89 to a low of 0.81. In the third window the 

efficiency score drops from a high of 0.87 in 2012 to a low of 0.78 in 2014, showing a declining 

trend in efficiency scores. This analysis is across the row of each period. On analyzing the 

efficiency scores along the column for the three windows it is found that the scores are fluctuating 

from 58 to 60 in the first two windows somewhat stable but increases to 81 in the third window 

thus indicating the efficiency scores are not stable. 

               Similarly considering the same DMU1 as an example to study variations in pure technical 

efficiency VRS scores can be analysed from Table 5.24. The VRS score in the first window2010-
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2012 is found as 1.0,0.82693 and 0.709627 and in the second window 2011-2013 it is found as 

0.92991,0.87621 and 0.83963 and in the third window 2012-2014 it is found as 0.878531,0.83963 

and 0.78195 respectively. As indicated above the mean is also indicated in the adjacent column. 

From the above scores it is found, that the VRS scores are declining from a high of 1 to 0.709627 

in the first window and similarly in the other two windows VRS score is showing a declining trend. 

When the scores are analysed along the column the scores are 1,0.91894,0.8480,0.83963 and 

0.78195 indicating a drop of efficiency scores from one year to the next.  

   The Table 5.25 indicates scale efficiency. In other words, it indicates a relationship between 

efficiency and scale of production. Again, considering the same sample DMU1, it is found from 

Table 5.25 that the scale efficiency scores in the first window 2010-2012 is 1.0,0.897682 and 

0.79392 and all showing decreasing returns to scale. In the second window 2011-2013, the 

efficiency scores are 0.964209,0.997436 and 0.972696 and all showing a decreasing return to 

scale. The scale efficiency in the second window is showing a stability.  In the third window it is 

0.999215,0.990734 and 0.999971again showing the efficiency scores are stable but shows 

increasing returns to scale in 2014.  The trend of scale efficiency in the third window is stable 

whereas in the first two windows it is not. The scale efficiency table details the properties of each 

heavy equipment retailing organization at different time and in different windows. Of all the 

DMUs (297), 27.27% of the DMUs exhibit decreasing returns to scale,20.5% DMUs exhibit 

constant returns to scale and 45.45% indicate increasing returns to scale. This indicates that 

production scale is a source of inefficiency in heavy equipment retailing organization. 
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Table 5.23. Window Analysis of CRS Efficiency Scores 

 

 

DMU Window 2010 2011 2012 2013 2014 Mean

DMU1 2010-2012 1 0.74232 0.56339 0.7094

2011-2013 0.89663 0.87404 0.8167

2012-2014 0.87784 0.83185 0.78192

DMU2 2010-2012 1 0.83039 0.7238 0.8590

2011-2013 0.93698 0.86973 0.83879

2012-2014 0.87403 0.8405 0.81759

DMU3 2010-2012 1 0.72861 0.58919 0.7930

2011-2013 0.84429 0.78314 0.78694

2012-2014 0.78521 0.81893 0.80101

DMU4 2010-2012 1 0.96147 0.597 0.8296

2011-2013 0.90278 0.82768 0.78786

2012-2014 0.83116 0.78617 0.77245

DMU5 2010-2012 NA NA 0.62449  0.7874

2011-2013 NA 0.83939 0.78552

2012-2014 0.85279 0.79992 0.8224

DMU6 2010-2012 0.8328 1 0.85581 0.9192

2011-2013 1 0.89214 1

2012-2014 0.89373 1 0.79856

DMU7 2010-2012 0.91261 1 1 0.9660

2011-2013 1 1 0.91013

2012-2014 1 0.91013 0.96122

DMU8 2010-2012 0.80396 0.886 0.92144 0.9660

2011-2013  1 0.88915 0.98251

2012-2014 0.89153 0.99055 1

DMU9 2010-2012 0.56823 0.68157 0.62932 0.7483

2011-2013 0.82157 0.79757 0.83708

2012-2014 0.80403 0.84593 0.75

DMU10 2010-2012 1 1 0.95742 0.9831

2011-2013 0.97353 0.97137 1

2012-2014 0.98697 1 0.95939

DMU11 2010-2012 0.85414 0.8741 0.84205 0.8615

2011-2013 0.88317 0.8628 0.86744

2012-2014 0.91762 0.93842 0.7143

DMU12 2010-2012 0.99239 1 0.91919 0.9801

2011-2013 1 0.97179 0.989

2012-2014 0.97526 0.97408 1
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Table 5.23. Window Analysis of CRS Efficiency Scores  
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Table 5.23. Window Analysis of CRS Efficiency Scores  

 

 

 

 

 

 

 

 

 

DMU26 2010-2012 0.69666 0.72786 0.74872 0.8170

2011-2013 0.8932 0.8649 0.85484

2012-2014 0.86932 0.85692 0.84133

DMU27 2010-2012 1 1 1 0.9583

2011-2013 1 1 0.87081

2012-2014 1 0.87735 0.87729

DMU28 2010-2012 0.6663 0.68643 0.60293 0.8057

2011-2013 0.89201 0.85977 0.89389

2012-2014 0.86281 0.89585 0.89209

DMU29 2010-2012 NA NA NA 1.0000

2011-2013 NA NA NA

2012-2014 NA NA 1

DMU30 2010-2012 0.60667 0.74319 0.84251 0.8441

2011-2013 0.86826 0.90722 0.92737

2012-2014 0.90722 0.92737 0.86717

DMU31 2010-2012 0.72405 0.93232 1 0.9258

2011-2013 0.94097 1 0.95353

2012-2014 1 0.95353 0.8285

DMU32 2010-2012 1 1 1 0.99274

2011-2013 1 1 1

2012-2014 1 1 0.93468

DMU33 2010-2012 0.71599 0.99224 1 0.9607

2011-2013 1 0.99685 1

2012-2014 0.99946 1 0.94206
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Table 5.24. Window Analysis of VRS Scores 

 

 

DMU Window 2010 2011 2012 2013 2014 Mean

DMU1 2010-2012 1 0.82693 0.709627 0.9647

2011-2013 0.92991 0.876285 0.83963

2012-2014 1 0.878531 0.83963 0.78195

DMU2 2010-2012 1 0.83062 0.723959 0.9926

2011-2013 1 0.957345 0.92121

2012-2014 0.968618 0.92506 0.89299

DMU3 2010-2012 1 0.73436 0.60992   0.7970

2011-2013 0.84735 0.783184 0.78823

2012-2014 0.789105 0.81986 0.80146

DMU4 2010-2012 1 1 0.605427 0.8412

2011-2013 0.94718 0.827716 0.78967

2012-2014 0.835712 0.78853 0.77684

DMU5 2010-2012 NA NA 0.639492 0.8077

2011-2013 NA 0.872158 0.82075

2012-2014 0.867732 0.81236 0.83426

DMU6 2010-2012 0.84169 1 0.859016 0.9269

2011-2013 1 0.910957 1

2012-2014 0.918527 1 0.81196

DMU7 2010-2012 0.96045 1 1 0.9894

2011-2013 1 1 0.97163

2012-2014 1 0.97278 1

DMU8 2010-2012 1 1 1 1.0000

2011-2013 1 1 1

2012-2014 1 1 1

DMU9 2010-2012 0.70549 0.74263 0.726582 0.8653

2011-2013 0.82809 0.813148 0.84157

2012-2014 0.813148 0.84748 0.75241

DMU10 2010-2012 1 1 0.97202 0.9913

2011-2013 0.97972 0.980003 1

2012-2014 0.990804 1 1

DMU11 2010-2012 0.92505 0.93152 0.901123 0.9281

2011-2013 0.93152 0.915618 1

2012-2014 0.934903 1 0.81372

DMU12 2010-2012 1 1 0.923258 0.9846

2011-2013 1 0.973637 0.99514

2012-2014 0.981285 0.98828 1
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Table 5.24. Window Analysis of VRS Scores 
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Table 5.24. Window Analysis of VRS Scores 

 

 

 

 

 

 

 

 

 

 

DMU27 2010-2012 1 1 1 0.9873

2011-2013 1 1 0.96375

2012-2014 1 0.94807 0.97406

DMU28 2010-2012 1 1 0.995034 0.9985

2011-2013 1 0.991653 1

2012-2014 1 1 1

DMU29 2010-2012 NA NA NA 1.0000

2011-2013 NA NA NA

2012-2014 NA NA 1

DMU30 2010-2012 0.64737 0.7889 0.903083 0.9002

2011-2013 0.95517 0.9769 0.9769

2012-2014 0.955166 0.97767 0.92137

DMU31 2010-2012 0.72818 0.9345 1 0.9306

2011-2013 0.95369 1 0.96135

2012-2014 1 0.96135 0.83649

DMU32 2010-2012 0.74564 1 1 0.9675

2011-2013 1 1 1

2012-2014 1 1 0.96271

DMU33 2010-2012 0.75481 1 1  0.9666

2011-2013 1 1 1

2012-2014 1 1 0.94514
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Table 5.25. Window Analysis of Scale Efficiency 

 

 

 

 

DMU Window 2010 2011 2012 2013 2014

DMU1 2010-2012 1 ( C) 0.897682 0.79392

2011-2013 0.964209 0.997436 0.972696

2012-2014 0.999215 0.990734 0.999971

DMU2 2010-2012 1( C) 0.999728(D) 0.999782(D)

2011-2013 0.936983(I) 0.908476(I) 0.910528(I)

2012-2014 0.90235(I) 0.908588(I) 0.915563(I)

DMU3 2010-2012 1( C) 0.992177(D) 0.966005(D)

2011-2013 0.996385(D) 0.999948(D) 0.998353(D)

2012-2014 0.99507(I) 0.998867(I) 0.999443(I)

DMU4 2010-2012 1( C) 0.96147(D) 0.986083 (D)

2011-2013 0.953119(D) 0.99996(I) 0.997705(D)

2012-2014 0.994552(I) 0.997015(I) 0.994356

DMU5 2010-2012 NA NA 0.976542(I)

2011-2013 NA 0.962424(I) 0.957074(I)

2012-2014 0.982777(I) 0.984687(I) 0.985784(I)

DMU6 2010-2012 0.989448(I) 1( C) 0.996273(I)

2011-2013 1( C) 0.979346(I) 1( C)

2012-2014 0.973003(I) 1( C) 0.983497(I)

DMU7 2010-2012 0.950185(I) 1( C) 1( C)

2011-2013 1( C) 1( C) 0.936703(I)

2012-2014 1( C) 0.935594(I) 0.961217(I)

DMU8 2010-2012 0.803961(I) 0.886002 0.921444(I)

2011-2013 1( C) 0.889151(I) 0.982506(I)

2012-2014 0.891525(I) 0.990552(I) 1( C)

DMU9 2010-2012 0.805447(D) 0.917778(D) 0.866133(D)

2011-2013 0.992119(D) 0.980843(D) 0.994673(D)

2012-2014 0.988788(D) 0.998172(I) 0.996804(I)

DMU10 2010-2012 1( C) 1( C) 0.984983(D)

2011-2013 0.993688(D) 0.991191(D) 1( C)

2012-2014 0.996126(I) 1( C) 0.959387(D)

DMU11 2010-2012 0.923355(D) 0.938356(D) 0.934445(D)

2011-2013 0.948092(D) 0.942313(D) 0.867442(D)

2012-2014 0.98151(D) 0.93842(D) 0.877819(D)
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Table 5.25. Window Analysis of Scale Efficiency 

 

 

 

DMU12 2010-2012 0.992389(D) 1( C) 0.995598(D)

2011-2013 1( C) 0.998106(I) 0.993834(I)

2012-2014  0.993864(I) 0.985636(I) 1( C)

DMU13 2010-2012 1( C) 1( C) 1( C)

2011-2013 1( C) 0.993023(D) 1( C)

2012-2014 0.992201(D) 1( C) 0.964925(I)

DMU14 2010-2012 0.981398(I) 0.998136(I) 0.999168(D)

2011-2013 0.98558(I) 0.98327(I) 0.99082(I)

2012-2014 0.992405(I) 0.993974(I) 0.998356(I)

DMU15 2010-2012 NA NA NA

2011-2013 NA NA 0.798587(I)

2012-2014 NA 0.852023(I) 0.830018(I)

DMU16 2010-2012 0.999353(I) 0.986464(I) 0.9945(I)

2011-2013 0.994775(D) 0.988331(I) 0.972512(I)

2012-2014 0.996578(I) 0.994869(I) 0.996684(I)

DMU17 2010-2012 0.999348(D) 0.97584(D) 0.974033(D)

2011-2013 0.986096(I) 0.977779(I) 0.981673(I)

2012-2014 0.983992(I) 0.991891(I) 0.977613(I)

DMU18 2010-2012 0.898463(I) 0.956148(I) 0.97583(I)

2011-2013 0.960245(I) 0.953294(I) 0.975082(I)

2012-2014 0.982709(I) 0.987331(I) 0.977539(I)

DMU19 2010-2012 0.935568(D) 1( C) 1( C)

2011-2013  1( C) 0.979394(D) 0.951764(D)

2012-2014 0.97969(D) 0.9449(D) 0.959818(D)

DMU20 2010-2012 0.972535(D) 0.976623(D) 0.997349(I)

2011-2013 0.989647(I) 0.993573(I) 0.992071(I)

2012-2014 0.993259(I) 0.989007(I) 1( C)

DMU21 2010-2012 0.999147(D) 0.998848(D) 0.998756(D)

2011-2013 0.974925(I) 0.996928(I) 0.999207(D)

2012-2014 0.998801(I) 0.999696(I) 0.994011(I)

DMU22 2010-2012 0.972182(I) 0.994786(I) 0.985744(I)

2011-2013 1( C) 0.984059(I) 0.983939(I)

2012-2014 0.991897(I) 0.993071(I) 0.999313(I)

DMU23 2010-2012 0.971903 1( C) 1( C)

2011-2013 1( C) 1( C) 1( C)

2012-2014 1( C) 1( C) 1( C)
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Table 5.25. Window Analysis of Scale Efficiency 

 

 (Note: C indicates constant returns to scale, D indicates decreasing returns to scale, 

  I indicate, increasing returns to scale) 

   Similar analysis can be extended to other DMUs and a meaningful analysis of trends and stability 

of efficiency scores can be studied. This variation in the scores reflects simultaneously the absolute 

performance of the heavy equipment retailing organization over time and the relative performance 

of the heavy equipment retailing organization in comparison to the branches in the same sample. 

DMU24 2010-2012 0.939358(D) 0.906243(D) 0.908051(D)

2011-2013 0.98722(D) 0.977928(D) 0.972804(D)

2012-2014 0.988126(D) 0.980311(D) 0.999951(I)

DMU25 2010-2012 0.984799(I) 0.985527(I) 0.981434(I)

2011-2013 0.97457(I) 0.966589(I) 0.987076(I)

2012-2014 0.981921(I) 0.993046(I) 0.990716(I)

DMU26 2010-2012 0.755098(I) 0.762413(I) 0.794961(I)

2011-2013 0.922206(I) 0.916348(I) 0.899906(I)

2012-2014 0.903589(I) 0.915424(I) 0.89526(I)

DMU27 2010-2012 1( C) 1( C) 1( C)

2011-2013 1( C) 1( C) 0.903561(I)

2012-2014 1( C) 0.925401(I) 0.900654(I)

DMU28 2010-2012 0.666302(I) 0.686429(I) 0.605942(I)

2011-2013 0.892006(I) 0.867002(I) 0.89389(I)

2012-2014 0.862814(I) 0.895854(I) 0.892094(I)

DMU29 2010-2012 NA NA NA

2011-2013 NA NA NA

2012-2014 NA NA 1( C)

DMU30 2010-2012 0.937137(D) 0.94206(D) 0.932922(D)

2011-2013 0.961352(D) 0.949806(D) 0.949302(D)

2012-2014 0.949806(D) 0.948551(D) 0.941173(D)

DMU31 2010-2012 0.99434(I) 0.997668(I) 1( C)

2011-2013 1( C) 1( C) 0.991867(D)

2012-2014 1( C) 0.991867(D) 0.990454(I)

DMU32 2010-2012 0.975306(D) 1( C) 1( C)

2011-2013 1( C) 1( C) 1( C)

2012-2014 1( C) 1( C) 0.970892(D)

DMU33 2010-2012 0.948572(I) 0.992239(I) 1( C)

2011-2013 1( C) 0.996852(I) 1( C)

2012-2014 0.999461(I) 1( C) 0.996735(I)
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5.10.3 Malmquist Productivity Index(PPM-Model): 

                         In the current research Malmquist index (catch-up), CRS efficiency change, and 

Technology change are calculated for the year 2010 to 2014. The data of Malmquist index (catch 

up) is given in Table 5.26, CRS efficiency change is given in Table 5.27 and technological change 

is given in Table 5.28. 

        From Table 5.26, it is evident that DMU1’s (branch 1) MI are 1.240212,0.677551, 1.007033 

and 1.028553 in the year 2011, 2012,2013 and 2014 respectively. The MI that represents the 

overall efficiency measure can be decomposed in to two mutually exclusive components. One 

measuring the change in technical efficiency (catch up effect) and the other measuring the change 

in technology (innovation).  

       From Table 5.27, the change in efficiency scores (catch up) for the years 2011-2014 are 

0.970605, 0.917905, 0.96676 and 1.017468. For the year 2011 it is less than 1 indicating that the 

efficiency has decreased as compared to 2010, in 2012 it is less than 1 indicating that the efficiency 

has decreased as compared to 2011, in 2013 it is less than 1 and hence efficiency has decreased 

from 2012 and in 2014 it is greater than 1 indicating that efficiency has increased from 2013. 

      From Table 5.28 the change in frontier shift for the years 2011 to 2014 are 1.27772, 0.73815, 

1.041657 and 1.010895 respectively. This can be   verified by computing the MI as a product of 

catch up and frontier shift for the DMU 1 for 2011. 

   For DMU1, M1=   0.970605(Catch up) X 1.27772(Frontier shift) =1.240(the figure can be 

verified from the MI score in table 5.26). Similarly, the MI, catch up and Frontier shift can be 
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analyzed for other DMUs (branches of heavy equipment retailing organization) and efficiency 

variation analyzed and improved. 

Table 5.26. Malmquist Productivity Index 2010-2014 

 

DMU 2011 MI(t-1, t) 2012 MI(t-1, t) 2013MI(t-1, t) 2014MI(t-1, t)

DMU1 1.240212 0.677551 1.007033 1.028553

DMU2 0.95076 0.830447 1.255898 0.879939

DMU3 0.780042 0.833632 1.177688 1.135889

DMU4 1.379364 0.47634 0.904868 1.422126

DMU5 NA 0.931229 1.112406

DMU6 1.185214 0.899472 1.496753 0.674335

DMU7 1.633989 0.904307 1.224962 1.645486

DMU8 1 1 1 1

DMU9 1.092178 0.945382 0.866408 0.84112

DMU10 1.298582 0.817759 1.738207 0.753104

DMU11 1.32101 0.848512 0.921845 0.807003

DMU12 1.057376 0.885231 1.020273 1.028198

DMU13 1.289424 1.104039 0.750979 0.766645

DMU14 1.043274 0.935582 0.977805 1.125504

DMU15 NA NA NA 1

DMU16 1.18817 0.727092 0.963502 1.026022

DMU17 0.81872 0.856864 1.237135 1.265006

DMU18 1.313015 0.816298 1.109575 0.79902

DMU19 2.182052 1.036905 0.939502 0.836396

DMU20 0.934693 1.634896 0.841931 2.934278

DMU21 1.197643 1.125199 1.016961 1.166382

DMU22 1.118023 0.771271 0.909259 1.288833

DMU23 1 1 0.852051 1.255689

DMU24 0.767797 1.121833 1.015563 1.017997

DMU25 1.09275 0.775123 1.377713 0.903342

DMU26 1.156423 1.15901 1.348159 0.55342

DMU27 1.447074 0.69105 1 1

DMU28 1.836865 0.541702 1.004991 2.113209

DMU29 NA NA NA NA

DMU30 1.300286 1.434259 1.247904 0.884862

DMU31 2.184815 1.410851 0.847879 0.354723

DMU32 1.650397 1.031194 1.251764 0.694583

DMU33 1.807508 1.072465 1.393922 0.653387
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Table 5.27.Technical   Efficiency change (Catch up) 2010-2014 

 

 

 

DMU 2011 EC(t-1, t) 2012 EC(t-1, t) 2013EC(t-1, t) 2014EC(t-1, t)

DMU1 0.970605 0.917905 0.96676 1.017468

DMU2 1 1 0.937751 1.036466

DMU3 0.888431 0.945771 1.023957 1.069692

DMU4 1 0.850202 0.930693 1.077964

DMU5 0.924677 1.045423

DMU6 1.040398 0.929541 1.0758 0.896437

DMU7 1 1 1 1

DMU8 1 1 1 1

DMU9 1.030153 0.943812 1.084509 0.93413

DMU10 1 1 1 1

DMU11 0.932498 1.023974 1.047281 0.859623

DMU12 1 1 1 1

DMU13 1 1 1 1

DMU14 1.1163 0.993031 0.978057 1.010602

DMU15 0.8898

DMU16 0.961712 0.907233 1.051998 0.92743

DMU17 0.922753 0.999096 0.940947 1.09902

DMU18 1.373777 0.978799 0.979792 0.912443

DMU19 1 1 1 1

DMU20 1.023991 0.982825 0.981818 1.1086

DMU21 1.237111 0.97951 0.974512 1.076727

DMU22 1.270394 0.979009 0.92721 1.045786

DMU23 1 1 1 1

DMU24 0.910961 1.010805 0.941974 1.062283

DMU25 1.360997 0.97247 1.02403 1.043617

DMU26 1 0.983164 0.973244 1.032634

DMU27 1 1 1 1

DMU28 1 1 1 1

DMU29

DMU30 1.255404 1.029293 1.036289 1

DMU31 1.082343 1 1 0.916652

DMU32 1.096404 1 1 1

DMU33 1.198446 1 1 1
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Table 5.28.Technological Change (Frontier Shift) 2010-2014 

 

  

 

 

DMU 2011 TC(t-1, t) 2012TC(t-1, t) 2013TC(t-1, t) 2014TC(t-1, t)

DMU1 1.277772 0.73815 1.041657 1.010895

DMU2 0.95076 0.830447 1.339265 0.84898

DMU3 0.878 0.881431 1.150134 1.061884

DMU4 1.379364 0.560266 0.972251 1.319271

DMU5 NA NA 1.007085 1.064073

DMU6 1.139194 0.967652 1.391293 0.752239

DMU7 1.633989 0.904307 1.224962 1.645486

DMU8 1 1 1 1

DMU9 1.060209 1.001664 0.798894 0.900432

DMU10 1.298582 0.817759 1.738207 0.753104

DMU11 1.416635 0.828646 0.880227 0.938787

DMU12 1.057376 0.885231 1.020273 1.028198

DMU13 1.289424 1.104039 0.750979 0.766645

DMU14 0.934582 0.942147 0.999742 1.113696

DMU15 NA NA NA 1.123848

DMU16 1.235474 0.801438 0.915878 1.106306

DMU17 0.887258 0.857639 1.314777 1.151031

DMU18 0.95577 0.83398 1.13246 0.875693

DMU19 2.182052 1.036905 0.939502 0.836396

DMU20 0.912794 1.663466 0.857523 2.646831

DMU21 0.968097 1.148736 1.043559 1.083266

DMU22 0.88006 0.787809 0.98064 1.232406

DMU23 1 1 0.852051 1.255689

DMU24 0.842843 1.109841 1.078122 0.958311

DMU25 0.802904 0.797066 1.345383 0.865588

DMU26 1.156423 1.178857 1.385222 0.53593

DMU27 1.447074 0.69105 1 1

DMU28 1.836865 0.541702 1.004991 2.113209

DMU29 NA NA NA NA

DMU30 1.035751 1.393441 1.204205 0.884862

DMU31 2.018598 1.410851 0.847879 0.386977

DMU32 1.505283 1.031194 1.251764 0.694583

DMU33 1.50821 1.072465 1.393922 0.653387
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In summary the Malmquist DEA calculates efficiency for the following output oriented VRS 

models (please ref fig in Ch3.Ozcan,2014). 

1) Calculating the frontier in time period t+1 and comparing efficiency scores of heavy 

equipment retailing organization in time period t+1. 

2) Calculating the frontier in period t and comparing efficiency scores of heavy equipment 

retailing organizations at period t. 

3) Comparing the efficiency scores of periods t+1 to the frontier at period t. 

4) Comparing the efficiency scores of time period t, to the frontier at time period t+1. 

Therefore, efficiency component of the index measures changes in technical efficiency from time 

period t to t+1.In other words it measures how the heavy equipment retailing organizations that 

are examined (thirty-three of them) have managed to catch up to the frontier. The technical 

component of the index measures changes in the production frontier (a shift in best practice 

technology) from period t to t+1.If the values of the Malmquist Index and its components are 

greater than 1 equal to 1 or less than 1, they indicate progress, no progress or regress respectively 

(Caves et al.,1982, Fare et al.,1994).  

  5.10.4 Conclusion: 

                       The objective of this section was to estimate the technical efficiency and efficiency 

change in the heavy equipment retailing organization during the period 2010 to 2014. For the 

estimation, Data Envelopment Analysis was applied and used both Window analysis and 

Malmquist Index on the data of the heavy equipment retailing organizations in Canada. The output 

oriented CCR model was used to calculate the efficiency. It was found from the Window analysis 

by interpreting the scores across the window, there is no pattern emerging out of scores and keeps 
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fluctuating and therefore does not show any specific trend. In the case of analysis of scores along 

the column there is some stability between two periods and again there is a fluctuation among 

other periods and therefore indicates a fluctuating efficiency scores. The average MI scores for all 

heavy equipment retailing organization ranges from 0.80 to 1.21 of which 12 units show a MI 

score greater than one and 21 units show a score less than 1 indicating that there is scope for 

improving efficiency. Similarly, 11 units had a catch-up score of greater than 1 indicating that 

there is increase in efficiency and 21 units had a score less than 1 indicating that there is decrease 

in efficiency. Again, this indicates there is scope for improving efficiency among twenty-one 

retailing organizations. Similarly, fifteen units had a frontier shift score of greater than 1 indicating 

that efficiency increased between 2010 to 2014 and seventeen heavy equipment retailing 

organizations had a frontier shift score of less than one thereby providing an opportunity to 

improve efficiency of these units.  

 5.11: Network Data Envelopment Analysis (PPM- Model) 

 5.11.1 Introduction: 

                             So far, the models reviewed in DEA to measure efficiency have considered the 

DMU as a complete system but ignoring the structure within the system. In other words, the DMU 

is treated as a black box (Fare & Grosskopf, 2000). In this section we will explore the efficiency 

of the internal structure of DMU using Network DEA(NDEA). Each DMU in a heavy equipment 

retailing organization has sales, service and parts divisions in their operations. The efficiency of 

these three divisions will be analyzed using NDEA. 

                          There are various types of structures in Network systems and every study on 

network DEA is associated with a structure that is very specific to the business organization. A 

network model for measuring efficiency is developed based on the needs of the business 
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organization for practical applications. The theoretical aspects of NDEA and various network 

structures have been reviewed in-depth in Chapter 3 on theoretical aspects of DEA. 

                        In the current research efficiency of DMU has been studied using the following two 

Network DEA models. 

1)Network DEA: Using Parallel Structure. 2)Network DEA: Two stage structure 

5.11.2 Network DEA Parallel Model                    

                  The model is applied to a heavy equipment retailing organization in Canada using data 

for the period 2014 that has thirty-three business units (retailing organizations). The data for the 

year 2014 was chosen as the data was available for all thirty- three DMUs. Each of these retailing 

unit is called a branch. Each branch sells heavy equipment, services them in their workshop using   

a large inventory of parts stocked in the branch. In other words, there are three subordinated 

divisions in each branch and they are sales service and parts divisions and each of them operate in 

parallel as independent business units as profit centers within a branch. Therefore, each branch can 

be termed as a DMU and each division sales, service and parts can be termed as Sub-DMU 

operating in parallel. Kao’s NDEA model with parallel structure can be applied to such a business 

system. As per Kao’s model one of the assumption is that each input /output of the DMU is the 

sum its subordinated sub-DMUs. 

                     Therefore, for the study the Production Process model in the black box approach is 

used and network DEA model is applied to the production process model. The inputs and outputs 

used are the same that were used for the production process model. The four inputs used are 

number of employees, area of facility, total expenses for the branch and total COGS for the branch 

and the two outputs used are total sales for the branch and total gross margin for the branch.  The 
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sum of above inputs and outputs for sales, service and parts individually is equal to the total inputs 

and outputs for the branch. This assumption is made by Kao (2014) in the parallel model 

                     The following Table 5.29, shows the results of efficiency measurement of the 

equipment retailing organization using the parallel network DEA model of Kao (2014). The third 

column in the table shows efficiency score, fourth column shows the inefficiency slack, the fifth 

column shows the inefficiency score (1-efficiency score) and the sixth column shows the branch 

efficiency score. Each of the sub –DMU i.e. sales, service and parts can be treated as independent 

DMUs to calculate their efficiency by using conventional CCR model. In the table A1 indicates 

sales division, B1 indicates service division and C1 indicates parts division within DMU 1and so 

is the case for other branches. 

       For DMU1, the inefficiency slacks of division A1, B1 and C1 are 0.1463, 0.029264 and 

0.042428. The CCR efficiency of DMU1 is 0.821023 and the sub –DMU efficiency score of A1, 

B1 and C1 are 0.829659, 0.712441 and 0.835142.This indicates that although DMU 1 has an 

efficiency score of 82.10%, Sub DMU A1 sales has an efficiency of 82.96%,Sub DMUB1 service 

has an efficiency of 71.24% and DMUC1 parts has an efficiency of 83.51%.In other words sub-

DMU sales and parts have a higher efficiency than the branch efficiency whereas the  service 

efficiency has a much lower efficiency as compared to the branch efficiency. The level of 

inefficiency is indicated by the slack. As you scroll the results of each DMU and sub –DMU, it is 

found that Sub DMU C8 parts, Sub DMU B21serivce, Sub DMU C24 parts, Sub DMU B25 service 

and Sub DMU A33 sales have an efficiency score of 1 indicating that they are efficient whereas 

all other sub DMUs are inefficient. However, none of the DMU is found efficient. The maximum 

value of inefficiency slack is 0.190738 0f sub DMUA9 and the minimum is zero. The minimum 

value of Sub DMU efficiency score is 0.332032 of sub DMU B24 and the maximum value is 1. 
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Similarly, the maximum value of CCR score of DMU10 is 0.957729 and the minimum value is 

0.768980 of DMU9.In other words inefficiency ranges from 4.23% to 23.11%.  

Table 5.29. Inefficiency Slack, DMU efficiency score and Sub-DMU efficiency scores 

 

 

 A1= Sales Division; B1= Service Division; C1= Parts Division, DMU =Branch 

 

 

 

 

 

 

 

 

 

 

DMU SubDMU

Eff Score 

Sub DMU

Inefficiency 

Slack Sub 

DMU

Inefficiency 

Score Sub 

DMU

CCR Branch 

Efficiency

CCR Branch 

Inefficiency 

Slack DMU SubDMU

Eff Score 

Sub DMU

Inefficiency 

Slack Sub 

DMU

Inefficiency 

Score Sub 

DMU

CCR 

Branch 

Efficiency

CCR Branch 

Inefficiency 

Slack

DMU1 A1(Sales) 0.829659 0.1463 0.170341 0.821023 0.217992 DMU8 A8(Sales) 0.908878 0.058527 0.091122 0.899574 0.111637

DMU1 B1(Service) 0.712441 0.029264 0.287559   DMU8 B8(Service) 0.643954 0.05311 0.356046

DMU1 C1(Parts) 0.835142 0.042428 0.164858   DMU8 C8(Parts) 1 0 0

DMU2 A2(Sales) 0.711403 0.235864 0.288597 0.794147 0.259212 DMU9 A9(Sales) 0.783176 0.190738 0.216824 0.76898 0.300423

DMU2 B2(Service) 0.910179 0.012418 0.089821 DMU9 B9(Service) 0.615154 0.05375 0.384846

DMU2 C2(Parts) 0.964007 0.01093 0.035993 DMU9 C9(Parts) 0.800991 0.055935 0.199009

DMU3 A3(Sales) 0.916793 0.062539 0.083207 0.891118 0.122186 DMU10 A10(Sales) 0.962173 0.020843 0.037827 0.957729 0.044137

DMU3 B3(Service) 0.785694 0.023523 0.214306 DMU10 B10(Service)0.855097 0.007005 0.144903

DMU3 C3(Parts) 0.861494 0.036124 0.138506 DMU10 C10(Parts) 0.963378 0.016289 0.036622

DMU4 A4(Sales) 0.836805 0.14868 0.163195 0.81036 0.234019 DMU11 A11(Sales) 0.738115 0.165501 0.261885 0.783404 0.27648

DMU4 B4(Service) 0.529927 0.046273 0.470073  DMU11 B11(Service)0.641123 0.057999 0.358877

DMU4 C4(Parts) 0.826006 0.039066 0.173994 DMU11 C11(Parts) 0.890289 0.05298 0.109711

DMU5 A5(Sales) 0.815187 0.13657 0.184813 0.815086 0.226864 DMU12 A12(Sales) 0.843701 0.079332 0.156299 0.871524 0.147415

DMU5 B5(Service) 0.787277 0.036196 0.212723  DMU12 B12(Service)0.821332 0.023866 0.178668

DMU5 C5(Parts) 0.829745 0.054097 0.170255 DMU12 C12(Parts) 0.912662 0.044217 0.087338

DMU6 A6(Sales) 0.936124 0.05311 0.063876 0.900054 0.111045 DMU13 A13(Sales) 0.83171 0.085785 0.16829 0.829499 0.205547

DMU6 B6(Service) 0.726415 0.018479 0.273585 DMU13 B13(Service)0.692907 0.067542 0.307093

DMU6 C6(Parts) 0.813932 0.039456 0.186068 DMU13 C13(Parts) 0.890262 0.05222 0.109738

DMU7 A7(Sales) 0.945604 0.043699 0.054396 0.926535 0.07929 DMU14 A14(Sales) 0.836084 0.141419 0.163916 0.793485 0.260263

DMU7 B7(Service) 0.827888 0.014098 0.172112 DMU14 B14(Service)0.482201 0.051857 0.517799

DMU7 C7(Parts) 0.889227 0.021493 0.110773 DMU14 C14(Parts) 0.77473 0.066987 0.22527
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Table 5.29. Inefficiency Slack, DMU efficiency score and Sub-DMU efficiency scores. 

 

 A1= Sales Division; B1= Service Division; C1= Parts Division, DMU =Branch 

Table 5.29. Inefficiency Slack, DMU efficiency score and Sub-DMU efficiency scores. 

 

A1= Sales Division; B1= Service Division; C1= Parts Division, DMU =Branch 

DMU SubDMU

Eff Score 

Sub DMU

Inefficiency 

Slack Sub 

DMU

Inefficiency 

Score Sub 

DMU

CCR 

Branch 

Efficiency

CCR 

Branch 

Inefficiency 

Slack DMU SubDMU

Eff Score 

Sub DMU

Inefficiency 

Slack Sub 

DMU

Inefficiency 

Score Sub 

DMU

CCR Branch 

Efficiency

CCR 

Branch 

Inefficiency 

Slack

DMU15 A15(Sales) 0.744188 0.187082 0.255812 0.770079 0.298568 DMU22 A22(Sales) 0.879407 0.10975 0.120593 0.840408 0.189898

DMU15 B15(Service)0.835806 0.013789 0.164194 DMU22 B22(Service)0.792014 0.023565 0.207986

DMU15 C15(Parts) 0.797839 0.097698 0.202161 DMU22 C22(Parts) 0.660187 0.056583 0.339813

DMU16 A16(Sales) 0.879989 0.096474 0.120011 0.863343 0.158289 DMU23 A23(Sales) 0.892483 0.056364 0.107517 0.89582 0.116295

DMU16 B16(Service)0.736349 0.021047 0.263651 DMU23 B23(Service)0.736528 0.055558 0.263472

DMU16 C16(Parts) 0.851529 0.040768 0.148471 DMU23 C23(Parts) 0.98853 0.004372 0.01147

DMU17 A17(Sales) 0.896924 0.083835 0.103076 0.854947 0.169664 DMU24 A24(Sales) 0.791986 0.191861 0.208014 0.770529 0.29781

DMU17 B17(Service)0.716554 0.032054 0.283446 DMU24 B24(Service)0.332032 0.105949 0.667968

DMU17 C17(Parts) 0.778932 0.053775 0.221068 DMU24 C24(Parts) 1 0 0

DMU18 A18(Sales) 0.794172 0.186595 0.205828 0.785585 0.272937 DMU25 A25(Sales) 0.794528 0.154521 0.205472 0.863207 0.15847

DMU18 B18(Service)0.543691 0.047417 0.456309 DMU25 B25(Service)1 0 0

DMU18 C18(Parts) 0.851692 0.038925 0.148308 DMU25 C25(Parts) 0.984895 0.003949 0.015105

DMU19 A19(Sales) 0.984218 0.012249 0.015782 0.933398 0.071354 DMU26 A26(Sales) 0.911664 0.077688 0.088336 0.88246 0.133196

DMU19 B19(Service)0.681316 0.021847 0.318684 DMU26 B26(Service)0.566868 0.037658 0.433132

DMU19 C19(Parts) 0.835632 0.037258 0.164368 DMU26 C26(Parts) 0.892977 0.01785 0.107023

DMU20 A20(Sales) 0.988091 0.010371 0.011909 0.910164 0.098703 DMU27 A27(Sales) 0.927628 0.063847 0.072372 0.852989 0.172348

DMU20 B20(Service)0.428855 0.057337 0.571145 DMU27 B27(Service)0.552918 0.048653 0.447082

DMU20 C20(Parts) 0.756817 0.030996 0.243183 DMU27 C27(Parts) 0.669943 0.059848 0.330057

DMU21 A21(Sales) 0.959284 0.032356 0.040716 0.927606 0.078044 DMU28 A28(Sales) 0.742222 0.201266 0.257778 0.784159 0.275251

DMU21 B21(Service)1 0 0 DMU28 B28(Service)0.675369 0.059095 0.324631

DMU21 C21(Parts) 0.782938 0.045688 0.217062 DMU28 C28(Parts) 0.952342 0.014891 0.047658

DMU SubDMU

Eff Score 

Sub DMU

Inefficiency 

Slack Sub 

DMU

Inefficiency 

Score Sub 

DMU

CCR 

Branch 

Efficiency

CCR Branch 

Inefficiency 

Slack

DMU29 A29(Sales) 0.74253 0.199642 0.25747 0.719287 0.390266

DMU29 B29(Service) 0.141687 0.149816 0.858313

DMU29 C29(Parts) 0.907322 0.040808 0.092678

DMU30 A30(Sales) 0.931124 0.062113 0.068876 0.877535 0.139556

DMU30 B30(Service) 0.511166 0.05178 0.488834

DMU30 C30(Parts) 0.80533 0.025663 0.19467

DMU31 A31(Sales) 0.847053 0.126652 0.152947 0.818053 0.222415

DMU31 B31(Service) 0.532425 0.081716 0.467575

DMU31 C31(Parts) 0.936023 0.014047 0.063977

DMU32 A32(Sales) 0.886518 0.089865 0.113482 0.846132 0.181849

DMU32 B32(Service) 0.580432 0.088325 0.419568

DMU32 C32(Parts) 0.979612 0.003658 0.020388

DMU33 A33(Sales) 1 0 0 0.905935 0.103832

DMU33 B33(Service) 0.546796 0.064207 0.453204

DMU33 C33(Parts) 0.635567 0.039625 0.364433
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5.11.3 Network DEA Two Stage Process: 

                  As per the relational model of Kao& Hwang (2008), the system efficiency is product 

of the efficiencies of the two sub-processes. The two sub- processes are selling and generating 

profit. The overall efficiency is the product of the two sub- processes branch sales and generation 

of profit margin. The inputs for the relational model are number of employees, area of facility, 

total department expenses and total COGS of the branch. The intermediate product is branch sales 

and the output is  profit margin that happens in the second stage process. 

                 The efficiency score of the system including the efficiency of the stages using the 

relational model of Kao & Hwang is shown in Table 5.30. From table 5.30, for DMU1, the system 

efficiency score is 0.55788 and the first stage score is 0.930246 and second stage score is 0.599713. 

The product of the two-stage efficiency score is 0.599713x0.930246= 0.55788, the system 

efficiency score. There is only one DMU23 that has a score of one in all stages. 

               The low level of system efficiency can be interpreted as below. The mean of first stage 

efficiency is low at 0.600729 and the intermediate product sales has a mean of 0.9606 and the 

mean of second stage efficiency of generating profit margin is0.62366. This indicates that although 

sales are made, it is difficult to maintain margin. The system efficiency can be increased by 

increasing profit margin of sales from equipment, service and parts.  
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Table 5.30. Two Stage (Series) Process DEA scores. 

 

 

  First Stage= Factors of production; Second Stage= Gross Margin.  

 

DMU Score Score_Stage1 Score_Stage2

DMU1 0.55788 0.930246 0.599713

DMU2 0.65698 0.945015 0.695202

DMU3 0.5843 0.965043 0.605463

DMU4 0.37521 0.9029 0.415564

DMU5 0.72117 0.950534 0.758701

DMU6 0.51612 0.951304 0.54254

DMU7 0.47362 1 0.473617

DMU8 0.60979 1 0.609786

DMU9 0.53666 0.897789 0.597758

DMU10 0.6229 0.99902 0.623515

DMU11 0.66269 0.938974 0.70576

DMU12 0.82686 1 0.826862

DMU13 0.94361 1 0.943613

DMU14 0.44964 0.916691 0.490505

DMU15 0.5947 0.944756 0.629473

DMU16 0.539 0.941799 0.572312

DMU17 0.53956 0.950098 0.567897

DMU18 0.54875 0.921278 0.595643

DMU19 0.47363 0.963665 0.491493

DMU20 0.43276 1 0.432757

DMU21 0.55894 0.971495 0.57534

DMU22 0.49141 0.913958 0.537674

DMU23 1 1 1

DMU24 0.56154 0.944889 0.594291

DMU25 0.73439 0.965188 0.760875

DMU26 0.4807 0.949302 0.506376

DMU27 0.51661 1 0.516607

DMU28 0.77071 0.966245 0.797629

DMU29 0.75698 1 0.75698

DMU30 0.43329 0.92872 0.466547

DMU31 0.60293 0.94526 0.637845

DMU32 0.72233 0.998663 0.7233

DMU33 0.52841 0.998608 0.529144
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5.11.4 Conclusion: 

                      In this section two network DEA models are used to study the efficiency of a heavy 

equipment retailing organization in Canada. In the first model the branch was considered to have 

three divisions sales, service and parts and all of them operating independently and in parallel. The 

total of the individual division’s, sales, service and parts, is the input /output of the branch. In other 

words, the sum of the input/output of the divisions is the system’s input /output. The conventional 

DEA model treats such a system as a black-box without considering the internal structure. 

However, by using Kao’s, 2014 parallel network DEA model, each division in the branch was 

treated as an independent DMU in measuring relative efficiency. The model helps in decomposing 

the inefficiency slack of the system in to the inefficiency slack of the individual production units. 

This helps decision maker to make improvements in units that are less efficient. 

                       The efficiency score calculated by parallel model are smaller than the one calculated 

by the conventional model due to stronger constraints in the parallel model. Therefore, only few 

DMUs will be efficient in the parallel model. This increases the discriminating power in 

performance evaluation. It is found that from the conventional model none of the branches are 

efficient and the score of the individual units is also less than the score of the branches. It is also 

found that the inefficiency slack of the branch can be decomposed into inefficiency slack of the 

individual divisions. 

                          The operations of the branch were treated to be a series system with inputs as 

number of employees, area of facility, total department expenses and total COGS of the branch. 

The intermediate product is branch sales and the outputs are the profit margin and is the second 

stage process. The intermediate first stage is generation of sales and therefore sales becomes the 

intermediate product. To find the efficiency of such a system relational two- stage model of Kao& 
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Hwang, 2008 was used to find the efficiency of the two intermediate stages. The product of the 

efficiency of the two stages is the system efficiency. The two-stage system can be viewed as a 

series system.  

                       The efficiency of the heavy equipment retailing organization is studied using both 

parallel and series network model. The two models give two diverse ways of measuring efficiency. 

In parallel model inefficiency slack was used to understand inefficiency whereas in series model 

efficiency scores of sub processes were used to measure efficiency. One of the assumptions of the 

relationship model is that all the outputs of one sub process must be the input of the next sub 

process. The relationship may not hold good if any input of the sub-process is not the output of the 

preceding process or an output of a sub process that is not an input to the next sub process. 

 5.12: Outliers in Data Envelopment Analysis (PPM- Model) 

5.12.1: Introduction: 

                        The theoretical aspects of outliers, various methods that are used in the literature 

are dealt in detail in Chapter 3(Theoretical aspects of DEA). Of the various methods used the 

following two methods will be used in this research to detect and remove outliers as they are easier 

to use with the available software and well accepted in the literature. 

1)Super efficiency approach of Banker and Chang,2006. 2)The scalar method of Tran, Shively and 

Preckel,2008 

5.12.2: Super -Efficiency approach to detect outliers (Banker and Chang,2006): 

             Banker and Chang (2006) suggested using a screen based on the super efficiency score to 

identify those observations that are more likely to be contaminated with noise. This is done by 
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eliminating from the sample those observations with super-efficiency scores higher than a 

preselected screen. 

           Of the thirty-three DMUs, 13 DMUs are found efficient and they are DMU7,8,10, 12,13,19, 

20,23,27,28,29,32 and 33(Table5.31). According to Banker and Chang (2006) there is no 

framework for selecting the screen levels. The authors used levels 1, 1.2, 1.6 and 2.0 as four screen 

levels in their paper. 

             The efficiency scores of the DMUs are in the range of 1.048585 to 3.9837. The mean of 

these thirteen efficiency   scores works out to 1.4962. If we apply a screen level of 1.6 then the 

DMUs with scores above 1.6 would be   DMU8 and DMU20. Therefore, DMU8 and DMU 20 are 

outliers. The efficiency scores for the rest of the DMUs are evaluated again and it is called BG-SE 

estimates and they are given in the following table. The dropped DMUs would be 8, and 20 as per 

the above decision rule. 
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Table 5.31.VRS Super Efficiency (FPA) scores (PPM-Model) - 2014 Data 

DMU 

Pure 

Technical 

Efficiency 

Score(VRS) 

FPA Method DMU 

Pure 

Technical 

Efficiency 

Score(VRS) 

FPA 

Method 

DMU1 0.949093 DMU18 0.926717 

DMU2 0.980016 DMU19 1.436189 

DMU3 0.974518 DMU20 2.182778 

DMU4 0.906721 DMU21 0.973795 

DMU5 0.950544 DMU22 0.916848 

DMU6 0.951843 DMU23 1.336403 

DMU7 1.097122 DMU24 0.958991 

DMU8 3.9837 DMU25 0.968978 

DMU9 0.924842 DMU26 0.953865 

DMU10 1.249168 DMU27 1.179321 

DMU11 0.965348 DMU28 1.30765 

DMU12 1.216633 DMU29 1 

DMU13 1.048585 DMU30 0.979714 

DMU14 0.917547 DMU31 0.948497 

DMU15 0.973827 DMU32 1.361682 

DMU16 0.9424 DMU33 1.051372 

DMU17 0.953294     
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Table 5.32. Banker-Gifford Super Efficiency Scores.  

 

The revised estimated super-efficiency scores (Table 5.32) are now less than the screen level after 

eliminating the outliers except DMU 7. This may be analyzed further. 

5.12.3: Tran et al., ’s method of detecting outliers in DEA: 

                   Tran et al.,2010 suggested an easy and effective method to detect super-efficient 

outliers. The lambda λj in CRS model and VRS model represents the weight assigned to the j th 

DMU to construct a virtually efficient DMU for evaluating DMU0. To find the efficiency scores 

of all j DMUs, the corresponding model must be solved j times generating jxj matrix. The resulting 

λ values containing all λ’s can be organized as follows. 

               The DMUs that perform significantly better than the peer DMUs are considered outliers 

as they have high number of occurrences and have high value of cumulative weight. The value of 

Cj and Sj, (j=1,2,3…n) should be calculated after running a model and value of Cj and Sj , with a 

certain higher threshold can be identified as outlier and then removed from the data set. The 

DMU

VRS Super 

Eff Score DMU

VRS Super 

Eff Score

DMU1 0.949093 DMU17 0.959323

DMU2 1.169878 DMU18 0.962385

DMU3 0.974518 DMU19 1.570693

DMU4 0.906721 DMU21 0.973795

DMU5 0.965512 DMU22 0.916891

DMU6 0.958656 DMU23 1.336403

DMU7 2.098307 DMU24 0.958991

DMU9 0.924842 DMU25 0.978736

DMU10 1.294318 DMU26 1.090844

DMU11 0.965348 DMU27 1

DMU12 1.23456 DMU30 0.979714

DMU13 1.210453 DMU31 0.948497

DMU14 0.922348 DMU32 1.361682

DMU15 1 DMU33 1.063909

DMU16 0.942781   
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selection of threshold is subjective and is not discussed in the literature. The process stops once a 

desired degree of convergence in the weights has been reached (Tran et al.,2010). Jun Wang (2017) 

in his PhD thesis suggests use of median plus 2x standard deviation as the threshold. Any DMU 

with both number of occurrences and cumulative weight higher than median plus 2x standard 

deviation can be considered significantly larger than vast majority and therefore can be identified 

as an outlier (Jun Wang, 2017) 

Table 5.33. Tran’s Method of Finding Outliers 

 

                                 Of the thirty-three DMUs, only the above eight DMUs are efficient under 

output-oriented CRS model (Table 5.33). From the sum of lambdas, DMU23 and DMU20 have 

the highest sum and therefore can be considered as outlier. Similarly, DMU 23 occurs twice in the 

reference set and therefore can be considered as outlier as per Tran’s method. Therefore, as per 

Tran’s method DMU 23 and DMU 20   are outliers. As per Banker and Chang (2006), the outliers 

are DMU8 and DMU20. Both these methods together show, that DMU8, DMU20 and DMU 23 

as outliers. 

 

 

DMU Score Benchmark(Lambda) Sum Lambda

DMU20 2.036087 DMU7(1.594045) 1.594045

DMU29 2.01309 DMU8(0.044524) 0.44524

DMU8 1.332947 DMU10(0.141050); DMU29(0.222973); DMU7(0.295698) 0.659721

DMU23 1.315397 DMU13(1.307373); DMU8(0.446728) 1.754101

DMU12 1.166419 DMU23(0.038409); DMU32(0.204839) 0.588929

DMU7 1.072082 DMU20(0.068259); DMU8(1.033408) 1.101667

DMU13 1.046769 DMU12(0.164120); DMU23(0.244089); DMU29(1.018406) 1.426615

DMU27 1.037421 DMU33(0.402217); DMU8(0.036896) 0.439113
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5.14.4 Conclusion: 

                                       From the above two methods both employing   the super-efficiency model, 

outliers are detected in two different ways. In VRS oriented output model using Banker and Chang 

method it was found that DMU20 was found to be an outlier whereas with CCR model using 

Tran’s method it was found that DMU23 and DMU20 are outliers. Both these methods identify 

DMU20 as an outlier and DMU 23 is identified as an outlier only by Tran’s method.             

5.15: Branch Profit Maximization Model (Model 2). 

               This is the second DEA model that is developed to analyze efficiency from the 

perspective of profit maximization. The inputs for this model are number of employees, area of 

facility, COGS of equipment sales, COGS of parts sales and COGS of Service sales and outputs 

are sales revenue from equipment, parts and service. These inputs were used in study of retail 

sector and automotive retail by Joe et al., 2009, Narasimhan et al., 2005, Donthu and Yoo, (1998) 

and Chen (2011). Similarly, the outputs were used in study of retail sector and automotive retail 

by Thomas et al., (1998), Moreno et al., (2006), Narasimhan et al., (2005) to mention a few. The 

model used to maximize profit is output oriented VRS and CRS model. In profit maximization the 

LP model is solved for maximization of profit. This means how much more profit can be generated 

by using the current level of inputs. Further to increase the discriminating power of the model 

weight restriction model used and details of the same are explained below. 

 Inputs (5): Number of employees, Area of Facility, COGS of Equipment Sales, COGS of Service, 

COGS-of-Par t s .  

 Outputs (3): Total Equipment Sales Revenue, Parts Sales Revenue, Total Service Revenue 
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   When the above number of factors are used it meets the basic rule of degree of freedom as 

mentioned in the chapter on DEA theoretical aspects, “As proposed by Cooper et al. (2007) a 

general rule for minimum number of DMUs (n) is that it should exceed the greater of the product 

of the input (m) and output(s) variables or three times the sum of the number of input (m) and 

output (s) variables. 

                             max{ * ,3( )}n m s m s  ”  

5.15.1 CCR and BCC Models: 

                 The number of DMUs is 33 and three times the sum of inputs and outputs is 24 

and greater than 33 meets the above condition. However, when CRS and VRS models are run to 

find the efficiency scores the number of DMUs shown as efficient is very high. The efficiency 

scores are given in table 5.34 and 5.35 for CRS and VRS models. It is found from the table5.35 

that under CRS model with the above 5 inputs and 3 outputs, the model shows 25,20,22,22 and 19 

DMUs as efficient in the period 2014,2013,2012,2011 and 2010 respectively. It is also found from 

table 5.35 that under VRS models with the same 5 inputs and 3 outputs used as above, the VRS 

model shows 31,27,26,26 and 25 DMUs as efficient in the period 2014,2013,2012,2011 and 2010 

respectively. The number of branches shown as efficient are very high as compared to the number 

of DMUs under study indicating the discriminating power is very low.  

    Therefore, the number of inputs and outputs were altered and new efficiency scores under CRS 

and VRS scores were found using the data for the period 2014. The number of inputs were 

maintained at 5 and outputs varied as total sales for the branch and total gross margin for the branch 

instead of sales revenue for equipment, service and parts. The CRS efficiency scores are given in 

table 5.34 and VRS efficiency scores are given in table 5.35. It is found from CRS scores that the 
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number of efficient DMUs decrease from 25 to 13 and 14 when the number of outputs is reduced 

from 3 to 2 and the output mix is changed from individual sales of equipment, service and parts to 

total branch sales and total gross margin for the branch. 

     However, the objective is to find how to maximize the revenue from equipment sales, service 

sales and parts sales. Therefore, to attain better discrimination weight restrictions are imposed on 

the model and weight restriction model is used and details are given in the next section. 

5.15.2: Weight Restrictions in DEA– Profit Maximization Model: 

                              In the above analysis, basic DEA models that are used to evaluate efficiency, no 

judgement has been made about the importance of one input versus another and it was assumed 

that all the outputs had the same importance. However, in real life the importance of various inputs 

and outputs varies. We can define the following ratios with upper and lower bound restrictions to 

impose restrictions on input or output weights 

1,2,3....i

ik ik

k

v
L U where i m

v
    

   vi   and vk represent the weights for two different inputs and Li,k  and Ui,k    denotes the lower and 

upper bound on this ratio respectively. This indicates that many such ratios can be calculated, and 

their lower and upper bounds can be determined.  There are three outputs as in the present research, 

there can be 3! (n!) ratios that is six ratios can be calculated. However, the manager should use 

prudent judgement and practical vision in proper selection of ratios so that policy and managerial 

implications can be tested appropriately. Finally, weight restrictions can also be used between 

input and outputs.  
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                                         In the current research five different models of weight restrictions have 

been analyzed for efficiency score using data for the period 2014 as it had a maximum number of 

25 DMUs units on the frontier in the CRS model and 31 DMUs on the frontier in VRS model. The 

ratio of two inputs parts sales to service sales, and three inputs to outputs viz., COGS of equipment 

sales to revenue of equipment sales, COGS of parts sales to revenue of parts sales and COGS of 

service sales to revenue of service sales, were used in these models and weight restrictions imposed 

on them. In the models the weight restrictions were used based on the thumb rule practiced in the 

industry 

         The thumb rule in the industry is that ratio of parts sales to service sales is 1:2, gross margin 

on parts sales is a maximum of 40%, margin on service sales is a maximum 0f 70% and margin 

on equipment sales is 8%. Based on these thumb rules weight restrictions were used in the analysis 

and the results are as below in Table 5.38. 
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Table 5.34. Profit Maximization Model CRS Scores (2010-2014) 

  

 

 

 

DMU

2014 

Technical 

Efficiency 

Score(CRS)5I,

3O

2013Technical 

Efficiency 

Score(CRS)

2012Technica

l Efficiency 

Score(CRS)

2011Technical 

Efficiency 

Score(CRS)

2010Techni

cal 

Efficiency 

Score(CRS)

DMU1 0.990697 0.993318 1 1 0.99679

DMU2 1 1 1 1 1

DMU3 0.988331 0.991208 0.990229 1 0.983762

DMU4 1 0.990755 1 0.936969 0.910549

DMU5 1 0.952255 0.990246 1 NA

DMU6 1 1 0.998027 1 1

DMU7 1 1 1 1 1

DMU8 1 1 1 1 1

DMU9 1 0.979314 1 1 0.96458

DMU10 1 1 1 1 1

DMU11 0.989419 1 0.989024 0.971449 0.971189

DMU12 1 1 1 1 1

DMU13 1 1 1 0.994245 1

DMU14 1 0.998916 1 0.982894 0.942354

DMU15 0.979182 0.960616 NA NA NA

DMU16 0.986675 1 0.998838 1 1

DMU17 0.997619 0.989412 1 1 1

DMU18 0.985652 1 0.997219 1 1

DMU19 1 0.992422 1 1 1

DMU20 1 1 1 1 1

DMU21 1 0.98666 1 0.988084 0.985055

DMU22 1 1 1 1 1

DMU23 1 1 1 1 1

DMU24 1 1 1 0.980439 1

DMU25 1 1 0.974241 0.983342 0.983396

DMU26 1 0.997577 0.991515 0.981164 0.993565

DMU27 1 1 1 1 1

DMU28 1 1 1 1 1

DMU29 1 NA NA NA NA

DMU30 0.992018 0.960385 0.95691 0.933596 0.948609

DMU31 1 1 1 1 0.980045

DMU32 1 1 1 1 1

DMU33 1 1 1 1 1
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Table 5.35. Profit Maximization Model VRS Scores (2010-2014) 

 

 

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2011Pure 

Technical 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

DMU1 1 1 1 1 1

DMU2 1 1 1 1 1

DMU3 0.991033 1 0.998208 1 1

DMU4 1 0.995736 1 1 1

DMU5 1 0.954387 0.998582 1 NA

DMU6 1 1 1 1 1

DMU7 1 1 1 1 1

DMU8 1 1 1 1 1

DMU9 1 1 1 1 1

DMU10 1 1 1 1 1

DMU11 1 1 1 1 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 1

DMU14 1 0.999698 1 0.986047 0.945793

DMU15 1 1 NA NA NA

DMU16 0.990511 1 0.999737 1 1

DMU17 1 0.996265 1 1 1

DMU18 1 1 1 1 1

DMU19 1 1 1 1 1

DMU20 1 1 1 1 1

DMU21 1 0.998264 1 0.988297 0.985117

DMU22 1 1 1 1 1

DMU23 1 1 1 1 1

DMU24 1 1 1 0.990418 1

DMU25 1 1 0.985608 0.98407 0.98766

DMU26 1 1 1 0.995856 1

DMU27 1 1 1 1 1

DMU28 1 1 1 1 1

DMU29 1 NA NA NA NA

DMU30 1 1 0.989984 0.979536 0.974619

DMU31 1 1 1 1 0.983724

DMU32 1 1 1 1 1

DMU33 1 1 1 1 1
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Table 5.36. Profit Maximization Model CRS Efficiency Scores 2014 

 

 

 

 

 

 

DMU

Technical 

Efficiency 

Score(CRS)5I,3O

Technical Efficiency 

Score(CRS)5I,3O Eqp sales 

replaced by Total Sales as 

Input rest same

Technical Efficiency 

Score(CRS) Same 

inputs,2 outputs Total 

Branch Sales,Total GM 

for the branch

Technical Efficiency 

Score(CRS)6 inputs,2 

Outputs.Extra input 

Total Branch Expenses

DMU1 0.990697 0.989593 0.977342 0.977342

DMU2 1 1 0.971906 0.971906

DMU3 0.988331 0.988573 0.969453 0.988018

DMU4 1 1 0.961119 0.961119

DMU5 1 0.999267 0.976565 0.976565

DMU6 1 1 1 1

DMU7 1 1 0.977942 1

DMU8 1 1 1 1

DMU9 1 1 0.991238 0.991238

DMU10 1 1 1 1

DMU11 0.989419 0.995351 0.952526 0.956736

DMU12 1 1 1 1

DMU13 1 1 1 1

DMU14 1 1 0.990023 0.990023

DMU15 0.979182 0.978492 0.948975 0.955663

DMU16 0.986675 0.991349 0.977277 0.977277

DMU17 0.997619 0.997117 0.977723 0.97829

DMU18 0.985652 0.993592 0.983603 0.983603

DMU19 1 1 0.975543 0.988001

DMU20 1 1 1 1

DMU21 1 1 1 1

DMU22 1 1 1 1

DMU23 1 1 1 1

DMU24 1 1 0.971921 0.973578

DMU25 1 1 0.98084 0.993845

DMU26 1 1 0.991978 0.993641

DMU27 1 1 1 1

DMU28 1 1 0.992661 0.995507

DMU29 1 1 1 1

DMU30 0.992018 0.998297 0.955833 0.980293

DMU31 1 1 0.960165 0.961866

DMU32 1 1 1 1

DMU33 1 1 1 1
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Table 5.37. Profit Maximization Model VRS Efficiency Scores 2014 

 

 

  

 

DMU

Pure Technical 

Efficiency 

Score(VRS)5I,

3O

PureTechnical 

Efficiency 

Score(VRS)5I,3O Eqp 

sales replaced by Total 

Sales as Input rest same

PureTechnical Efficiency 

Score(vRS) Same 

inputs,2 outputs Total 

Branch Sales,Total GM 

for the branch

Pure Technical 

Efficiency 

Score(VRS)6 inputs,2 

Outputs.Extra input 

Total Branch Expenses

DMU1 1 1 0.998994 0.998994

DMU2 1 1 1 1

DMU3 0.991033 0.991259 0.969969 0.990366

DMU4 1 1 0.96312 0.96312

DMU5 1 1 0.989357 0.989357

DMU6 1 1 1 1

DMU7 1 1 1 1

DMU8 1 1 1 1

DMU9 1 1 1 1

DMU10 1 1 1 1

DMU11 1 1 1 1

DMU12 1 1 1 1

DMU13 1 1 1 1

DMU14 1 1 1 1

DMU15 1 1 1 1

DMU16 0.990511 0.994007 0.979722 0.979722

DMU17 1 1 0.981428 0.983144

DMU18 1 1 0.986088 0.986088

DMU19 1 1 1 1

DMU20 1 1 1 1

DMU21 1 1 1 1

DMU22 1 1 1 1

DMU23 1 1 1 1

DMU24 1 1 0.978159 0.979997

DMU25 1 1 0.990777 0.995774

DMU26 1 1 1 1

DMU27 1 1 1 1

DMU28 1 1 1 1

DMU29 1 1 1 1

DMU30 1 1 1 1

DMU31 1 1 0.961164 0.962281

DMU32 1 1 1 1

DMU33 1 1 1 1
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Table 5.38. Weight Restrictions Models 2014 Data. 

 

 

   The above four weight restrictions were used using the thumb rule and the weight restriction 

models were run individually as Model 1,2,3 and 4. In model 5 all the weight restrictions were 

applied simultaneously. The summary of efficient and inefficient DMUs (Branches) is given in 

table 5.39. 

 

DMU

2014 

Technical 

Efficiency 

Score(CRS)

2014Pure 

Technical 

Efficiency 

Score(VRS)

2014Technic

al Efficiency 

Score(CRS)

2014 Pure 

Technical 

Efficiency 

Score(VRS)

Technical 

Efficiency 

Score(CRS)

Pure Technical 

Efficiency 

Score(VRS)

Technical 

Efficiency 

Score(CRS)

Pure Technical 

Efficiency 

Score(VRS)

Technical 

Efficiency 

Score(CRS)

Pure Technical 

Efficiency 

Score(VRS)

Technical 

Efficiency 

Score(CRS)

Pure 

Technical 

Efficiency 

Score(VRS)

DMU1 0.990697 1 0.978164 1 0.990449 1 0.972923 1 0.990697 1 0.862615 0.95532

DMU2 1 1 1 1 1 1 1 1 1 1 1 1

DMU3 0.988331 0.991033 0.985319 0.985966 0.988172 0.990738 0.970062 0.970062 0.988331 0.991033 0.921269 0.9256

DMU4 1 1 1 1 0.998436 1 1 1 1 1 0.945648 0.945688

DMU5 1 1 1 1 1 1 0.993778 1 1 1 0.993729 1

DMU6 1 1 1 1 1 1 1 1 1 1 1 1

DMU7 1 1 1 1 1 1 0.994578 1 1 1 0.969595 1

DMU8 1 1 1 1 1 1 1 1 1 1 1 1

DMU9 1 1 1 1 1 1 1 1 1 1 1 1

DMU10 1 1 1 1 1 1 1 1 1 1 1 1

DMU11 0.989419 1 0.977458 1 0.988655 1 0.973693 1 0.989419 1 0.973065 1

DMU12 1 1 1 1 1 1 1 1 1 1 1 1

DMU13 1 1 1 1 1 1 1 1 1 1 1 1

DMU14 1 1 1 1 1 1 1 1 1 1 0.981695 0.994873

DMU15 0.979182 1 0.97021 1 0.979091 1 0.96758 1 0.978057 1 0.818588 0.981614

DMU16 0.986675 0.990511 0.979479 0.982044 0.980122 0.983822 0.985961 0.987511 0.986121 0.990511 0.857469 0.863256

DMU17 0.997619 1 0.99496 0.997312 0.996417 1 0.99049 0.991548 0.997619 1 0.957974 0.964988

DMU18 0.985652 1 0.983801 0.9912 0.985613 1 0.98001 0.988746 0.985652 1 0.82663 0.84499

DMU19 1 1 0.992796 1 1 1 1 1 1 1 0.812331 0.972523

DMU20 1 1 1 1 1 1 1 1 1 1 1 1

DMU21 1 1 1 1 1 1 1 1 1 1 1 1

DMU22 1 1 1 1 1 1 1 1 1 1 1 1

DMU23 1 1 1 1 1 1 1 1 1 1 1 1

DMU24 1 1 0.986696 0.993202 1 1 1 1 1 1 0.798868 0.815125

DMU25 1 1 1 1 1 1 1 1 1 1 1 1

DMU26 1 1 1 1 1 1 1 1 1 1 0.869976 0.975264

DMU27 1 1 1 1 1 1 1 1 1 1 0.950046 1

DMU28 1 1 1 1 1 1 1 1 1 1 1 1

DMU29 1 1 1 1 1 1 1 1 1 1 0.94339 1

DMU30 0.992018 1 0.992018 1 0.902571 0.954535 0.991681 1 0.985775 1 0.70589 0.80347

DMU31 1 1 1 1 0.914755 0.916403 1 1 0.999664 1 0.830749 0.830835

DMU32 1 1 1 1 1 1 1 1 1 1 1 1

DMU33 1 1 1 1 1 1 1 1 1 1 1 1

Weight Restrictions 

Type1Parts Sales to Service 

Sales Model 1

Weight Restriction Type2 

Equipment sales to COGS 

Eqp sales Model 2

Weight Restriction Type2 

Parts sales to COGS Parts 

sales Model 3

Weight Restriction Type2 

Service sales to COGS 

Service sales Model 4

Weight Restriction Type2 

All Input/Output restrictions 

Model 5

Weight Restrictions---->
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Table 5.39. Summary of Weight Restrictions Models 2014 Data 

 

      It is found from the above table that as the weight restriction is imposed one by one the number 

of efficient units increased in CRS model from 25 to 23 and to 15 when all the weight restrictions 

were applied simultaneously in Model 5. Similarly, in VRS models the number of efficient units 

dropped from 31 to 20 when all the weight restrictions were applied simultaneously in Model 5. 

In other words, imposing weight restrictions increases the discriminatory power of the model. The 

mean of efficiency dropped from 99.72% to 93.99% a drop of 5.73% using CRS model and mean 

of efficiency dropped from 99.94% to 96.58% a drop of 3.36% using VRS model weight restriction 

models. In summary weight restriction models increases the discriminating power. Therefore, one 

can conclude that using all weight restrictions together gives a greater opportunity to improve 

efficiency of branches. 

  5.16:  Branch Expenses Minimization Model (Model 3) 

  

                                     This is the third DEA model that is developed to analyze efficiency from 

the perspective of minimization of expenses. The inputs for this model are department expenses, 

depreciation and amortization, and total COGS for the branch which is sum of COGS of equipment 

sales, COGS of rental sales, COGS of parts sales and COGS of Service sales. These inputs were 

used in a study of fourteen general merchandizers in USA by Joo, Nixon and Stoeberl (2011). 

Similarly, the output used in this study was sum of revenue from equipment sale, rental sales, 

DMUs CRS VRS CRS VRS CRS VRS CRS VRS CRS VRS CRS VRS

Efficient Units 25 31 23 29 23 29 23 28 24 31 15 20

Inefficient Units 8 2 10 4 10 4 10 5 9 2 18 13

Model 1 Model 2 Model 3 Model 4 Model 5Basic Models
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service sales and branch sales termed as total branch sales.  The model used to minimize expenses 

is input oriented VRS and CRS model. In expense minimization the LP model is solved for 

minimization of expenses. This means how to minimize the current level of expenses to maintain 

the current level of sales revenue with three inputs and one output. 

 Inputs: Total COGS for the branch, departmental expenses, Depreciation and 

Amortization. Output: Total Branch Sales. 

 5.16.1: CCR and BCC models 

The efficiency scores for the above minimization problem under both CRS and VRS is given in 

table 5.40 and 5.41 respectively. In the CRS model 6 DMUs 12,3,15,23,27 and 29 were found 

100% efficient in 2014,6 DMUs 6,8,10,13,15, and 23 were found efficient in 2013,3 DMUs 23,27 

and 31 were found efficient in 2012,4 DMUs 7,13,19 and 23 were found efficient in 2011 and 6 

DMUs 7,8,10,13,23,and 33 were found efficient in 2010.In other words under CRS model 

20%,12.9%,9.67%,18.75% and 18.18%,were found efficient during the period 2010-2014 

indicating that there is ample opportunity for the other branches to minimize expenses. 

                      Similarly under VRS model 15 DMUs(7,8,10,12,13,15,19,20,21,23,27,29,30,32 and 

33) in 2014,12 DMUs(6,8,10,11,13,15,19,23,27,30,32 and 33) in 2013,8DMUs (7,13,19, 23, 

27,31,32,and 33) in 2012, 8 DMUs (5,7,8,13,19,23,32 and 33) in 2011 and 11 DMUs (7,8,10,11, 

12, 13,19,23,24,32 and 33 in 2010 were found efficient. In other words, 36.6%,25.8%,25.8%, 

37.5% and 45.45% in the period 2010-2014 respectively are found to be efficient under VRS model 

indicating again that there is scope for reduction of expenses under VRS model. 

                   In table 5.42, scale efficiency of these branches is given. It is found that there are 

6,4,3,6 and 6 DMUs scale efficient in the period 2010-2014 respectively. Similarly,2,2,13 and 1 
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DMUs are having increasing returns to scale in the period2010,2011,2013 and 2014 respectively 

indicating that the branches can increase their expenses. There are 22,25,28,13 and 26 DMUs in 

the period 2010-2014 respectively that have decreasing returns to scale indicating that the expenses 

can be minimized by downsizing the branch operations. The inefficiency between CRS model and 

VRS model is due to the different scales used by the two models. CRS model uses proportional 

increases and decreases of input and output variables for computing efficiency scores whereas 

BCC model applies a variable return to scale. 

                  It has to be noted in the analysis that only three inputs and one output was used in the 

analysis and this meets the basic rule of degree of freedom as mentioned in the chapter on DEA 

theoretical aspects, “As proposed by Cooper et al. (2007) a general rule for minimum number of 

DMUs (n) is that it should exceed the greater of the product of the input (m) and output(s) variables 

or three times the sum of the number of input (m) and output (s) variables. 

                             max{ * ,3( )}n m s m s  ”  

             In this model 3 inputs and one output times three is 12 which is way below the total 

number of DMUs 33 and therefore models exhibit a high discriminatory power in analysis. 
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Table 5.40. Input Oriented CRS Scores Expense Minimization Model (2010-2014) 

 
 
 

 

DMU

2014Technical 

Efficiency 

Score(CRS)

2013Technical 

Efficiency 

Score(CRS)

2012Technical 

Efficiency 

Score(CRS)

2011Technical 

Efficiency 

Score(CRS)

2010 Technical 

Efficiency 

Score(CRS)

DMU1 0.907665 0.917896 0.770711 0.811602 0.842795

DMU2 0.930432 0.904839 0.803586 0.775158 0.861042

DMU3 0.925089 0.966658 0.766861 0.774779 0.928998

DMU4 0.856461 0.904301 0.760546 0.693404 0.761352

DMU5 0.932842 0.851724 0.748342 0.760054 NA

DMU6 0.896806 1 0.772287 0.815194 0.921796

DMU7 0.892143 0.984051 0.807912 1 1

DMU8 0.943141 1 0.85431 0.803516 1

DMU9 0.890797 0.913598 0.731751 0.730363 0.863395

DMU10 0.937728 1 0.874088 0.956844 1

DMU11 0.929785 0.997567 0.781548 0.915619 0.986307

DMU12 1 0.986245 0.801949 0.888385 0.993664

DMU13 1 1 0.941526 1 1

DMU14 0.89129 0.945712 0.743698 0.789641 0.824314

DMU15 1 1 NA NA NA

DMU16 0.895138 0.980939 0.819156 0.935876 0.934265

DMU17 0.908986 0.916333 0.774208 0.764933 0.910417

DMU18 0.906035 0.892035 0.754638 0.826404 0.837089

DMU19 0.892955 0.956853 0.965787 1 0.954087

DMU20 0.87408 0.919479 0.732713 0.779672 0.824176

DMU21 0.91742 0.963862 0.840768 0.864437 0.88687

DMU22 0.879357 0.849301 0.742555 0.753422 0.804126

DMU23 1 1 1 1 1

DMU24 0.91232 0.91592 0.728624 0.722107 0.910029

DMU25 0.960496 0.951549 0.750844 0.738177 0.864399

DMU26 0.893972 0.915888 0.716646 0.760998 0.86798

DMU27 1 0.987119 1 0.740578 0.878237

DMU28 0.956723 0.91 0.761628 0.725417 0.853151

DMU29 1 NA NA NA NA

DMU30 0.879435 0.939444 0.84942 0.757416 0.832271

DMU31 0.919449 0.934366 1 0.883815 0.860975

DMU32 0.953445 0.985282 0.838306 0.876776 0.937776

DMU33 0.913797 0.993494 0.903734 0.916443 1
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Table 5.41. Input Oriented VRS Scores Expense Minimization Model (2010-2014) 

 
 
 

DMU

2014 Pure 

Technical 

Efficiency 

Score(VRS)

2013 Pure 

Technical 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2011Pure 

Technical 

Efficiency 

Score(VRS)

Pure 

Technical 

Efficiency 

Score(VRS)

DMU1 0.949122 0.930824 0.973745 0.965736 0.987211

DMU2 0.938895 0.923009 0.951415 0.904731 0.931272

DMU3 0.97463 0.96726 0.950971 0.95727 0.982396

DMU4 0.896599 0.921711 0.946247 0.839981 0.871036

DMU5 0.935311 0.863612 0.901966 1 NA

DMU6 0.932412 1 0.935709 0.978338 0.96925

DMU7 1 0.99028 1 1 1

DMU8 1 1 0.941758 1 1

DMU9 0.930261 0.926504 0.927042 0.930685 0.990359

DMU10 1 1 0.996398 0.992479 1

DMU11 0.966456 1 0.989264 0.986382 1

DMU12 1 0.991234 0.989139 0.971336 1

DMU13 1 1 1 1 1

DMU14 0.956866 0.954542 0.958758 0.916046 0.887815

DMU15 1 1 NA NA NA

DMU16 0.925149 0.983835 0.939801 0.969031 0.93866

DMU17 0.950749 0.920867 0.945185 0.93273 0.946563

DMU18 0.906477 0.901621 0.909568 0.865384 0.851912

DMU19 1 1 1 1 1

DMU20 1 0.919971 0.917081 0.944933 0.964437

DMU21 1 0.970878 0.960581 0.940667 0.907233

DMU22 0.901363 0.849993 0.910559 0.919164 0.856553

DMU23 1 1 1 1 1

DMU24 0.958563 0.920985 0.919801 0.915203 1

DMU25 0.971089 0.958785 0.903843 0.8833 0.923645

DMU26 0.936741 0.946076 0.85619 0.821219 0.871838

DMU27 1 1 1 0.812661 0.974162

DMU28 0.959753 0.956581 0.873756 0.810749 0.861712

DMU29 1 NA NA NA NA

DMU30 1 1 0.959963 0.878899 0.923326

DMU31 0.945286 0.949307 1 0.914782 0.898503

DMU32 1 1 1 1 1

DMU33 1 1 1 1 1
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Table 5.42. Input Oriented Scale Efficiency Scores Expense Minimization Model (2010-2014) 

 
 
 
 
 
 
 
 
 
 
 
 

 

DMU

2014 Scale 

Efficiency 

Score RTS

2013 

Scale 

Efficiency 

Score RTS

2012 

Scale 

Efficiency 

Score RTS

2011 Scale 

Efficiency 

Score RTS

2010Scale 

Efficiency 

Score RTS

DMU1 0.956321 Decreasing 0.98611 Decreasing 0.791492 Decreasing 0.840397 Decreasing 0.853713 Decreasing

DMU2 0.990986 Decreasing 0.980315 Increasing 0.844622 Decreasing 0.856782 Decreasing 0.924587 Decreasing

DMU3 0.94917 Decreasing 0.999377 Increasing 0.806398 Decreasing 0.809363 Decreasing 0.945644 Decreasing

DMU4 0.955233 Decreasing 0.981111 Decreasing 0.80375 Decreasing 0.825499 Decreasing 0.874077 Decreasing

DMU5 0.99736 Decreasing 0.986235 Increasing 0.829679 Decreasing 0.760054 Increasing NA NA

DMU6 0.961813 Decreasing 1 Constant 0.82535 Decreasing 0.833244 Decreasing 0.95104 Decreasing

DMU7 0.892143 Decreasing 0.993709 Increasing 0.807912 Decreasing 1 Constant 1 Constant

DMU8 0.943141 Decreasing 1 Constant 0.907143 Decreasing 0.803516 Increasing 1 Constant

DMU9 0.957577 Decreasing 0.98607 Decreasing 0.78934 Decreasing 0.784758 Decreasing 0.8718 Decreasing

DMU10 0.937728 Decreasing 1 Constant 0.877247 Decreasing 0.964095 Decreasing 1 Constant

DMU11 0.962056 Decreasing 0.997567 Decreasing 0.79003 Decreasing 0.92826 Decreasing 0.986307 Decreasing

DMU12 1 Constant 0.994966 Increasing 0.810755 Decreasing 0.914601 Decreasing 0.993664 Decreasing

DMU13 1 Constant 1 Constant 0.941526 Decreasing 1 Constant 1 Constant

DMU14 0.931468 Decreasing 0.99075 Decreasing 0.775689 Decreasing 0.86201 Decreasing 0.928475 Decreasing

DMU15 1 Constant 1 Constant NA NA NA NA NA NA

DMU16 0.967561 Decreasing 0.997056 Increasing 0.871627 Decreasing 0.965785 Decreasing 0.995318 Decreasing

DMU17 0.956074 Decreasing 0.995077 Increasing 0.819107 Decreasing 0.820101 Decreasing 0.961814 Decreasing

DMU18 0.999512 Increasing 0.989367 Increasing 0.829666 Decreasing 0.954956 Decreasing 0.9826 Decreasing

DMU19 0.892955 Decreasing 0.956853 Decreasing 0.965787 Decreasing 1 Constant 0.954087 Decreasing

DMU20 0.87408 Decreasing 0.999465 Decreasing 0.798961 Decreasing 0.825108 Decreasing 0.854567 Decreasing

DMU21 0.91742 Decreasing 0.992774 Decreasing 0.87527 Decreasing 0.918962 Decreasing 0.977554 Decreasing

DMU22 0.975586 Decreasing 0.999186 Increasing 0.815494 Decreasing 0.819682 Decreasing 0.938793 Decreasing

DMU23 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU24 0.951758 Decreasing 0.994501 Decreasing 0.792153 Decreasing 0.789013 Decreasing 0.910029 Decreasing

DMU25 0.989091 Decreasing 0.992452 Increasing 0.830725 Decreasing 0.835704 Decreasing 0.935856 Decreasing

DMU26 0.954343 Decreasing 0.968092 Increasing 0.837017 Decreasing 0.926669 Decreasing 0.995575 Increasing

DMU27 1 Constant 0.987119 Increasing 1 Constant 0.911299 Decreasing 0.901531 Increasing

DMU28 0.996843 Decreasing 0.951305 Increasing 0.871671 Decreasing 0.894749 Decreasing 0.990064 Decreasing

DMU29 1 Constant NA NA NA NA NA NA NA NA

DMU30 0.879435 Decreasing 0.939444 Decreasing 0.884847 Decreasing 0.861779 Decreasing 0.901384 Decreasing

DMU31 0.972668 Decreasing 0.984262 Decreasing 1 Constant 0.966149 Decreasing 0.958232 Decreasing

DMU32 0.953445 Decreasing 0.985282 Decreasing 0.838306 Decreasing 0.876776 Decreasing 0.937776 Decreasing

DMU33 0.913797 Decreasing 0.993494 Decreasing 0.903734 Decreasing 0.916443 Decreasing 1 Constant
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5.17:  Branch Assets Maximization Model (Model 4). 

 
                       In this fourth DEA model an attempt is made to analyze efficiency of revenues over 

total assets from the perspective of maximization of assets. The inputs for this model are current 

assets, fixed assets, other assets and total COGS for the branch which is sum of COGS of 

equipment sales, COGS of rental sales, COGS of parts sales and COGS of Service sales. These 

inputs were used in a study of fourteen general merchandizers in USA by Joo, Nixon and Stoeberl 

(2011). Similarly, the output used in this study is sum of revenue from equipment sales, rental 

sales, service sales and branch sales termed as total branch sales.  The model used to maximize 

assets is output oriented VRS and CRS models. In asset maximization, the LP model is solved for 

maximizing the sales of the branch with the existing level of assets. This means how to maximize 

the sales utilizing the existing assets more efficiently using four inputs and one output. 

Inputs: Total COGS of the branch, Current Assets, Fixed Assets, Other Assets 

 Output: Total branch Sales (Equipment +Rentals+ Parts +Service) Revenues 

 5.17.1.CCR and BCC Models: 

                       The efficiency scores of the model are given in table 5.43,5.44 and 5.45 for CRS, 

VRS and Scale efficiency. In the CRS model 2 DMUs 20 and 23 were found 100% efficient in 

2014,4 DMUs 6,13,21 and 23 were found efficient in 2013,6 DMUs 12,13,19,21,23 and 32 were 

found efficient in 2012,5 DMUs 4,6,12,16 and 23 were found efficient in 2011 and 4 DMUs 

8,12,16 and 23 were found efficient in 2010. In other words, under CRS model 

13.33%,16.12%,19.35%,12.5% and 6.06%, were found efficient during the period 2010-2014 

indicating that there is ample opportunity for the other branches to maximize assets. 
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                      Similarly, under VRS model 5 DMUs (19,20,23,29, and 32) in 2014, 8 DMUs 

(6,11,13,15,19,21,23 and 32) in 2013,5 DMUs (12,13,19, 21 and 23) in 2012, 8 DMUs 

(4,5,6,12,6,19,23 and 32) in 2011 and 7 DMUs (8,11, 12,16,19,23 and 32) in 2010 were found 

efficient. In other words, 23.33%,25.0%,16.2%, 25% and 15.15% in the period 2010-2014 

respectively are found to be efficient under VRS model indicating again that there is scope for 

maximization of assets under VRS model. 

                   In table 5.45, scale efficiency scores of the branches are given. It is found that there 

are 20,20,17,21 and11 DMUs scale efficient in the period 2010-2014 respectively. This indicates 

that these branches are utilizing their assets efficiently.Similarly, 1,5,1 and 12 DMUs are having 

increasing returns to scale in the period 2011,2013 and 2014 respectively indicating that the 

branches can decrease utilization of assets.  There are 10,10,9,10 and 10 DMUs in the period 2010-

2014 respectively that have decreasing returns to scale indicating that the assets can be maximized 

by downsizing the branch operations. The inefficiency between CRS model and VRS model is due 

to the different scales used by the two models. CRS model uses proportional increases and 

decreases of input and output variables for computing efficiency scores whereas BCC model 

applies a non-linear scale. 

                  It has to be noted in the analysis that only four inputs and one output was used in the 

analysis and this meets the basic rule of degree of freedom as mentioned in the chapter on DEA 

theoretical aspects, “As proposed by Cooper et al. (2007) a general rule for minimum number of 

DMUs (n) is that it should exceed the greater of the product of the input (m) and output(s) variables 

or three times the sum of the number of input (m) and output (s) variables. 

                             max{ * ,3( )}n m s m s  ”  
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             In this model 4 inputs and one output times three is 15 which is way below the total 

number of DMUs 33 and therefore models exhibit a high discriminatory power in analysis.      

5.17.2: Conclusions:  

                  In this chapter the number of branches (DMUs) that are to be studied were chosen 

and the data collected for the study for the period 2010-2014. Then various possible inputs and 

outputs were identified for analyzing the efficiency of the heavy equipment retailing organization 

under study. These inputs and outputs were drawn from the lists of inputs and outputs used in 

various research papers found in the literature review of the retail sector and automotive 

industry. It was also justified how the financial parameters can be used as factors of production 

for the study by decomposing the return on investment(ROI) and return on assets(ROA) using 

DuPont method. Then appropriate variables from among all the available variables were chosen 

for the study using the stepwise approach method.  

                             Then four DEA models, production process model, profit maximization model, 

expense minimization model and assets maximization models were developed to study the 

efficiency of the heavy equipment retailing organization. Appropriate inputs and outputs that were 

relevant for these models were chosen to conform to the degree of freedom requirement as 

proposed by Cooper et al.,2007, to maintain the discriminatory power of the model. “As proposed 

by Cooper et al., (2007) a general rule for minimum number of DMUs (n) is that it should exceed 

the greater of the product of the input (m) and output(s) variables or three times the sum of the 

number of input (m) and output (s) variables. 

                             max{ * ,3( )}n m s m s  ”  
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         The first model developed was the production process model with factors of production 

as number of employees, area of facility, total COGS of the branch, total departmental expenses 

as four inputs and total sales revenue and total gross margin as two outputs. An in-depth analysis 

of this model was done using various extended models of DEA, to find the consistency of results 

and to increase the discriminating power of the model. The DEA models used were CRS, VRS, 

Super-Efficiency and Cross efficiency model. The efficiency scores were then bootstrapped with 

2000 replications to find out the bias in the scores. 

                 The corrected efficiency scores were then regressed with five environmental variables 

to find if the contextual variables have any influence on the efficiency scores. Then window 

analysis and Malmquist index were used to study the efficiency change over time. Then the two 

methods viz. super-efficiency model and Tran’s method were used to find if there are any outlier 

DMUs in the study. Lastly Network DEA parallel and series structure was used to find the 

efficiency of the internal structure of the DMU that has sales, service and parts operations. A 

detailed analysis has been provided at the completion of each model. 
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Table 5.43. Output Oriented CRS Scores Asset Maximization Model (2010-2014) 

 

 

DMU

2014Technic

al Efficiency 

Score(CRS)

2013 Technical 

Efficiency 

Score(CRS)

2012Technic

al Efficiency 

Score(CRS)

2011Technic

al Efficiency 

Score(CRS)

2010Technic

al Efficiency 

Score(CRS)

DMU1 0.846694 0.856984 0.951558 0.893453 0.929981

DMU2 0.878835 0.850381 0.963006 0.929192 0.947145

DMU3 0.848563 0.775918 0.887272 0.793275 0.857047

DMU4 0.914092 0.939258 0.983258 1 0.994505

DMU5 0.901593 0.826758 0.915843 0.760054 NA

DMU6 0.902074 1 0.97003 1 0.982924

DMU7 0.868348 0.899815 0.972741 0.945854 0.970087

DMU8 0.849973 0.880559 0.930892 0.793474 1

DMU9 0.84606 0.84715 0.917235 0.881875 0.921801

DMU10 0.854483 0.852762 0.93559 0.830993 0.863041

DMU11 0.882538 0.910401 0.975872 0.90779 0.943937

DMU12 0.927371 0.955699 1 1 1

DMU13 0.975129 1 1 0.955851 0.919673

DMU14 0.887165 0.894807 0.953048 0.927928 0.876081

DMU15 0.856406 0.70994 NA NA NA

DMU16 0.933215 0.95233 0.971862 1 1

DMU17 0.917627 0.883756 0.957173 0.962313 0.950264

DMU18 0.845376 0.829547 0.923128 0.855101 0.877145

DMU19 0.921173 0.950101 1 0.933771 0.942388

DMU20 1 0.951617 0.971678 0.967989 0.978597

DMU21 0.997462 1 1 0.962901 0.921688

DMU22 0.901556 0.85992 0.923522 0.950914 0.876716

DMU23 1 1 1 1 1

DMU24 0.844939 0.825736 0.899321 0.840064 0.891752

DMU25 0.902393 0.885567 0.917689 0.909317 0.940004

DMU26 0.817472 0.779861 0.872509 0.850334 0.871178

DMU27 0.820576 0.784791 0.853825 0.810958 0.827281

DMU28 0.916137 0.781605 0.891817 0.844808 0.886898

DMU29 0.900961 NA NA NA NA

DMU30 0.866337 0.875215 0.918032 0.837254 0.85004

DMU31 0.859242 0.813727 0.87917 0.799518 0.788008

DMU32 0.896235 0.96754 1 0.943605 0.913577

DMU33 0.878693 0.959693 0.964043 0.938348 0.914127
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Table 5.44. Output Oriented VRS Scores Asset Maximization Model (2010-2014) 

 
 

 

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2012Pure 

Technical 

Efficiency 

Score(VRS)

2011Pure 

Technical 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

DMU1 0.944447 0.936882 0.974071 0.970136 0.987462

DMU2 0.882953 0.850381 0.963006 0.929192 0.947145

DMU3 0.908352 0.927378 0.952419 0.959397 0.982969

DMU4 0.914092 0.939258 0.984377 1 0.994505

DMU5 0.906473 0.826758 0.915843 1 NA

DMU6 0.902074 1 0.971252 1 0.982924

DMU7 0.868348 0.899815 0.972741 0.945854 0.970087

DMU8 0.85064 0.880559 0.930892 0.793474 1

DMU9 0.916325 0.930277 0.927724 0.94214 0.990579

DMU10 0.93366 0.931832 0.975726 0.920376 0.971024

DMU11 0.962948 1 0.989367 0.986068 1

DMU12 0.927737 0.955699 1 1 1

DMU13 0.982493 1 1 0.955851 0.919673

DMU14 0.887165 0.894807 0.954412 0.927928 0.876081

DMU15 0.868923 1 NA NA NA

DMU16 0.933215 0.95233 0.972523 1 1

DMU17 0.917627 0.883756 0.957173 0.962313 0.950264

DMU18 0.850302 0.829547 0.923128 0.855101 0.877145

DMU19 1 1 1 1 1

DMU20 1 0.951617 0.971947 0.967989 0.978597

DMU21 0.997462 1 1 0.962901 0.921688

DMU22 0.901556 0.85992 0.923522 0.950914 0.876716

DMU23 1 1 1 1 1

DMU24 0.932785 0.904205 0.920805 0.917336 0.945213

DMU25 0.905286 0.885567 0.917689 0.909317 0.940004

DMU26 0.820407 0.779861 0.872509 0.850334 0.871178

DMU27 0.824342 0.784791 0.853825 0.810958 0.827281

DMU28 0.92928 0.781605 0.891817 0.844808 0.886898

DMU29 1 NA NA NA NA

DMU30 0.952401 0.921099 0.921839 0.898021 0.92533

DMU31 0.900231 0.888204 0.880297 0.8508 0.902314

DMU32 1 1 1 1 1

DMU33 0.878693 0.959693 0.964793 0.938348 0.914127
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Table 5.45. Output Oriented Scale Eff Scores Asset Maximization Model (2010-2014) 

 
 

  

                               

                       

DMU

2014Scale 

Efficiency 

Score RTS

2013Scale 

Efficiency 

Score RTS

2012Scale 

Efficiency 

Score RTS

2011Scale 

Efficiency 

Score RTS

2010 Scale 

Efficiency 

Score RTS

DMU1 0.896497 Decreasing 0.914719 Decreasing 0.976888 Decreasing 0.920957 Decreasing 0.941789 Decreasing

DMU2 0.995336 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU3 0.934178 Decreasing 0.836679 Decreasing 0.931599 Decreasing 0.826848 Decreasing 0.871896 Decreasing

DMU4 1 Constant 1 Constant 0.998863 Increasing 1 Constant 1 Constant

DMU5 0.994616 Increasing 1 Constant 1 Constant 0.760054 Increasing NA NA

DMU6 1 Constant 1 Constant 0.998742 Increasing 1 Constant 1 Constant

DMU7 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU8 0.999216 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU9 0.923319 Decreasing 0.910642 Decreasing 0.988694 Decreasing 0.936034 Decreasing 0.930568 Decreasing

DMU10 0.915197 Decreasing 0.915145 Decreasing 0.958866 Decreasing 0.902884 Decreasing 0.888794 Decreasing

DMU11 0.916496 Decreasing 0.910401 Decreasing 0.98636 Decreasing 0.920616 Decreasing 0.943937 Decreasing

DMU12 0.999606 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU13 0.992504 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU14 1 Constant 1 Constant 0.99857 Increasing 1 Constant 1 Constant

DMU15 0.985594 Increasing 0.70994 Increasing NA NA NA NA NA NA

DMU16 1 Constant 1 Constant 0.99932 Increasing 1 Constant 1 Constant

DMU17 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU18 0.994207 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU19 0.921173 Decreasing 0.950101 Decreasing 1 Constant 0.933771 Decreasing 0.942388 Decreasing

DMU20 1 Constant 1 Constant 0.999724 Increasing 1 Constant 1 Constant

DMU21 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU22 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU23 1 Constant 1 Constant 1 Constant 1 Constant 1 Constant

DMU24 0.905825 Decreasing 0.913217 Decreasing 0.976669 Decreasing 0.915764 Decreasing 0.943441 Decreasing

DMU25 0.996804 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU26 0.996423 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU27 0.995431 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU28 0.985857 Increasing 1 Constant 1 Constant 1 Constant 1 Constant

DMU29 0.900961 Increasing NA NA NA NA NA NA NA NA

DMU30 0.909635 Decreasing 0.950185 Decreasing 0.995871 Decreasing 0.932332 Decreasing 0.918634 Decreasing

DMU31 0.954469 Decreasing 0.916148 Decreasing 0.998719 Decreasing 0.939725 Decreasing 0.873319 Decreasing

DMU32 0.896235 Decreasing 0.96754 Decreasing 1 Constant 0.943605 Decreasing 0.913577 Decreasing

DMU33 1 Constant 1 Constant 0.999223 Increasing 1 Constant 1 Constant
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         The second model developed was the profit maximization model with five inputs as number 

of employees, area of facility, COGS of sales, COGS of service, COGS of parts and four outputs 

revenue from sales, service and parts and total gross margin. The objective of this model was to 

maximize revenue with the current level of inputs. The basic DEA models CRS and VRS were run 

but found the discriminatory power was too low with 5 inputs and two outputs. Therefore, to obtain 

the best results some inputs and outputs were consolidated and reduced to make the model give 

better results. Although this yielded some results, to get a better discriminatory power, weight 

restrictions were imposed on the model using the weight restriction model and this gave desired 

results. 

                    The third model used was expense minimization model and this model used had three 

inputs variables that were related to expenses and one output related to revenues. The objective of 

this model was to find how to reduce current expenses while maximizing sales. The DEA models 

used was the basic CRS and VRS models and these models were used to also discuss about scale 

efficiency. 

                The last model used was the asset maximization model and the objective of the model 

was to maximize the current assets to increase sales. The four input variables were all related assets 

to fixed assets, current assets and other assets and total COGS of the branch and the output was 

sales revenue. The DEA models used was the basic CRS and VRS models and these models were 

used to also discuss about scale efficiency. 

******************* 
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Chapter VI: Discussions 

 

6.1 Introduction: 

                    The objective of this chapter is to summarize and give concluding remarks about 

this research. The eight research questions that were set out in Chapter 4 will be addressed and 

discussed in this chapter from the results of using four models in chapter 5. 

                     The research addresses the inadequacies in the current methods of measuring 

performance of heavy equipment dealerships and proposes a DEA based approach for measuring 

the efficiency of heavy equipment dealerships (one single measure of performance based on 

multiple inputs and outputs,).  The eight research questions set out in Chapter 1, and findings from 

the analysis in Chapter 5 are   summarized and presented below. 

              Since the original work on Data Envelopment Analysis(DEA) in 1978 by Charnes, 

Cooper and Rhodes, till today spanning a period of forty years there has been a rapid growth in 

studies related to DEA.  DEA has become a widespread analytical tool for evaluating the relative 

efficiency of comparable organizations (Banker,2004). There are about 15,000 DEA related 

articles published in various journals (Paradi et al.,2017). DEA, is a widely researched topic and a 

mathematical tool for measuring efficiency or performance and has received great attention from 

various fields of management science. The most popular application areas are energy, industry, 

banking, education and health care including hospitals (Emrouznejad and Yang,2018).  

             The five major application areas of DEA are banking, education, transportation, health 

care and Agriculture and Farm(Liu,2013). Among the different industries where DEA was used, 

there were only 28 published research papers up until 2013 (Li,2013), in related industry like 

Automobiles. From the literature review on DEA carried out by Emrouznejad &Yang 2018, Liu 
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2013, and the author’s own search in leading journals for application in heavy equipment 

dealerships, it was found that there was no publication of research papers in which DEA was used 

to measure the efficiency of heavy equipment retailing organizations. 

             Therefore, this research is a first of its kind that uses DEA to find efficiency and 

performance of heavy equipment dealerships. The objective of the research is to use DEA in 

performance measurement of a heavy equipment dealership in Canada that overcomes the 

shortcomings of the various methods that are currently used in measuring the performance. The 

sophisticated linear programing tool that DEA uses enables heavy equipment dealerships to 

benchmark and identify best practices that are not otherwise visible via other methodologies that 

are currently used in the heavy equipment dealerships. 

             This section uses various models used in the black box approach of DEA and are discussed 

as below. 

          In the current research Data Envelopment analysis is used to study the performance of a 

heavy equipment dealership that has a network of thirty-three branches spread from the East to the 

West coast of Canada. The data used for the research is the audited data from the financial 

statements of the company for the period 2010 to 2014. In addition to the financial data, other data 

needed for the research was obtained from the company’s administration department. The inputs 

and outputs for the research was selected from the judgmental screening process of Golany and 

Roll (1989) with a brain storming session with experts in the dealership and the various inputs and 

outputs used in similar study in retail automotive applications and other retail applications such as 

grocery stores, supermarket, restaurant chains etc. as listed in Chapter 2 on literature review. Of 

the many inputs and outputs available for the research the most appropriate variables were selected 

as suggested in the literature based on the requirement of the model using stepwise approach of 
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Wagner and Shimshak (2007). Thereafter, the choice of returns to scale was determined using 

Kolmogrov-Smirnov test and the orientation of the model was selected based on maximization of 

outputs for three models and minimization of inputs for one model. 

        Having thus established the appropriate variables of the model the efficiency was found using 

the Black Box approach. In the Black Box approach in addition to the basic CCR and BCC  models 

various other models such as multiplier restrictions, super efficiency and cross efficiency models 

were also used to improve the discriminating power of the analysis. Once these results were 

obtained the efficiency scores were validated using Bootstrap DEA.  

          An architecture that lists all the models that were used in the Black Box approach was drawn 

as a basis for reference in chapter 4 on research methodology. In the analysis four models namely 

production process maximization model (outputs maximized), profit maximization model (output 

maximized),expense minimization model(input minimization) and asset maximization 

model(outputs maximized).Of the four models production process  maximization (PPM) model 

was analyzed in depth using the discriminatory models of super-efficiency, cross efficiency, using 

bootstrap DEA to find bias in efficiency scores, time series analysis using window analysis and 

Malmquist productivity index, using contextual variables to study effect on efficiency scores and 

detecting outliers if any in the analysis. Profit maximization model used the basic models and 

weight restriction models and the other two models expense minimization and asset maximization 

used only the basic models for brevity. 

           The discussions below will be based on how each of the above four models have been able 

to address each of the research questions.  
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6.2: Branch Production Process Maximization Model: 

                             This is the first model used in the analysis with four inputs and two outputs of the 

DMU. The inputs used are number of employees, area of facility, total departmental expenses and 

COGS of the branch and the outputs used are total branch sales revenue and total gross margin. 

Using these inputs and outputs the following DEA applications were used in the analysis and will 

discuss how each of these models have been able to address each of the research question. 

6.2.1: Basic Models: 

           The CRS model of Charnes Cooper and Rhodes (1978) was used to find the technical 

efficiency of the thirty-three DMUs during the period from 2010 to 2014. It was found that 6 

DMUs in 2010,11 DMUs in 2011,9 DMUs in 2012,7 DMUs in 2013 and 8 DMUs in 2014 had a 

technical efficiency score of 1 indicating they are efficient and the others that had scores less than 

1 and indicating they are inefficient. The trends of CRS and VRS efficiency change for each DMU 

over the five-year period is shown in the Table 6.1 and Table 6.2 with spark lines graph 

respectively. Similarly Figure 6.1and Figure 6.2 show the graph of CRS scores for the period 2014 

and for the period 2010-2014. The Figure 6.3 and 6.4 show the graph of VRS scores for the period 

2014 and for the period 2010-2014.  

            The number of branches that are inefficient that are with scores less than 1, 24 in 2010, 

21 in 2011,22 in 2012,25 in 2013 and 25 in 2014 can be seen from Table 6.1. This means that there 

still exists an opportunity to increase gross margin and sales revenue with the same level of inputs 

of number of employees, area of facility, total expenses and total COGS of the branch. However, 

these results are under the assumption of constant returns to scale where it means that for every 

increase in inputs there is a direct increase in outputs. However, this does not happen in practical 
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applications such as heavy equipment dealerships as there are scale efficiencies involved in 

operations. Therefore, to know the causes of the overall technical inefficiency in the branches, the 

measure of technical efficiency is decomposed in to two components namely pure technical 

efficiency and scale efficiency using BCC model of Banker, Charnes and Copper (1984) that 

addresses variable returns to scale. The graphs in Figures 6.1 to 6.4 gives a visual representation 

of the CRS and VRS scores for the period 2010-2014 and for the period 2014 individually for both 

CRS and VRS scores.  

                    The BCC model was used to decompose the technical efficiency into pure technical 

efficiency and scale efficiency that addresses the variable returns to scale. It is important to note 

that in contrast to technical efficiency measure, the pure technical efficiency(PTE) is devoid of 

scale effect. Inefficiency from pure technical efficiency score results from managerial sub-  

performance. In other words, PTE efficiency score also indicates the ability of the manager to 

convert the resources of the branch in to outputs i.e. sales revenue and improve gross margin. The 

BCC model was run to estimate the frontier for all branches for each year separately.   
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Table 6.1. Trend of CRS Scores (2010-2014) 

 

 

 

DMU

2014Techni

cal 

Efficiency 

Score(CRS)

2013Technic

al Efficiency 

Score(CRS)

2012Technic

al Efficiency 

Score(CRS)

2011Technic

al Efficiency 

Score(CRS)

2010Techni

cal 

Efficiency 

Score(CRS)

Trend CRS 

Scores PP 

Model

DMU1 0.930246 0.909605 0.931374 0.892344 0.878887

DMU2 0.945015 0.93342 0.997941 0.982162 0.974435

DMU3 0.965043 0.965099 0.950019 0.958615 0.959912

DMU4 0.9029 0.916736 0.938968 0.988051 0.962324

DMU5 0.950534 0.856296 0.931752 0.760054 0.986504

DMU6 0.951304 1 0.957465 1 0.997952

DMU7 1 0.993479 1 1 1

DMU8 1 0.992927 0.986958 1 0.902284

DMU9 0.897789 0.913078 0.914275 0.900003 1

DMU10 0.99902 1 1 1 0.979374

DMU11 0.938974 0.997149 0.982101 0.973535 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 0.874374

DMU14 0.916691 0.880852 0.9239 0.908951 0.933018

DMU15 0.944756 0.932221 0.946444 0.970717 0.938022

DMU16 0.941799 0.979694 0.960434 0.959842 0.8942

DMU17 0.950098 0.915935 0.936257 0.927245 0.960531

DMU18 0.921278 0.89202 1 1 0.971762

DMU19 0.963665 0.968675 0.975476 0.98117 0.904202

DMU20 1 0.974648 0.965074 0.955843 0.871228

DMU21 0.971495 0.962607 0.908628 0.921262 1

DMU22 0.913958 0.847937 1 1 0.934469

DMU23 1 1 0.911565 0.891073 0.930432

DMU24 0.944889 0.915095 0.911387 0.894267 0.906407

DMU25 0.965188 0.948104 0.916269 0.899284 1

DMU26 0.949302 0.914337 1 1 0.934732

DMU27 1 0.9474 0.944022 0.910519 0.863465

DMU28 0.966245 0.936525 0.934245 0.869369 0.900804

DMU29 1 0.938573 1 1 0.96646

DMU30 0.92872 1 1 1 0.964236

DMU31 0.94526 0.98728 0.990772 0.993787 NA

DMU32 0.998663 1 NA NA NA

DMU33 0.998608 NA NA NA NA
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Table 6.2. Trend of VRS Scores: 

 

DMU

2014Pure 

Technical 

Efficiency 

Score(VRS)

2013Pure 

Technical 

Efficiency 

Score(VRS)

2012 Pure 

Technical 

Efficiency 

Score(VRS)

2011 Pure 

Technical 

Efficiency 

Score(VRS)

2010Pure 

Technical 

Efficiency 

Score(VRS)

Trend of VRS 

Scores PP 

Model

DMU1 0.949093 0.936882 0.974071 0.970136 0.987462

DMU2 0.980016 0.970611 1 1 0.976322

DMU3 0.974518 0.965116 0.957558 0.970153 0.991311

DMU4 0.906721 0.93337 0.949942 1 1

DMU5 0.950544 0.875524 0.948191 1 0.986519

DMU6 0.951843 1 0.966077 1 1

DMU7 1 1 1 1 1

DMU8 1 1 1 1 0.990579

DMU9 0.924842 0.930347 0.927724 0.94214 1

DMU10 1 1 1 1 1

DMU11 0.965348 1 0.989367 0.986068 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 0.875815

DMU14 0.917547 0.883851 0.930313 0.911928 0.943952

DMU15 0.973827 1 0.947707 0.974064 0.950182

DMU16 0.9424 0.982196 0.96062 0.960442 0.894508

DMU17 0.953294 0.920335 0.949247 0.928613 1

DMU18 0.926717 0.905725 1 1 0.981346

DMU19 1 1 0.977769 0.983972 0.91851

DMU20 1 0.975476 0.966566 0.956838 0.879032

DMU21 0.973795 0.964022 0.917062 0.930282 1

DMU22 0.916848 0.857559 1 1 1

DMU23 1 1 0.920805 0.917336 0.940305

DMU24 0.958991 0.921516 0.9151 0.902041 0.929111

DMU25 0.968978 0.954077 0.953981 0.932615 1

DMU26 0.953865 0.945376 1 1 1

DMU27 1 1 1 1 0.92533

DMU28 1 1 0.944973 0.898021 0.910909

DMU29 1 1 1 1 1

DMU30 0.979714 1 1 1 0.966613

DMU31 0.948497 1 0.996238 1

DMU32 1 1 0 0 0

DMU33 1 0 0 0 0
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   Figure 6.1. CRS Efficiency scores for 2014  

 

Figure 6.2. CRS Efficiency Scores 2010-2014 
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Figure 6.3.VRS Efficiency scores for 2014 

 

Figure 6.4. VRS Efficiency Scores 2010-2014 

  It was found using the BCC model that there are 13 efficient DMUs in 2010,16 in 2011,12 in 
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during the period 2010-2014 using BCC model is 17,15,19,16 and 20 respectively. In other words, 

these branches can become efficient. 

       There are 6,11,9,7 and 8 DMUs in 2010 to 2014 that are scale efficient with a score of 1. This 

indicates that all these branches are operating at the most productive scale size(MPSS). The scale 

inefficiency variations, increasing returns to scale, decreasing returns to scale or constant returns 

to scale is shown in Table 6.3. It is found that many DMUs are operating very close to scale 

efficiency and there are a few that can be made scale efficient. Therefore, using BCC model, the 

technical efficiency can be decomposed to pure technical efficiency and scale efficiency.  

              While decomposing the technical efficiency into pure technical efficiency and scale 

efficiency it is found that there are 5,13,10,9 and 8 DMUs with increasing scale efficiency (when 

inputs are increased by m, output increases by more than m) in the period 2010-2014 respectively 

and 20,12,13,11 and 16 DMUs with decreasing scale efficiency (when inputs are increased by m, 

then output increases by less than m). This indicates that there is an opportunity for the 

management to adjust the operations to reduce costs and maximize profits. When a branch is 

operating under increasing scale efficiency it means they are operating below their optimal scale 

size and therefore they can increase the scale of operations by expanding. When a branch is 

operating under decreasing scale efficiency this means that they are operating above the optimal 

size and therefore downsizing is the most strategic option. This is as per the theory of the firms 

where one of the objectives of the firm is to operate at MPSS (most productive scale size) i.e., 

under CRS in order to minimize costs and maximize revenue. 
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Table 6.3. Scale Efficiency Variations 2010-2014 

 

In the short run firms may operate in the zone of IRS or DRS but in the long run the branches will 

move towards CRS by becoming larger or smaller to survive in the competitive market. This 

process may involve change in the operating strategy of the firm by scaling up or scaling down in 

size. The management may use this information to determine the size of the branch at a given time 

in business cycle of the industry/firm. 

DMU

2014Scale 

Efficiency 

Score

2013Scale 

Efficiency 

Score

2012 

Scale 

Efficiency 

Score

2011 Scale 

Efficiency 

Score

2010 Scale 

Efficiency 

Score

Trend of 

ScaleEfficiency

DMU1 0.980142 0.970885 0.956166 0.919814 0.890047

DMU2 0.964285 0.961683 0.997941 0.982162 0.998068

DMU3 0.990278 0.999983 0.992127 0.988107 0.968325

DMU4 0.995785 0.982179 0.988447 0.988051 0.962324

DMU5 0.99999 0.978038 0.982663 0.760054 0.999985

DMU6 0.999435 1 0.991085 1 0.997952

DMU7 1 0.993479 1 1 1

DMU8 1 0.992927 0.986958 1 0.910865

DMU9 0.970748 0.981439 0.985503 0.955275 1

DMU10 0.99902 1 1 1 0.979374

DMU11 0.972679 0.997149 0.992656 0.98729 1

DMU12 1 1 1 1 1

DMU13 1 1 1 1 0.998355

DMU14 0.999067 0.996607 0.993106 0.996736 0.988417

DMU15 0.970147 0.932221 0.998667 0.996564 0.987203

DMU16 0.999362 0.997453 0.999807 0.999376 0.999656

DMU17 0.996648 0.995219 0.986315 0.998527 0.960531

DMU18 0.994131 0.984868 1 1 0.990234

DMU19 0.963665 0.968675 0.997654 0.997153 0.984422

DMU20 1 0.999151 0.998457 0.99896 0.991121

DMU21 0.997638 0.998533 0.990804 0.990304 1

DMU22 0.996848 0.98878 1 1 0.934469

DMU23 1 1 0.989965 0.97137 0.9895

DMU24 0.985295 0.993033 0.995942 0.991382 0.975564

DMU25 0.996088 0.99374 0.960469 0.96426 1

DMU26 0.995217 0.967167 1 1 0.934732

DMU27 1 0.9474 0.944022 0.910519 0.933142

DMU28 0.966245 0.936525 0.988648 0.968094 0.988907

DMU29 1 0.938573 1 1 0.96646

DMU30 0.94795 1 1 1 0.997541

DMU31 0.996587 0.98728 0.994513 0.993787

DMU32 0.998663 1 NA NA NA

DMU33 0.998608 NA NA NA NA
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         In summary DEA has identified a group of optimally performing dealership branches that 

are defined as efficient by assigning them a score of “1”. These efficient branches are then used to 

create an efficiency frontier or data envelope against which all other dealership branches are 

compared. In other words, dealerships that require relatively more weighted inputs to produce 

more weighted outputs than do dealerships on the efficiency frontier are considered technically 

inefficient. 

       It is found that as per theory when using BCC model there are more efficient firms as 

compared to using CCR model. This happens as the stringent condition of constant return to scale 

in CCR model is relaxed and a variable return to scale is used in BCC model. 

        In Figures 6.5, graph using data for the year 2014, production frontier is drawn for both CRS 

and VRS models using the input Total COGS and output as Gross Margin. The black line being 

the CRS frontier and the dotted line is the VRS Frontier. The inefficient DMUs are the ones that 

are points in lavender color. We can also note from the graph the segments of the BCC frontier 

that are either increasing or decreasing. There are some DMUs, DMU 12 at a point where CRS 

and VRS are tangent to each other indicating that these DMUs are both CCR and BCC efficient 

and that these DMUs ‘s returns are constant. Hence such a DMU would be considered having the 

optimal scale size. 

              The above analysis using both CCR and BCC models have answered the first 

research question “To construct a model to measure the performance and relative efficiency of a 

heavy equipment dealer in Canada treating it as a Black box without considering its internal 

structure.’’   
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   Figure 6.5. CRS and VRS Frontier for 2014 

6.2.2 Super-Efficiency Models: 

           It was found that using the standard CCR and BCC models, many DMUs are shown as 

efficient with a score of 1. However, it is important to know which DMU out of these efficient 

DMUs is the most efficient DMU. Such an identification of DMU will help in determining the best 

performing DMU and also in benchmarking. This has been achieved in the research using the 

Super-Efficiency model of Andersen and Peterson (1993). In other words, super-efficiency models 

can identify super-efficient DMUs. 

        In the research the “Super efficiency model” was run and the scores were found under both 

CRS and VRS and tabulated in table 5.11and 5.12 along with scores from CRS and VRS models. 

The super-efficiency model was run for all the data for the period 2010- 2014 under both constant 

returns to scale and variable returns to scale. 
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         On analyzing the scores for the data for 2014 under output oriented constant returns to scale, 

it is found that there are notable differences between the scores of the DMUs that were efficient 

under constant returns to scale. The branches of the dealership DMUs7,8,12,13,20,23,27 and 29 

had a score of 1 under the CRS model but under super-efficiency model these DMUs have an 

efficiency score greater than 1. It is to be noted that the inefficiency scores of all the other branches 

remained the same under the super-efficiency model. The scores that are greater than one for these 

DMUs can now differentiate these branches based on the scores that are greater than one and these 

DMUs can be ranked. Of these seven DMUs the scores can be sorted from highest to lowest as 

2.01309(DMU29),1.037421(DMU27),1.315397(DMU23),2.036087(DMU20),1.046769 

(DMU13), 1.166419 (DMU12), 1.332947(DMU8) and 1.072082(DMU7). This implies that 

branch 20 is the most super-efficient branch among the eight branches and gets the first rank and 

called global leader of all the branches and the other branches follow ranks based on score. Similar 

interpretations can be done for other periods. 

              Similarly, under VRS output oriented super efficiency model, for the year 2014, there are 

13 DMUs that are efficient and are having scores more than one under VRS. These scores are 

1.051372(DMU33),1.361682(DMU32),1.249168(DMU10),1.436189(DMU19)1.336403(DMU2

3),2.182778(DMU20),1.179321(DMU27),1.216633(DMU12),1.048585(DMU13), and 1.097122 

(DMU7). Of these three DMUs 8,28 and 29 were infeasible DMU 20 has the highest score under 

VRS model and ranked first and all other branches can be ranked accordingly based on the model. 

The inefficiency scores of other DMUs remain unaffected or remain the same in super-efficiency 

evaluation. Similar interpretations can be done for other periods. 

          The Super efficiency model provides more insight to the equipment dealership management 

with respect to benchmarking of their facilities. Therefore, many branches cannot claim that they 
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are showing best performance as evaluated under CRS and VRS models. Therefore, Super-

efficient models provide further improvements in performance evaluations and setting better 

targets for the managers. 

        It is found that under VRS super efficiency evaluation for the year 2014, DMU,28 and 29 had 

a score that was infeasible. In the words the LP problem for this DMU under super efficiency was 

unbounded. However, under the regular VRS model the efficiency score of these DMUs was 1. 

The infeasibility of DMUs means that the outputs of these DMU have no reference point for output 

variations. Graphically the output is such that in the frontier the output point is lying on a line 

parallel to the output axis. Therefore, FPA approach was used to resolve the infeasibility and the 

scores obtained for these DMUs was higher than one. The problem of infeasibility is an active area 

of research in DEA. 

6.2.3 Cross Efficiency Models: 

                      Efficiency is a simple ratio of weighted sum of outputs over the weighted sum of 

inputs and in order to maximize efficiency score, DEA selects the best set of weights for each 

DMU based on a set of constraints. These constraints are that no weight is negative, and the 

resulting ratio is not greater than one and we can term this as simple efficiency. 

       When DEA provides the best set of weights for a particular DMU and that the same set of 

weights is used for all other DMUs in the group, the resulting score is called the Cross-efficiency 

score of each other DMUs as viewed by the original DMU. 

         The Cross-efficiency score was calculated in the research for the data of all the five years 

from 2010 to 2014 and is given in table 5.14. The cross-efficiency score for each branch was 

calculated for each year. The score indicates how each branch rates itself with its best selected 
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weights and also calculates the averaged peer appraisal by each DMU or branch. The DMUs that 

are termed efficient in the CCR model with score 1 have a score less than 1 in the cross-efficiency 

model when evaluated by peers. This indicates that when the branches are evaluated by other 

branches that are peers the efficiency further evaluated stringently and therefore the efficiency 

score drops down further. 

        The Maverick Index was calculated for each DMU for the years 2010-2014.When a DMU is 

maverick it indicates it operates far from other DMUs. The maverick index was scaled up by ten 

for easy comparison. 

       In the year 2014 DMU 29 and DMU 28 are operating with high maverick index of 4.91 and 

3.87 respectively as compared to others that have a maverick index ranging from 0.34(DMU8) to 

3.17(DMU9). Similarly, the year 2013 has a maverick index of 3.11 for DMU23 and  the maverick 

index ranges from 0.50(DMU6) to 2.64(DMU15). Therefore, using the maverick index, one can 

identify the DMUs that has high index and also rank the DMUs (Doyle and Green,1994). 

      DMUs that has the greatest relative increment when shifting from peer efficiency to simple 

efficiency are called Mavericks. If a DMU has a higher Maverick index it means that it operates 

far from the rest of the DMUs. If a DMU has a high simple efficiency and a low peer efficiency, 

then it has a high maverick indicator indicating that it is a Maverick DMU. Therefore, Maverick 

index helps us to identify those DMUs that are operating differently and those that are all round 

performers. 

              The cross efficiency average scores represent a true peer assessment as performance of 

each branch is assessed using the weights of other branches thereby representing all-round 
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performance of branches. This cross efficiency is a useful method of post DEA analysis validation 

of results (Hollingsworth and Wildman,2002). 

6.2.4 Bootstrap DEA: 

                The observed input and output data in DEA may be subject to various measurement 

errors. Therefore, one of the criticisms of DEA is that it assumes that the distance between 

observation and frontier reflects inefficiency. However, this is not true as the distance of the DMU 

from the frontier consists of both efficiency and noise. Simar and Wilson (1998,2000) proposed a 

bootstrap method that enables construction of a confidence interval for DEA efficiency scores. 

The Simar and Wilson method of 1998 is used in the research where a simulation of a true sampling 

distribution is employed by using outputs from DEA. This way a new data set is generated, and 

DEA scores are re-estimated using this data set. The bootstrap procedure is to collect the efficiency 

scores obtained from actual data and then randomly sample with replacement from this collection 

of data to construct a pseudo -data of efficiency scores for the branches. These artificial data are 

associated with the efficiency scores for another round of DEA.  This procedure is repeated 200 

times, it generates a large number of efficiency scores for each branch. In bootstrap the mean and 

variance of each of the empirical distribution of efficiency score is analyzed. It was found that the 

average bias for the five year period ranged from a minimum of 0.73% to a maximum of 5.28%  

for  CRS scores and from a minimum of 0.72% to a maximum of 3.93%  for VRS scores. The error 

in the CRS and VRS scores were corrected by using the bias.  

              The above three analysis namely super-efficiency, cross efficiency and bootstrap DEA 

are post DEA analysis. Super efficiency helps in ranking all the efficient units that have a score of 

1, cross efficiency validates the score by peer evaluation in addition to self-evaluation and the 

bootstrap DEA finds the bias in the data and thereby helps in correcting the scores. Therefore, all 
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these three analyses not only answer the first research question of finding the efficiency scores but 

also helps in post analysis of the scores. The production process model is maximizing the outputs 

of sales revenue and gross margins and therefore answers the third question of maximizing 

efficiency. 

6.2.5: Envelopment Models: 

            The envelopment model of DEA as described in Chapter 3 on theoretical aspects of DEA, 

is the dual of the primal or the multiplier model.This was used to find the proportionate movement 

and slack improvement value and consequently find the Target efficient value. In the analysis in 

section 5.1.10, it was found how DMU 1, can become efficient by making four adjustments to its 

score and operate on the efficient frontier. The, first type of adjustment is known as radial 

adjustment while the second, third and fourth adjustments are known as slack adjustments. Such 

targets that need to be set up are given by solving the envelopment models. The solution of the 

envelopment model has given such targets for all the inefficient units to become efficient units by 

precisely telling what has to be done. One of the shortcomings of DEA is that it does not tell the 

process of using these targets to become efficient(AvKiran,2006). 

         The solution of the envelopment model of the production process model answers question 5 

“How to improve the efficiency of inefficient units so that they also become efficient” by setting 

targets with the help of slacks. 

6.2.6: Network Data Envelopment Analysis(NDEA): 

               The Network DEA (NDEA) approach has been used in the research in the production 

process model using two methods. The basic assumption in using Kao’s 2009 parallel model is 

that the sum of inputs of three sub DMUs (equipment, parts and service) is equal to the total inputs 
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of the whole unit (branch) and the sum of the outputs of sub DMU (equipment, parts and service) 

is equal to the output of the whole branch. 

         In the first method the structure is assumed to be operating in parallel and the efficiency has 

been calculated. While using CCR model it was found that some DMUs are efficient whereas using 

NDEA with parallel structure, no DMU was found to be efficient. However, some sub DMUs were 

found to be efficient under NDEA. The inefficiency of a DMU and sub DMU were calculated in 

terms of slack. 

     In the second method, the structure of the DMU is considered as a two-stage process. The first 

stage is the input stage, the second stage is the intermediate stage and the third stage is the output 

stage. The inputs are the same as in production process model namely number of employees, area 

of facility, total departmental expenses and total COGS of the branch. These inputs are used to 

create the intermediate product sales and the second stage is generation of profit margin. The two 

sub processes are first stage use of resources (inputs) and the intermediate product is generation of 

sales revenue. The overall efficiency of the system is the product of resources (inputs) and the 

efficiency of sales generation.  It was found in this method that overall system efficiency is much 

lower than efficiency of intermediate stage and the second stage. The intermediate stage efficiency 

is high, however the efficiency of generating margin is low and therefore the product of these two 

efficiencies is bringing down the overall efficiency. 

                         This analysis has helped in answering two questions namely question 2, “Measure 

the performance and relative efficiency of heavy equipment dealer considering the internal 

structure of each of its branches using Network Data Envelopment Analysis” and Q6 “Compare 

the efficiency between the two approaches of Black Box and Network DEA approach”. 
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6.2.7: Contextual Variables: 

            The environmental variables also called the contextual variables may influence the 

efficiency scores of the equipment branches. The contextual variables chosen were:1) Federal 

capital expenditure in millions of dollars,2) Population of the city where branch is located, 3) 

Competition index,4) Number of competition stores and 5) Square of competition stores. The data 

for the federal expenditure and population of the city were collected from Statistics Canada 

whereas the number of competition stores and market share of the equipment manufacturer was 

collected from trade journals. The Herfindahl-Hirschman Index(HHI) competition index was 

calculated using the market share and is an indication of the competition index.  

          The two methods used to find the effect of contextual variables on the efficiency score were 

the Ordinary Least Square (OLS) method and the Tobit regression method. 

          Under both these methods the efficiency scores were regressed against the efficiency scores 

found by both VRS and CRS models and corrected for bias from bootstrapped DEA. It was found 

that these contextual variables had varying degree of influence on the efficiency scores. It was 

found that there was a variation in the behavior of the environmental variables. Under OLS, in 

case of VRS scores the effect of capital expenditure showed a statistically significant result on 

efficiency scores whereas all other factors did not show a statistically significant result. In case of 

VRS scores competition index and number of competition stores had a negative coefficient 

whereas other three had positive coefficient. In case of CRS scores all had a positive coefficient 

except the square of competition stores. However, all the variables had a p-value higher than 0.05 

indicating that the effect is not statistically significant? 
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       Under Tobit regression with both CRS and VRS scores, the coefficients of Capital 

expenditure, population and square number of competition stores have negative coefficients 

meaning that the efficiency drops when there is increase in capital expenditure, population and the 

square of the number of competition stores. The other two variables competition index and number 

of competition stores have a positive sign indicating the effect of environmental variables on 

efficiency scores. However, the p-value of competition index and square of number of competition 

stores using CRS scores is less than 0.05 indicating they are statistically significant and similarly 

using VRS scores it was found that number of competition stores and square of number of 

competition stores had a p-value less than 0.05 indicating a statistically significant result. 

       Comparing both OLS and Tobit regression, it is found that Tobit regression gives a statistically 

significant result as compared to OLS regression. 

         The second stage analysis regressing efficiency scores with environmental variables 

answers the question “To find the effect of environmental (contextual) variables on the efficiency 

score”. 

6.2.8: Change in Efficiency over time (PPM- Model): 

                              The research investigated if there are variations in efficiency scores over time 

for the period 2010-2014 using two methods called Window analysis and Malmquist Index. In 

Window analysis the scores along the row indicates the trend of the efficiency scores of the DMUs 

and the column view indicates the stability of the efficiency score of the DMUs. 

                    Malmquist Productivity Index(MPI) method enabled to find the frontier shift that 

occurs due to technological change between two periods. MI also helped to calculate the catch up 
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between two periods and finally Malmquist index is calculated by the product of technical change 

and efficiency change. 

               A Window analysis and MPI of the efficiency scores obtained by the Production Process 

model (Model 1) that has four inputs number of employees, area of facility, total expenses for the 

branch, total COGS for the branch and two outputs total sales for the branch and total gross margin 

for the branch is done with the data for the years 2010-2014. 

            On analyzing the CRS and VRS efficiency scores along the column for the three windows 

it is found that the scores are fluctuating and then somewhat stable in other windows. This variation 

for each branch indicates that the efficiency scores fluctuate for the same inputs and outputs for 

different periods and the source for this fluctuation needs to be investigated. Similarly, it was found 

that of the total DMUs (297), 27.27% of the DMUs exhibited decreasing returns to scale,20.5% 

DMUs exhibited constant returns to scale and 45.45% indicated increasing returns to scale. In 

other words, it indicates that 20.5% of the branches operate at the most productive scale size. This 

indicates that production scale is a source of inefficiency in heavy equipment retailing 

organization. 

            . The Malmquist productivity index represents the overall efficiency measure and can be 

decomposed into two mutually exclusive components. One measuring the change in technical 

efficiency (catch up effect) and the other measuring the change in technology (innovation). It is 

found from the analysis that there is a change in efficiency due to both catches up effect and change 

in technology. 

        This analysis of variation in efficiency over time answers the question “To study the 

variations in efficiency scores over time using Window Analysis and Malmquist Index”. 
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6.2.9: Detection of Outliers in PPM- Model: 

                                From among the efficiency scores of DMU, there could be some DMUs that 

may have a very high-efficiency score in relation to the other DMUs and are termed as outliers. 

Therefore, one of the objectives was to find if there are any outliers. A literature review of various 

methods used to find out outliers in DEA was made and details are given in Chapter 2. Of these 

methods two methods the super -efficiency approach of Banker and Chang (2006) and the second 

scalar method of Tran, Shively, and Preckel (2008) were used as they are popularly used in 

literature. 

               It was found using the Banker and Chang method that DMU20 was found to be an outlier 

whereas, using Tran’s method it was found that DMU23 and DMU20 are outliers. Both methods 

identify DMU20 as an outlier and DMU 23 is identified as an outlier only by Tran’s method. 

Therefore, DMU20 can be excluded from other analyses and further investigated for causes in 

such high efficiency. This analysis answers the question “To find out if there are any DMUs that 

are outliers”. 

            In conclusion, Production Process Model has been able to answer all the research questions 

as found above. However, three more models were also used to find the efficiency from a different 

perspective. The three other models used were to see efficiency from the perspective of profit 

maximization, asset utilization and minimization of expenses. However, in all these models, 

analyses were restricted to only the basic models except for profit maximization where the 

extended DEA model weight restrictions were used. 
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6.2.10: Reliability and Validity of DEA Models: 

                          Researchers who use quantitative research or use a positivist paradigm use 

experimental techniques and quantitative methods to verify hypothesis (Guba and Lincoln,1994). 

The positivist approach to research focusses on patterns, generalizations, methods, procedures, 

measurements and cause and effect relationships (Lincoln et al.,2011, Denscombe,2010). 

Reliability and Validity are the classic criteria of an excellent quality research (Eriksson and 

Kovalainen,2012). In a quantitative study, validity is defined as the extent to which a concept is 

accurately measured, and reliability relates to the consistency of a measure (Heale and 

Twycross,2015). Reliability is the consistency of measurement over time or stability of 

measurement over a variety of conditions(Drost,2011). As per Drost 2011, and Heale and 

Twycross (2015) the following figure indicates various reliability and validity measures in a 

research. 

 

      Figure 6.6. Types of Reliability and Validity 

1) Equivalence Reliability 1) Content Validity

2)Stability Reliability 2) Construct Validity

3) Internal Consistency Reliability 3) Critrion Validity

Tests on Research Models

Reliability Validity
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            Correlation coefficient termed reliability coefficient is a measure of association and is 

often used to estimate reliability(Drost,2011). The reliability is the correlation between two or 

more variables that measure the same thing. There are three types of reliability as shown in the 

figure above (Drost,2011). The equivalency reliability relates to the consistency of measurement 

amongst multiple users, stability reliability explains the consistency of an instrument with 

repeated testing or measurement over time and internal consistency refers to consistency within 

the instrument and how well it measures (Drost 2011, Heale and Twycross,2015). 

         Similarly, validity is concerned with the meaningfulness of research components 

(Drost,2011). There are three types of Validity: content validity, construct validity and criterion-

related validity (Parkin and Hollingsworth,1997: Heale and Twycross,2015). The content 

validity will answer the question “does the DEA score represent the concept of efficiency”. The 

construct validity will answer the question “does DEA score behave as the concepts underlying 

efficiency would suggest?”. The criterion-related validity will answer the question – “does the 

DEA score concur with or predict other measures of efficiency?” (Parkin and 

Hollingsworth,1997). 

Robustness(Stability) of DEA Results: 

                 Robustness or stability or sensitivity analysis of DEA scores has taken varied 

approaches in DEA literature (Cooper et al.,2007). DEA model may give misleading results 

either due to misspecification of the model due to the omission of an important factor in the 

model or due to inadequate data or misspecification of returns to scale (Pedraja et al.,1999). 

There is a range of issues related to the application of DEA procedure with respect to the 

homogeneity of units under assessment, selection of inputs and outputs and weights to these 

factors (Dyson et al.,2001). It is important to study the stability(robustness) of the efficient 
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frontier due to perturbations in data(AvKiran,2007). Some of the stability tests include i) deleting 

variables and its impact on efficient frontier membership ii) number of variables in relation to 

sample size and dimensionality iii) deleting variables and its impact on rankings and iv) testing 

sensitivity scores using super efficiency models (AvKiran,2007). Simar and Wilson (1998) also 

proposed Bootstrapped DEA models to test the robustness of the DEA scores. In this research 

Bootstrapped DEA will be used to test the robustness of DEA scores and the model.  

                   The table 6.4 and 6.6 presents the summary results of the original DEA CCR scores 

and bootstrapped DEA CCR scores and original DEA BCC and bootstrapped DEA BCC scores 

for the period 2010-2014. Table 6.5 and Table 6.6 presents the Spearman’s rank correlation 

coefficient for CCR and BCC scores respectively at significance level 5%. 

Table 6.4. Original DEA CCR and Bootstrap DEA CCR scores 

 

 

 

 

Year Mean S.Dev Min Mean Bias S.Dev Min LB UB

2010 88.71 4.18 86.34 91.94 2.71 1.97 85.22 89.48 96.25

2011 89.5 4.13 86.34 92.62 2.65 2.41 88.21 90.16 98.93

2012 90.34 4.09 90.86 94.22 1.95 1.48 90.51 92.42 97.23

2013 92.18 2.98 84.79 92.84 2.21 1.75 89.91 90.81 97.01

2014 96.06 5.6 89.77 93.99 2.07 1.52 89.35 92.08 97.3

Average 91.35 4.19 87.62 93.12 2.31 1.82 88.64 90.99 97.34

Original DEA CRS Scores Bootstrap DEA CRS Scores Confidence Interval 5%
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Table 6.5. Spearman Rank Correlation Coefficient of CCR scores 

** Significance at 5% 

Table 6.6. Spearman Rank Correlation Coefficient of BCC scores 

 

Table 6.7. Original DEA BCC and Bootstrap DEA BCC scores 

 

 YEAR

CRSBootstrapDEA-

2010

CRSBootstrapDEA-

2011

CRSBootstrapDEA-

2012

CRSBootstrapDEA-

2013

CRSBootstrapDEA-

2014

DEA2010 0.986**

DEA2011 0.991**

DEA2012 0.988**

DEA2013 0.977**

DEA2014 0.961**

YEAR

VRSBootstrapDEA-

2010

VRSBootstrapDEA-

2011

VRSBootstrapDE

A-2012

VRSBootstrapDEA-

2013

VRSBootstrapDEA-

2014

DEA2010 0.995**

DEA2011 0.989**

DEA2012 0.993**

DEA2013 0.997**

DEA2014 0.979**

Year Mean S.Dev Min Mean Bias S.Dev Min LB UB

2010 90.77 4.26 87.58 94.65 2.16 2.25 87.09 92.61 1.00

2011 91.41 4.14 87.58 95.23 2.07 2.1 89.34 93.27 1.00

2012 91.19 4.12 89.8 95.17 1.90 1.64 91.79 93.38 98.84

2013 93.70 3.01 85.75 94.14 2.49 2.47 89.53 91.78 1.00

2014 97.02 5.1 90.67 94.9 2.12 1.78 91.54 92.9 98.86

Average 92.81 4.126 88.27 94.81 2.14 2.04 89.85 92.78 99.54

Original DEA VRS Scores Bootstrap DEA VRS Scores Confidence Interval 5%
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             There are four factors that distinguish the above empirical results. Firstly, the average 

estimate of the bootstrap CCR efficiency score was 93.12% as compared to the average original 

CCR score of 91.35%. Similarly, the average estimate of the BCC score is 94.81% as compared 

to the original DEA BCC score of 92.818%. Secondly, the average minimum value of the 

original DEA CCR score is 87.62% and BCC score is 88.27%. After using the bootstrap method 

and adjusting for bias the average minimum bootstrap efficiency for CCR and BBC score is 

88.64% and 89.85% respectively. Thirdly, the average bias which is the difference between the 

original DEA efficiency sore and bootstrap efficiency score for both CCR and BCC score is 

2.31% and 2.14%, both in the range of 2%. Fourthly, the important   point to be noted is that the 

average DEA efficiency score for each branch is included in the 95% confidence interval of the 

bootstrap efficiency score. This emphasizes the importance of confidence interval for measuring 

the efficiency score of each branch. 

                Parkin and Hollingsworth (1997) used the Spearman Rank Correlation coefficient to 

compare the results of the models over a period. The results of Spearman Rank correlation 

coefficient for the CCR and BCC scores for the period 2010-2014 are shown in table 6.5 and 6.6 

above. This helps to know the length of time an inefficient branch has remained in that state. It is 

found from the table that the rank correlation of efficiency scores between each pair of yearly 

observations is in the range of 0.96 to 0.99. This is a large significantly positive value. The 

results in the above two tables indicate that there is no significant difference between the original 

DEA efficiency score and the bootstrap efficiency score. This also indicates that the original 

DEA efficiency estimates are robust and consistent. 

                  In this research the above analysis also addresses equivalence reliability (verifying by 

relating two sets of test scores to one another to estimate the extent of relationship or 
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association), tested by finding the Spearman correlation coefficient between original DEA scores 

and bootstrap DEA scores. 

                    In this research, the internal consistency (the degree to which tests or procedures 

evaluate the same characteristic) is tested by using DEA CCR/BCC models for the period 2010-

2014 that measures consistently the technical efficiency, pure technical efficiency, and scale 

efficiency. 

Validity Tests: 

           As described above positivism as a research methodology involves quantitative analysis 

of various types and research conclusions based on certain mathematical process (Yee and 

Khin,2010). As per Parkin and Hollingsworth,1997, internal validity addresses the question if the 

methods alter the results. 

       In the present research, internal validity is tested by comparing the results that are obtained 

using a different selection of inputs and outputs using both outputs oriented CCR and BCC 

models. 
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Table 6.8. Models used to test internal validity 

 

The production process model is taken as the base model and ten other models were tested by 

dropping one input at a time, one output at a time and by various combination of inputs and 

outputs to establish internal validity. The CCR and BCC efficiency scores along with scale 

efficiency are given in table 6.9. 

               It is found from the table 6.9 in model 2 when the input Cost of goods sold was 

dropped, the drop in CCR and BCC efficiency score was significant as compared to the base 

production process model with four inputs and two outputs. The drop in CCR and BCC scores 

were 30.63% and 23.57% respectively. This indicates that COGS is a very important input that 

can significantly alter the shape of the frontier. Similarly dropping total branch sales as output in 

model 6, the drop in CCR and BCC scores were 18.9% and 13.23%. This is also a significant 

drop in efficiency score as compared to the basic production process model. Similarly, in the 

model just retaining one input as COGS and one output as total branch sales it was found that 

Factors Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11

Inputs Total Cost of Goods Sold(COGS) *  * * * * * * * * *

Number of Staff * *  * * * *  *   

Total Area of Facility * * *  * * *   *  

Total Department Expenses * *  *  * * *    

Outputs Total Branch Sales * * * * *  * * * * *

Total Gross Magin of the Branch * * * * * *  * * *  
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CCR and BCC scores dropped by 10.78% and 6.56% indicating again that the efficiency scores 

vary with the selection of inputs and outputs. 

              One of the limitations of DEA is that it does not indicate how to choose the inputs and 

outputs for the analysis. This is one of the pitfalls of including factors discriminately (Dyson et 

al.,2001). 

                 Parkin and Hollingsworth (1997) adapted Spearman’s rank order correlations to 

determine the stability of efficiency score estimates over time. The Spearman rank order 

correlation coefficient was calculated between each year for CCR scores and the results are 

presented in the table 6.10. This table indicates that the rank correlation between each pair of 

years is positive and statistically significant. It is found from the table 6.10 that the Spearman 

rank correlation coefficient is high and   statistically significant between adjacent years. 
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Table 6.9.CCR and BCC scores of various models 

Table 6.10. Spearman Rank Correlation Coefficient CCR Scores 

 

   

 but the correlation coefficient drops as the time increases. In other words, it implies that the 

change in the relative performance of the branches between each pair of years is stable. 

 Efficiency Scores

Model 1   All 

Inputs and Outputs

Model 2 

Dropped 

COGS

Model 3 

Dropped 

Total 

Staff

Model 4 

Dropped 

Area of 

Facility

Model 5   

Dropped 

Expenses

Model 6 

Dropped 

Total Branch 

Sales

CCR Scores 0.9606497 0.66639 0.94771 0.95047 0.94612 0.7791

BCC Scores 0.9702242 0.74152 0.96131 0.96593 0.96423 0.84184

Scale Efficiency Scores 0.990137 0.89202 0.98583 0.98411 0.98131 0.92778

Mean Efficiency 

Scores

Model 7 Dropped 

Total Gross 

Margin of the 

Branch

Model 8 

Dropped 

Total Staff 

and Area of 

Facility 

Model 9 

Dropped 

Area and 

Expenses

Model 10 

Dropped 

Expenses 

and Staff

Model 

11Dropped 

Area of 

Facility,Number 

of Staff,Total 

Expenses and 

Gross Margin

CCR Scores 0.96064 0.91864 0.92454 0.92454 0.85704

 

BCC Scores 0.97022 0.9599 0.9501 0.9501 0.90655

Scale Efficiency Scores 0.99104 0.96129 0.97313 0.97313 0.94675

Year 2010 2011 2012 2013 2014

2010 1 0.228 0.023 0.061 0.111

2011 1 0.757(0.000) 0.406 0.108

2012 1 0.693(0.000) 0.218

 

2013 1 .502(0.017)
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     Like any other technique, DEA has its own limitations. DEA is computationally intensive  

(Agha Ali,1990) as each of the models proposed for performing DEA analysis requires the 

solution of n linear programs where n is the number of DMUs. Cooper, Seiford &Tone,2007 

suggest trying different models if you cannot identify the characteristics of the production 

frontier in the preliminary survey. It may be risky to rely only on one model. If the application 

has important consequences it is wise to try different models and methods and compare the 

results to arrive at a definitive conclusion. " The basic models, CCR and BCC have limitations in 

that both these models show more than one DMU as efficient. Therefore, to discriminate, 

between the efficient units, extended models, Super efficiency, cross efficiency and weight 

restrictions have been used in the research. However, DEA is a fair and equitable methodology 

and you will have to prove it (Paradi et al.,2017). I will have to support my argument by 

articulating how the limitations of basic models are supported by extended DEA models. 

Therefore, there is a need for comprehensive analysis. Adequate care will be taken to avoid 

errors. 

           From the various reliability and validity analysis conducted above, it is found that DEA 

analysis meets diverse types of validity and reliability tests despite its limitations.  

6.3: Branch Profit Maximization Model: 

                          The objective of the model is to maximize profits. The inputs (5) used for this  

  

 model is number of employees, the area of facility, COGS of equipment sales, COGS of parts 

sales and COGS of Service sales. The outputs (3) used in the study were revenue from Equipment, 

Service, and Parts sales. However, when CRS and VRS models were run to find the efficiency 

scores with eight factors as above the number of DMUs shown as efficient were very high. 

Therefore, the revenue from sales from individual operations equipment, service, and parts were 
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replaced by total branch sales and total gross margin for the branch. The number of efficient units 

dropped significantly by just dropping one output. 

                The objective is to find how to maximize the revenue from equipment sales, service 

sales, and parts sales. Therefore, to attain better discrimination weight restrictions are imposed on 

the model. The ratio of two inputs parts sales to service sales, and three inputs to outputs viz., 

COGS of equipment sales to revenue of equipment sales, COGS of parts sales to revenue of parts 

sales and COGS of service sales to revenue of service sales, were used in these models to impose 

weight restrictions imposed on the ratios based on the thumb rules practiced in the industry. All 

these weight restrictions were used individually, and one model was run combining all the weight 

restrictions together. It was found that when all the weight restrictions were used together the 

discrimination power of the analyses increased. 

                 Using CRS model with the above 5 inputs and 3 outputs, the model shows 25,20,22,22 

and 19 DMUs as efficient in the period 2014,2013,2012,2011 and 2010 respectively and under 

VRS models with the same 5 inputs and 3 outputs used as above, the VRS model shows 

31,27,26,26 and 25 DMUs as efficient in the period 2014,2013,2012,2011 and 2010 respectively. 

The weight restriction model was applied to the data of period 2014 and the number of efficient 

units dropped to 15 from 25 under CRS model and 31 to20 under VRS model when all weight 

restrictions were used together. Therefore, the profit maximization model answers the research 

question of finding efficiency scores. 

6.4:  Branch Expense Minimization Model:  

              This is the third model used to study the efficiency of heavy equipment branches from the 

minimization of expenses perspective. The inputs (3) used for this model are department expenses, 
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depreciation and amortization, and total COGS for the branch which is the sum of COGS of 

equipment sales, COGS of rental sales, COGS of parts sales and COGS of Service sales and the 

only output used was the total branch sales. With four factors for the analysis of an input-oriented 

model to minimize expenses were run. It was found that there were 6,4,3,6 and 6 DMUs found 

efficient under CRS model and 11,8,8,12 and 15 DMUs efficient under VRS model for the period 

2010 to 2014 respectively. 

         It is pertinent to note that with less number of factors the discrimination power of the model 

is high showing less number of DMUs as efficient. 

6.5: Branch Asset Maximization Model: 

                                             In this DEA model analyses is made to find if assets are utilized 

effectively by each branch and therefore output-oriented model is used. The inputs (4) for this 

model are current assets, fixed assets, other assets and total COGS for the branch which is the sum 

of COGS of equipment sales, COGS of rental sales, COGS of parts sales and COGS of Service 

sales. Similarly, the output (1) used in this study is the sum of revenue from equipment sales, rental 

sales, service sales and branch sales termed as total branch sales. 

                          It is found that 4,5,6,4 and 2 DMUs were found efficient under CRS model and 

7,8,5,8 and 5 DMUs were found efficient under VRS model in the period 2010 to 2014 

respectively.  

               It is to be noted again that with less number of factors used in the analysis, there is a more 

discriminatory power of the analysis showing less number of DMUs as efficient. 

************* 
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Chapter VII: Conclusions, Limitations and Future Directions of Research 

 

7.1: Introduction: 

            Heavy equipment manufacturers retail their equipment through a network of dealers that 

are independently owned and operated businesses with exclusive geographical territories. 

Considering the large investment that is involved in the retailing of the heavy equipment, most of 

the dealers (retailing organizations) want to operate the dealerships efficiently to make profits and 

sustain operations in a constantly changing business environment. Therefore, the objective of the 

research was to use a  new  performance measurement system that will help in assessing the relative 

efficiency of the branches, improve the efficiency of the inefficient branches, compare the 

efficiency of the branches, understand the factors that has bearing on the efficiency of the branches, 

find if there is any change in efficiency over time and how efficiency of departments in the branch 

have relation to the overall efficiency of the branch. 

           The purpose of the study was to develop models and methods that are more appropriate and 

suitable than the conventional methods of measuring performance and that can fulfill the objective 

of the research. 

            It was found that the theory and methodology of Data Envelopment Analysis have been 

widely used to measure efficiency in the public and private sectors. In the public-sector DEA has 

been widely used in schools, universities, hospitals and other government agencies such as police, 

fisheries to mention a few. In the private sector, DEA has been used to measure efficiency in 

automobile dealerships, in supply chain performance, logistics etc. However, DEA was never used 

to study efficiency in heavy equipment retail organizations. In this research DEA, a linear 

programming technique has been used to measure the performance of heavy equipment retailing 
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organizations with the purpose of finding efficiency in the production process of a branch, improve 

the profitability of the branch, increase asset utilization of the branch and to minimize the expenses 

of the branch. Even though DEA has some pitfalls, it is still widely used by academicians and 

practitioners to measure efficiency (Dyson et al.,2001). 

7.2. Overview of the Research: 

            The thesis has focused on how to measure the performance of a heavy equipment retailing 

organization using DEA and thus create a superior performance measuring system. In this 

endeavor, four DEA models were used to measure efficiency namely Branch Production Process 

model, Branch profit maximization model, Branch expense minimization model and Branch Asset 

maximization model. 

           To develop this model, the author extensively reviewed the literature in the application of 

DEA to the automotive industry and other retail sectors such as superstores, grocery stores, 

restaurant chain and wine stores to mention a few. While reviewing the literature various inputs 

and outputs that were used for the study were considered and a broad list of inputs and outputs that 

had similar attributes were listed that can be used for measuring the performance of heavy 

equipment retailing organization. The inputs and outputs drawn were a mix of monetary and other 

factors such as a number of employees and area of the facility. The list of factors were  narrowed 

down using a stepwise approach and only the most appropriate factors were chosen for each model 

that satisfied the degree of freedom formula n ≥ max {mxs,3(m+ s)}, where m=number of inputs, 

s=number of outputs and n= number of DMUs as proposed by Cooper et al., (2007). The return to 

the scale of the model was determined as a variable return to scale-based b on the Kolmogorov-

Smirnov test. Then the orientation of the model was chosen as output orientation for three models 
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as the production process, profit and assets were to be maximized and for one model orientation 

chosen was input orientation as this model involved expense minimization. 

           Having set the parameters for running the model, the above mentioned four models namely 

Branch Production Process model, Branch profit maximization model, Branch expense 

minimization model and Branch Asset maximization model were run with the appropriate factors. 

The analysis was done as per the framework and architecture of the research as detailed in 

chapter4.  

         Of the four models, Production process model was analyzed in detail using secondary data 

for the period 2010-2014. First the basic models CRS and VRS models were run to know the 

technical efficiency and pure technical efficiency. The technical efficiency was divided by pure 

technical efficiency to obtain the scale efficiency. While using these two models technical, pure 

technical and scale efficiency were determined, it was found that both these models showed more 

than one DMU as efficient with a score of 1. Therefore, to rank these DMUs in the order of 

efficiency, super-efficiency model was used that gives an efficiency score of more than 1 for each 

DMU while the inefficiency score remained the same. Similarly, to evaluate the DMUs by the peer 

DMUs cross efficiency model was used and this was used to calculate the maverick Index. The 

maverick index indicates how a DMU is far away from other DMUs in the analysis. The analysis 

above calculated the efficiency scores; however, these scores may have random errors. To 

calculate the bias and determine the confidence interval, Bootstrap-DEA was used. In Bootstrap-

DEA, 2000 replications were done for the CRS and VRS scores and the bias and confidence 

intervals were found. 

            To test the effect of environmental variables on efficiency scores both OLS and Tobit 

regressions were used. The CRS and VRS efficiency scores were regressed against the five 
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environmental factors competition index, number of competition stores, square of competition 

stores, population of the city where the dealership is located and the federal spending on 

infrastructure. Having established the effect of environmental variables on efficiency scores the 

next analysis was carried out to find the change in efficiency over time using both window analysis 

and Malmquist productivity index. To find the efficiency of the departments such as sales, service, 

and parts within the branch, NDEA model was used. The last analysis was to find if there are 

outliers in the DMUs. Having done all the above analysis reliability and validity test was done on 

the scores to establish if the findings were consistent. The production process model was thus 

analyzed in detail. 

              In the Branch profit maximization model to the basic CCR and BCC models were run.  

The basic models do not pose restrictions on the weights and therefore weight restrictions were 

imposed on inputs and outputs based on the industry trends and this helped in bringing the number 

of efficient units and thereby increasing the discriminatory power of DEA. In case of the other two 

models Branch, asset maximization model and Branch expense minimization model only the basic 

CCR and BCC models were run to find efficiency.  

            The researcher is advised to try different models if the researcher cannot identify the 

characteristics of the production frontier in the preliminary survey (Cooper et.al., 2007). As per 

Cooper et al.,2007, it may be risky to rely only on one model and it is wise to try different models 

and methods and compare the results to arrive at a definitive conclusion if the application has 

important consequences.  

                      This is the first study in measuring the performance of heavy equipment retailing  

 organizations using DEA. Therefore, there is going to be pushback in accepting this new     
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 methodology as an effective tool to measure performance by the industry that is currently  

  using many different methods to measure performance as outlined in chapter 1. Therefore 

  a comprehensive analysis is made as per Cooper et al.2007, by using the basic models and other  

  extended models as described above in the architecture in the study to make it more acceptable  

  with least resistance. In other words, multiple models are used in the analysis to present the    

  versatility of the new method using DEA. 

  7.3. Key Findings of the Branch PPM- Model Research: 

  7.3.1: Selection of factors: 

                      It was found using the stepwise approach that the number of efficient DMUs drops 

down considerably when the number of inputs and outputs are reduced in relation to the number 

of DMUs. It was found that when eight inputs and five outputs were used in the CCR model, all 

the thirty-three DMUs were found efficient.However the number of efficient units dropped to two 

when the number of inputs and outputs used were one and two and when the number of inputs and 

outputs were two each (Please refer table 5.2). 

7.3.2: Returns to Scale: 

      A K-S test was done to determine the returns to scale to be used in the research. The K-S test 

statistic showed that constant returns to scale should be used for the research. However variable 

returns to scale is also used to calculate scale efficiency. 
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7.3.3: Technical Efficiency (CRS Model): 

          It was found using the CRS model that 6,11,9,7 and 8 branches were found efficient during 

the period 2010-2014.Of these nine branches 8,10,12,13,19,23,27,31 and 32 were found 

consistently efficient in all the periods. All other branches were found inefficient (refer Table 

5.10). 

7.3.4: Pure technical Efficiency (BCC Model): 

       Using the BCC model, it was found that 13,16,12,16 and 13 branches were found efficient 

during the period 2010-2014. Of these eleven branches 7,8,10,12,13,19,23,27,28,32, and 33were 

found consistently during all the period and all other branches were found inefficient (refer Table 

5.10). 

7.3.5: Scale Efficiency: 

         Scale efficiency was calculated by dividing the technical efficiency score with pure technical 

efficiency score. It was found that 6,11,9,7 and 8 branches were found to be operating under 

constant scale efficiency during the period 2010-2014,8,9,10,13 and 5 branches were operating 

under IRS (increasing returns to scale) during the period 2010-2014 and 16,11,13,12 and 20 

branches were found operating under DRS (decreasing returns to scale) during the same period. 

For details of the branches working under different returns to scale please refer to Table 5.6. 

7.3.6: Super-Efficiency Model: 

              The super efficiency model was run using both CRS and VRS models and it was found 

that under both these models the inefficient branches retained the same score as was in CRS and 

VRS models whereas the efficient branches under these two had a score more than 1. The super-
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efficiency score was useful in ranking the efficient in the order of highly efficient to lowly efficient. 

It was found that branches 22,12,7,21,1 and 9 were ranked in the descending order in 2010, 

branches 22,26,18,13,29,8,7,6,10,12 and 30 were ranked in the descending order in 2011, branches 

22,26,29,13,7,30,12,18 and 10 were ranked in the descending order in 2012, branches 

23,32,13,10,6,30 and 12 were ranked in the descending order in 2013 and branches 

20,29,2,9,23,13,27 and 7 were ranked in the descending order in 2014. It is found that branches 22 

and 26 had a high super efficiency score of more than 2.0 whereas all other branches had a super-

efficiency score of less than 2.0. 

             Under the VRS Super efficiency model it was found that some branches had an infeasible 

solution to the LP problem. The branches 6,2,25 and 27 had infeasible solution in 2010,branches 

5,8,22,23,26 and 27 had infeasible solution in 2011,branches 8,22,23,26,27 and 28 had infeasible 

solution  in 2012, branches 8,15,27 and 28 had infeasible solution in 2013 and branches 8,28 and 

29 had infeasible solution in 2014.To solve the infeasibility in the VRS super efficiency another 

model called FPA model was used to solve the infeasibility. FPA model was used to solve the 

infeasibility only for the period 2014 and the branches 8,20,19,32,23,28,10,12,27,33,13 and 29 

were ranked in the descending order. 

7.3.7: Cross Efficiency Model: 

   The cross-efficiency score was calculated for the period 2010-2014 and it was found that when 

the branch efficiency score is evaluated by peers, the cross-efficiency score is less than the original 

CRS and VRS scores. The difference between original VRS scores and cross efficiency scores 

results in calculating what is called the maverick index. The maverick index is a measure that 

identifies how differently a branch is performing as against branches that are all round performers.  
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It is found that in 2014, DMU 29 has a high maverick index of 4.91. 

7.3.8: Bootstrap DEA: 

    Bootstrap-DEA was done by replicating the scores 2000 times the CRS and VRS scores for 

the period 2010-2014 and it was found that for the  CRS scores for the period 2014 the bias 

ranges from a minimum of 0.65% to a maximum of 4.55%, in 2014,0.65%-5.59% in 2013, 

0.58%-4.22% in 2012,0.84% -5.94% in 2011 and 0.95%-6.22% in 2010.In the VRS scores the 

bias ranges from 0.65% -4.55%, in 2014,0.95%-4.35% in 2013,0.54%-3.37% in 2012,0.83%-

3.35% in 2011 and 0.65% -4.03% in 2010. The mean bias in CRS scores is from a minimum of 

0.72% to a maximum of 5.30% and the mean bias of VRS scores is from a minimum of 0.73% to 

a maximum of 3.93%. The bias helped in correcting the original CRS and VRS scores. 

7.3.9: Envelopment Model: 

   The results show the efficiency score, proportional improvement value, slack improvement 

value and target value (projection), number of efficient DMUs, lambda values and benchmarking 

with reference set are shown using envelopment form (see tables 5.17,5.18 and 5.19). This model 

was run to find how to make inefficient branches efficient by using data for the period 2014. The 

target for the inefficient branch is set by calculating the proportionate movement and slack value 

with which the inefficient branch can reach the branch in the frontier. Therefore, this model 

shows how inputs can be decreased and outputs can be increased to make the branch efficient. 

The envelopment form of DEA gives actionable advice to the organization on improving 

efficiency that is perceived to be fair and equitable. 

        On analysis of slacks for DMU1, it was found that it has an excess staff of 7.4563 and 

excess area of the facility of 63,082. Similarly, on the output side, there is no slack on revenue, 
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but it can be increased by 1,318,131 and the slack on gross margin is 1,071,925. Therefore, 

DMU1 must make three adjustments to operate on the efficient frontier. First it must reduce all 

inputs by 5.1%, second, it must reduce staff by 15.86% and reduce the area of the facility by 

67.37%. This will result in an improved margin by 1,071,925 and the sales by1,318,131.  

          Chen (1997) and Chen and Yeh (1998) used the frequency of reference set to discriminate 

the branches. It is found that branches 12,23,8 and 10 shows up in the reference set of inefficient 

branches 17,14,11 and 11 times. This indicates that these branches are operating efficiently, and 

inefficient branches can emulate these branches. 

7.3.10: Effect of Contextual variables on efficiency scores: 

    Both OLS and Tobit regression was used to find the effect of contextual variables. The five 

contextual variables used were number of competition stores, square of the number of 

competition stores, competition index, the population of the city where the branch is located and 

the federal expenditure on machinery and equipment in the location of the branch. It is found 

from OLS regression competition index and number of competition stores have a negative 

coefficient for VRS scores implying that an increase in these values will decrease the efficiency. 

Similarly, in CRS scores it was found that the square of number of competition stores has a 

negative coefficient indicating that they have a negative effect on efficiency whereas all the other 

factors had a positive coefficient. 

           Similarly, in analysis with Tobit regression coefficients of the population, capital 

expenditure and the square of competition stores all have a negative sign with both CRS and 

VRS scores and the coefficients of other two factors competition index and number of 

competition stores have a positive sign. 
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 7.3.11: Efficiency Change over time: 

       It was found from Window analysis that the CRS scores were stable between adjacent periods 

but over a three-year window seems to fluctuate and not stable. Similar observations are made 

with the VRS scores over a three-year period. It was found that of all the DMUs (297), 27.27% of 

the DMUs exhibited decreasing returns to scale,20.5% DMUs exhibited constant returns to scale 

and 45.45% indicated increasing returns to scale. This indicates that production scale is a source 

of inefficiency in the heavy equipment retailing organization and predominantly most of the DMUs 

operate under a decreasing return to scale. 

          . It was found that Malmquist Index  for the year 2011  is less than 1 indicating that the 

efficiency has decreased as compared to 2010, in 2012 it is less than 1 indicating that the efficiency 

has decreased as compared to 2011, in 2013 it is less than 1 and hence efficiency has decreased 

from 2012 and in 2014 it is greater than 1 indicating that efficiency has increased from 2013. 

Similarly the frontier shift is calculated for the period 2010-2014. The product of technical change 

and frontier shift indicates the Malmquist total factor productivity index. If this index is greater 

than 1 as is observed for DMU1 then it means that there has been a productivity gain and 

productivity loss if less than 1. 

7.3.12: Network DEA: 

       The research was done with two approaches to Network DEA. In the first approach the 

departments of the branch were considered as operating in parallel and in the second approach the 

departments were assumed to be operating in series with the first stage, intermediate stage and 

second stage all happening in series. 
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       It was found using the network parallel structure that the efficiency of the branch was different 

from the efficiency of the individual departments. In the case of DMU1, it was found that the 

efficiency of branch 1 was lower than the efficiency of sales and parts division but greater than the 

efficiency of the service division. 

         In the series structure, the intermediate stage is selling, and the final stage is generating profit. 

It was found for DMU1 that the efficiency of the intermediate stage was high but generating gross 

margin was less thereby bringing down the overall efficiency of the DMU1. 

7.3.13: Detection of outliers: 

        Two methods were used to find if there are outliers among the DMUs. The first method was 

for Banker and Chang using super efficiency and the second method was of Tran that uses the 

lambda value of the efficient units to identify Outliers. It was found using Banker and Chang 

method that DMU20 was an outlier using VRS model whereas with CCR model using Tran’s 

method it was found that DMU23 and DMU20 are outliers. Both methods identify DMU20 as an 

outlier and DMU 23 is identified as an outlier only by Tran’s method.     

7.4. Key Findings of the Branch Profitability Model Research:   

  7.4.1:   Introduction  

                This model was run with the objective of maximizing profit with five inputs number of 

employees, the area of facility, COGS of sales, COGS of Service and COGS of parts and two 

outputs total branch sales and total gross margin for the branch. The model was run with the basic 

models CCR and BCC and to improve the discriminatory power weight restrictions were imposed 

and weight restriction model was run. 
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 7.4.2. Basic Models: 

          It was found using CCR and BCC model that there are 13 branches efficient using CCR 

model and 23 branches using BCC model. It is found that this model shows many branches as 

efficient and therefore weight restriction model was used to improve the discriminatory power. 

7.4.3: Weight Restriction Model: 

        In this model weight restrictions were imposed on inputs and outputs. Using these weight 

restrictions individually and collectively altogether five different models were run using 2014 data. 

It was found that using all the restrictions together with the number of efficient units dropped by 

40% in the case of CCR model and 35% in the case of BCC models. 

7.5. Key Findings of the Branch Expenses Minimization Model Research:   

 7.5.1. Introduction: 

           The inputs used for this model are department expenses, depreciation and amortization, and 

total COGS for the branch which is the sum of COGS of equipment sales, COGS of rental sales, 

COGS of parts sales and COGS of Service sales. Similarly, the output used in this study was the 

sum of revenue from equipment sale, rental sales, service sales termed as total branch sales.   In 

short, the model was run with three inputs and one output. Since the model was about minimization 

the model was run as an input-oriented model. However, this research was done only with basic 

models CCR and BCC. 
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7.5.2: CCR Model: 

           This model was run with three inputs and one output using data for the period 2010-2014.It 

was found that the number of efficient branches in minimizing expenses was 6,4,3,6 and 6 during 

the period 2010-2014. During this period the minimum score of inefficient branches were 

76.13%,73.03%,71.66%,84.93% and 87.94% during the period 2010-2014 respectively. This 

indicates that there is an opportunity to save 23.87%,26.97%,28.34 %, 15.07% and 12.06% of 

expenses during the period 2010-2014. 

7.5.3: BCC Model: 

      As above this model was run with three inputs and on output and it was found that there were 

11,8,8,12 and 15 that were efficient in minimizing expenses. The minimum VRS inefficiency score 

of the branches were 85.19%,81.07%,85.61%,86.36% and 90.13% during the period 2010-2014 

respectively. In other words, this presents an opportunity for saving expenses to a maximum of 

14.81%,18.93%,14.39%,13.64% and 9.87% during the year 2010-2014. 

7.5.4: Scale Efficiency: 

      It is found during the period 2010-2014 there is 6,4,3,6 and 6 DMUs scale efficient 

respectively. Similarly,2,2,13 and 1 DMUs are having increasing returns to scale in the period 

2010,2011,2013 and 2014 respectively indicating that the branches can increase their expenses. 

There was no DMU with increasing returns to scale in the year 2012There are 22,25,28,13 and 26 

DMUs in the period 2010-2014 respectively that have decreasing returns to scale indicating that 

the expenses can be minimized by downsizing the branch operations. 
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7.6. Key Findings of the Branch Asset Maximization Model Research:  

7.6.1: Introduction: 

              This model was run to maximize assets in each branch and therefore was run with output 

orientation using only the basic models CRR and BCC Models. The inputs used for this model are 

  current assets, fixed assets, other assets and total COGS for the branch which is the sum of COGS 

of equipment sales, COGS of rental sales, COGS of parts sales and COGS of Service sales. The 

output used is Total branch sales. In other words, three inputs and one out was used for this model.  

7.6.2. CCR Model: 

        Using the CCR model it was found that 4,5,6,4 and 2 branches were efficient during the period 

2010-2014 respectively in utilizing the assets of the branch. The minimum value of inefficiency 

score of the branches was 78.80%,76.00%,85.38%, 70.39% and 81.74 %. This indicates that there 

is an opportunity to increase asset utilization by 21.2%,24%,14.62%,29.61% and 18.26% during 

the period 2010-2014 respectively. 

7.6.3.BCC Model: 

     Using BCC model, it was found that 7,8,5,8 and 5 branches were found efficient during the 

period 2010-2014 with minimum inefficiency score of 82.72%,81.09%,85.38%,77.98% and 

85.03% respectively. This presents an opportunity to improve asset utilization by 

17.28%,18.91%,14.62%,22.02% and 14.97% respectively. 
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7.6.4: Scale Efficiency: 

    The scale efficiency is found by dividing the CCR score by BCC score and by doing so it is 

found that there is 20,20,17,21 and11 DMUs scale efficient in the period 2010-2014 respectively. 

This indicates that these branches are utilizing their assets efficiently. Similarly,1,5,1and12 DMUs 

are having increasing returns to scale in the period 2011,2013 and 2014 respectively indicating 

that the branches are maximizing utilization of assets.  There are 10,10,9,10 and 10 DMUs in the 

period 2010-2014 respectively that have decreasing returns to scale indicating that the assets can 

be maximized by downsizing the branch operations. 

  The above were the findings using the four research models for the thesis. In the next section 

recommendations will be proposed based on the findings above that can improve the performance 

of the heavy equipment retailing organization. 

7.7. Recommendations: 

7.7.1. Branch Production Process Maximization Model: 

          The results of the analysis of this research were done with four DEA models. The first DEA 

model of Branch production process model demonstrates a variety of inefficiencies in the branch 

operations of heavy equipment retailing organization under study. These results can be used by 

the managers and decision makers to improve the performance of the heavy equipment retailing 

organization and some of the recommendations are addressed below using the research findings 

mentioned in the previous section. 

          The very first analysis using basic models identified that there are branches with poor 

performance under both CRS and VRS models. Using the scores from these two models the scale 
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efficiency was calculated and identified branches that were working with decreasing returns to 

scale, increasing returns to scale and constant returns to scale. The management based on these 

findings can take a decision to scale down operations of branches with decreasing returns to scale 

and expand the operations of the branch with increasing returns to scale. 

        The poor performance of the branches also indicates that these resulted from the 

underutilization of inputs. The extent of underutilization of inputs can be obtained from the 

envelopment form of the model and using the slacks in the model targets can be set for potential 

reduction of inputs. As can be seen from the findings of the model it was evident that some 

branches had excess staff and excess area of the facility. This will assist managers in managing 

the branch in an effective way. 

        The envelopment model provides a reference set for the inefficient branches and this can 

provide valuable insights to the managers in benchmarking the best practice branches. The 

benchmarking will help managers to ask inefficient branches to emulate and adapt the best 

practices of the efficient branches.  

        The branches can be ranked based on the performance using the super-efficiency model and 

this ranking can be used to motivate inefficient branches to follow the leader in adapting their 

process. 

       It was also found that there is a decline in technological change over the period 2010-2014 

and this can be partly attributed to the inability of the staff in following the process and new 

techniques in place. The branches can improve the technology by adequately training the branch 

staff to improve their skills and knowledge. 
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     It was found that some of the environmental factors affected the efficiency like a number of 

competition stores and competition index. This will help the branch managers to be aware of the 

competition in the industry and therefore educate branch staff in improving customer satisfaction 

and customer experience. 

          The analysis indicates that the efficiency of the branch as a whole also depends on the 

efficiency of the individual departments in the branch and therefore adequate measures to be taken 

to improve the performance of individual departments. 

          These recommendations are based on the complete production process in the branch 

including the individual department of sales, service and parts operations. Therefore, these can be 

of great use to the Chief Operations Manager of the organization who is always on the lookout for 

ways and means of improving the efficiency of the organization. 

7.7.2. Branch Profitability Maximization Model: 

            In this model, specific emphasis was on using the inputs and outputs that will maximize 

the profitability of operations. The analysis demonstrated that there are inefficiencies in some 

branches and identified branches with different scales of operations. The branches with decreasing 

returns to scale can be downsized and those with increasing returns to scale can be expanded to 

improve the profitability of the organization. Although envelopment model was not used in the 

research, this model can be used to set targets for reducing the inputs. This model will be of interest 

to the CEO of the organization as it will assist in achieving higher ROI (return on investment). 
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7.7.3. Branch Expense Minimization Model: 

          This model was used with inputs and outputs that primarily focus on reduction of expenses 

such as Total COGS, department expenses and depreciation and amortization expenses. This 

model will be of interest to the Chief Financial Officer as CFO is engaged all the time in controlling 

expenses that will further improve profitability. The scale efficiency of the model will help in 

managing expenses more effectively. 

7.7.4. Branch Assets Maximization Model: 

      This model was used with inputs and outputs that primarily focus on maximizing the assets of 

the organization. The inputs that were used was Total COGS of the branch, current assets, fixed 

assets and other assets. This model is of interest to the Chief Financial Officer as CFO is engaged 

all the time in maximizing the return on assets(ROA). 

7.7.5. Performance Enhancement Decision-Making System (PEDMAS): 

           The various recommendations that have been made above from four different models used 

for the research can be combined to design a performance measurement system that helps in 

monitoring the performance of different branches on a regular basis. 

              The research suggests PEDMAS as a system using DEA as a tool that can use multiple 

inputs and outputs to measure the performance of the branches of equipment dealership and then 

helps them in enhancing the performance of the inefficient branches (Athanaspoulos,1995). 

           Performance enhancement decision-making system (PEDMAS) uses DEA as a tool to 

measure the performance of these branches that have multiple inputs and outputs and helps them 

in enhancing the performance by taking a timely decision in enhancing the performance of 
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inefficient branches. The following Figure7.1 exhibits the use of PEDMAS as a system to aid in 

making decisions to improve performance on a regular basis.  

     

     

  Figure 7.1. Performance Enhancement Decision-Making System (PEDMAS) 

         

 7.8: Contributions of the Research: 

  i) The current research is the first published application of DEA to measure the performance of 

heavy equipment retailing organization. This was undertaken due to the many shortcomings in the 
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current methods that are used to measure performance in heavy equipment retailing organization. 

This approach can be generalized to similar industries like automotive and heavy-duty trucks 

where a single franchise has multiple dealership locations. This approach can also be utilized by 

manufacturers of equipment and other related industries where the distribution is done through 

dealerships to measure the relative efficiency of their dealer network. 

ii) The research adds to the existing literature on applications of DEA by extending the application 

of DEA to heavy equipment retailing organization. 

iii) The four different models used in the research shows how DEA can be applied to meet different 

objectives in the organization. The different models can be used by CEO, COO, and CFO. This 

approach can be extended to study the efficiency of the workshops that services the equipment and 

improve the profitability of the service operations in heavy equipment retailing. In the service 

operations of heavy equipment, there are mobile service vans that go to the site of the customer to 

repair the machines. Each of these mobile service vans can be considered as a DMU and the 

efficiency of the mobile service van operations can be studied. The application can also be 

extended to supply chain, human resources, and logistics. 

iv) The research has firmly established the consistency of results using various reliability and 

validity tests and thus establishing DEA as a useful tool to measure performance in heavy 

equipment retailing organization. 

v) While this research is the first publication in the application of DEA to heavy equipment 

retailing organization, it is also the first publication in using Network DEA to study the efficiency 

of internal departments of the branch such as sales, service and parts operations. This study also 

has established a relationship between the efficiency of the branch and its internal divisions. 
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vi) The research has made a comprehensive analysis of efficiency by using various models (Cooper 

et al.,2007) to analyze performance so as to enable take a right decision. 

vii) The research has the potential to integrate DEA with the ERP (enterprise resource planning) 

system of the organization and to measure performance on a continuous basis and take corrective 

action to improve efficiency. 

viii) To test the sensitivity of efficiency scores various inputs and outputs combination has been 

used. Therefore, the sensitivity analysis gives direction in the choice of appropriate inputs and 

outputs for the study.  

ix) Another contribution of the research is to test the environmental factors of the heavy equipment 

industry and how it affects the efficiency scores using OLS and Tobit regression. 

x) The use of CRS and VRS Window analysis and Malmquist index to measure the change in 

efficiency over time (2010-2014) is a novel method of finding variations in productivity due to 

technological change. 

    All these contributions help the decision makers and managers by giving guidelines for 

improving the performance of heavy equipment retailing organizations. 

7.9. Limitations of the Research: 

                             This is a first research paper on measuring the performance of heavy equipment 

dealership branches using Data Envelopment Analysis. The variable selection is based on expert’s 

opinions and based on details that are available in the literature in the research in automotive 

dealerships and other retail sectors using DEA. Every effort has been made to get reliable data 

from the audited financial results of the company and other authorized, authenticate and reliable 
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sources within the organization. However, these data are from the enterprise resource system of 

the organization and any error inherent in the system would be replicated in the financial statement. 

Such errors inherent in the system may have influenced efficiency scores. Such errors found in the 

scores have been corrected by using a bootstrapping technique. 

         Similarly, some of the data for contextual variables were obtained from Statistics Canada 

and data related to market share from Trade journals(Statista.com). Some details on market share 

of equipment manufacturers were not available. Similarly, data on the number of competition 

stores in each branch had to be compiled in some cases.  

        The heavy equipment dealership is a service industry and its survival depend on the 

performance efficiency. This is possible by practicing various strategies that include customer 

support and service, low-cost innovative products, customer satisfaction index, response time, 

continuous improvements and service level. These qualitative factors affect the performance of the 

dealership. Since the qualitative data was not available, these could not be included as variables in 

the research and the research was limited to the available financial information. 

      Similarly, data on inventory performance, stock-outs, number of purchase orders, number of 

vendors, lead time, inventory turns, etc. was not available at branch level and hence not included 

as variables. This would help in benchmarking the dealerships on inventory performance. 

     Certain other data related to customer satisfaction like order processing time, physical aspects 

of the dealership, reliability of service, customer relationship etc. was not available and therefore 

could not be included as variables in the research. 
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7.10:  Directions for Future Research: 

                        As mentioned in the limitations on the discussions on this research work, the scope 

of the research is limited to data availability. Therefore, one area for future research is to collect 

more data and improve the quality of the model by using more variables. Some of the variables 

could be qualitative like physical appearance of the dealership, customer satisfaction index, quality 

of service, reliability (is the machine coming to the shop for the same job repeatedly), and response 

time. Some of the quantitative data could be related to inventory holding, number of turns, lead 

time, number of purchase orders etc., 

          Another area of probable future research is to use Structural Equation Modelling to find the 

effect of latent factors on efficiency scores in addition to the current methods of Tobit regression 

and Ordinary Least Squares. 

            The third area of potential future research is to use Slack Based Efficiency models to find 

efficiency scores. The slack-based method has not been used in current research. 

             One of the assumptions made in the parallel structure of NDEA model is that the sum of 

inputs and outputs of sub DMUs in a DMU should be equivalent to the input and output of the 

DMU. Therefore, the fourth area of likely future research could be to find a model that can do 

away with this assumption and this could be a mathematical challenge. 

               Kao (2014), noted that the most valuable research direction would be in the application 

of DEA models to real world problems and therefore future research should be directed towards 

finding models that can improve heavy equipment dealership performance. 
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7.11: Summary of Findings: 

              In the current research the four DEA models that are developed to measure the 

performance of heavy equipment retailing organization are: branch production process model, 

branch Profitability maximization model, branch expense minimization model and branch asset 

maximization model. Various branch-level data of inputs and outputs were incorporated in to the 

above models to capture many efficiency measures using various DEA models. These efficiency 

measures found by above four different DEA models can be used by various functions in an 

organization as described below. 

              These four models will serve different perspectives in an organization looking to 

improve its efficiency. The production process model will enhance the overall efficiency of 

production process and will be of interest to the Chief of Operations, the CEO who is striving to 

improve profitability will be well served by the profit maximization model and the Finance chief 

who wants to control expenses and improve asset utilization will be benefitted by using the 

expense minimization model and the asset maximization model. 
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Table 7.1. Summary of findings of PPM - Model        

 

                             The production process model was analyzed and found that there are branches 

that are efficient and those that are inefficient. The above table 7.1 lists all the branches that are 

found inefficient in the Production Process model. It is found from the above table that DMU1 

has an inefficiency score of 0.94975 indicating that the branch could become technically 

efficient(pure) if all its inputs are proportionately reduced by 5.02%. However, this will not 

make the branch efficient as it has non-zero slacks for this branch. On analysis of slacks for 

DMU1, it was found that it has an excess staff of 7.4563 and excess area of the facility of 

63,082. Similarly, on the output side, there is no slack on revenue, but it can be increased by 

DMU Score

Target 

Staff 

Reduction

Target 

Area of 

Facility 

Reduction

Target for 

expenses 

Reduction

Target 

for 

COGS 

of the 

Branch

Target 

Branch 

Sales 

Improve

ment

Target 

Gross 

Margin 

Improve

ment

DMU1 0.94975 16% 67% 3.32% 0 5% 28%

DMU2 0.98002 23% 0% 24% 0 2% 9%

DMU3 0.97509 16% 26% 2% 0 3% 14%

DMU4 0.90682 0% 27% 2% 0 10% 79%

DMU5 0.95082 0% 0% 2% 0 5% 22%

DMU6 0.95184 0% 0% 19% 0 5% 30%

DMU11 0.96706 32% 31% 5% 0 3% 15%

DMU14 0.9172 0% 0% 1% 0 9% 59%

DMU15 0.97383 0% 0% 29% 0 3% 14%

DMU16 0.9424 0% 0% 21% 0 6% 34%

DMU17 0.95327 13% 0% 1% 0 5% 28%

DMU18 0.92672 0% 24% 10% 0 8% 43%

DMU21 0.97356 0% 3% 1% 0 3% 15%

DMU22 0.91701 0% 27% 2% 0 9% 54%

DMU24 0.95908 16% 38% 2% 0 4% 23%

DMU25 0.97146 0% 57% 5% 0 3% 12%

DMU26 0.95387 0% 4% 23% 0 5% 31%

DMU30 0.97971 0% 34% 19% 0 2% 14%

DMU31 0.94884 0% 10% 2% 0 5% 27%
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1,300,351 and the slack on gross margin is 1,057,466. Therefore, DMU1 has to make three 

adjustments to operate on the efficient frontier. First it has to reduce all inputs proportionately by 

5.02%, (weights to be determined by multiplier model) and then subsequently reduce staff by 

16%, area of facility by 67% and expenses by 3.32%. This reduction results in increase in sales 

by 5% and gross margin by 28%. Similar interpretations can be made for all other inefficient 

branches from the above table. 

                 A summary of findings of the four different models is given in table 7.2below. It is 

found that branches 12,23,8 and 10 shows up in the reference set of inefficient branches 17,14,11 

and 11 times for the production process model. This indicates that these branches are operating 

efficiently, and inefficient branches can emulate these branches in the production process model.  

                   From the table 7.2 below it is found that DMU 20 and DMU 23 are efficient 

consistently under all the above four models under both constant returns to scale and variable 

return to scale except the expense minimization model for CRS. This means that both these 

DMUs are operating under the most productive scale size. It is also found that DMU 23 is 

appearing fourteen times under the reference set of inefficient branches. This is the conclusion 

from using the basic CRS and BCC models. 

 

 

 

 

 



PERFORMANCE MEASUREMENT-DEA  
 

326 
 

Table 7.2. Summary of Four models used in the research 

 

               However, by using the envelopment form of the other three models namely profit 

maximization model, expense minimization model and asset maximization model, target value of 

improvement can be found for each of these models. 

              It is also found from the above table that there are very few branches that are efficient 

under expense minimization model and asset maximization model as compared to production 

process model and profit maximization model under both CRS and VRS. Branches that are 

efficient under production process model are not necessarily efficient under asset maximization 

and expense minimization model. Therefore, this indicates that one model cannot serve all 

purpose and therefore based on the objective, efficiency must be modelled, and appropriate 

factors have to be chosen for the specific model to meet the needs of the model. 

          The current methods used in measuring performance in dealership branches does not 

precisely say by how much percentage multiple inputs and outputs can be altered to increase the 

Model Scale of the Model Efficient DMUs

Production Process 

Maximization Model CRS Model DMU 7,8,2,13,20,23,27,29

VRS Model DMU 7,810,12,13,19,20,23,27,28,29,32,33

Profit Maximization Model CRS Model DMU2,6,8,9,10,12,13,20,21,22,23,25,28,32,33

VRS Model DMU2,4,5,6,7,8,9,10,11,12,13,20,21,22,23,25,27,28,29,32,33

Expense Minimization Model CRS Model DMU12,13,15,23,27,29 

VRS Model DMU7,8,10,12,13,15,19,20,21,23,27,29,30,32,33

 

Asset Maximization Model CRS Model DMU20,23

VRS Model DMU19,20,23,29,32
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profit margin and thereby make the operation efficient whereas DEA is able to specifically point 

out precisely the reductions in input needed to improve efficiency.  

           With the available data of the equipment organization there was constraint in using only 

the above four models to analyze the efficiency. However, with the availability of other data on 

performance, DEA can be effectively used to measure efficiency in other functions of the 

organization. One can analyze the efficiency of the service repair shops in the organization if we 

have data on number of technicians, number of bays, number of manhours used in repair, labor 

rate, number of work orders opened and sales revenue from the workshop. DEA model using 

these factors can find out the efficiency of workshops. The heavy equipment retailing 

organizations have several mobile service vans (may be as high as 200 in large organizations) to 

give onsite service to customers in the field. If we have data on kilometers covered by the van, 

fuel consumed by the van, maintenance expenses on the van, number of workorders opened and 

the profit generated by the van, the efficiency of the technicians can be estimated. A large 

organization has many sales personnel and all of them are given a vehicle to contact customers to 

generate sales. The efficiency of sales personnel can be calculated if there is data on number of 

customer calls made by them, fuel consumed by the vehicle and number of sales orders 

generated by the sales person.  

     

                  DEA can also be used to formulate strategies. The objective of the management 

decides the type of model. As described the four models have different objectives and therefore 

the four models address these objectives. It is possible that some DMUs may be efficient in some 

of these models and inefficient in other models. This is because the factors chosen for the 

analysis are different for each model. The DMUs are found efficient or inefficient based on these 
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models. The strategies can be chosen based on the findings of the model and the findings will 

differ from each model. As the findings will be different for each model, it is not possible to 

devise a single strategy that will address all models. 

                     However, using the results of a single model strategies can be devised both for long 

term and short term based on the objective. The model indicates different types of return to scale 

Constant Returns to scale, Increasing, returns to scale and decreasing returns to scale. If the 

DMU shows constant returns to scale the outputs are proportional to inputs. On the contrary if 

DMUs exhibit decreasing returns to scale the strategy should be to downsize branches and 

increase the size of the branch when the DMU shows increasing returns to scale. 

                   In real world it is very difficult to immediately take such action of downsizing or 

increasing the size of the branch as some facilities may be under lease and other constraints. 

However, the returns to scale results of the branch will aid in taking strategic decisions either to 

downsize or increase the size of operations. In each of the model improvement targets can be 

found using the envelopment form as discussed in section 5.9.6 in Chapter 5. 

                    Similar such strategies can also be drawn based on the other objectives of the 

organization. The efficiency/profitability matrix has been used by Boussofiane et al., (1991) to 

classify performers as stars, sleeper, dog and question mark and formulate strategies for an 

organization. Sarrico and Dyson (2000) used the framework of BCG (Boston Consulting Group) 

for formulating strategies in U.K. Universities. Lin and Lin (2017) used BCG matrix and DEA to 

formulate strategies for securities industry in Taiwan. Pham, Choi and Park (2018) used DEA 

results and BCG matrix to formulate strategies for major ports in Korea and China. A detailed 

discussion of using DEA using BCG and profit -efficiency matrix is beyond the scope of the 

thesis but can conclude that DEA can be used for formulating strategies in an organization.  
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               DEA also has the potential to become a predictive tool if one can interface the ERP 

system of the organization with a DEA software so that real time efficiency data is available for 

review monthly. 

                 In summary DEA provides a promising alternative to measure performance in heavy 

equipment retailing organization. Although the first paper on DEA, the productivity management 

tool for service organizations appeared in 1978, this is the first research applying DEA to heavy 

equipment retailing organization. DEA analysis establishes the best practice group of branches, 

identifies inefficient branches compared to the best group of branches and quantifies the amount 

of potential improvement possible for each inefficient branch. In other words, DEA indicates the 

level of resource savings and service improvement possible for each inefficient branch if it is to 

be on par with the efficiency level of the best branch. The current performance measures used in 

the heavy equipment retailing organizations does not identify the above parameters identified by 

DEA, that are needed to improve efficiency. Therefore, DEA is a more powerful tool to measure 

performance and makes it a suitable candidate than the contemporary tools that are used to 

measure performance of heavy equipment retailing organizations due its ability to use multiple 

inputs and multiple outputs. 

**************** 
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