
Using Big Data to enhance data
envelopment analysis of retail

store productivity
Nicola Castellano

Department of Economics and Management, University of Pisa, Pisa, Italy

Roberto Del Gobbo
Department of Economics and Law, University of Macerata, Macerata, Italy, and

Lorenzo Leto
Department of Economics and Management, University of Pisa, Pisa, Italy

Abstract

Purpose –The concept of productivity is central to performance management and decision-making, although
it is complex and multifaceted. This paper aims to describe a methodology based on the use of Big Data in a
cluster analysis combined with a data envelopment analysis (DEA) that provides accurate and reliable
productivity measures in a large network of retailers.
Design/methodology/approach – The methodology is described using a case study of a leading kitchen
furniture producer. More specifically, Big Data is used in a two-step analysis prior to the DEA to automatically
cluster a large number of retailers into groups that are homogeneous in terms of structural and environmental
factors and assess a within-the-group level of productivity of the retailers.
Findings – The proposed methodology helps reduce the heterogeneity among the units analysed, which is a
major concern in DEA applications. The data-driven factorial and clustering technique allows for maximum
within-group homogeneity and between-group heterogeneity by reducing subjective bias and dimensionality,
which is embedded with the use of Big Data.
Practical implications – The use of Big Data in clustering applied to productivity analysis can provide
managers with data-driven information about the structural and socio-economic characteristics of retailers’
catchment areas, which is important in establishing potential productivity performance and optimizing
resource allocation. The improved productivity indexes enable the setting of targets that are coherent with
retailers’ potential, which increases motivation and commitment.
Originality/value – This article proposes an innovative technique to enhance the accuracy of productivity
measures through the use of Big Data clustering and DEA. To the best of the authors’ knowledge, no attempts
have been made to benefit from the use of Big Data in the literature on retail store productivity.

Keywords Productivity measures, Performance management, Big data, Tandem analysis,

Data-driven clustering, Data envelopment analysis

Paper type Research paper

1. Introduction
Retail is one of the largest and most diversified industries (Kumar et al., 2017). In 2021, global
retail industry sales reached 26 trillion US dollars and are projected to exceed 30 trillion by
2024 (Statista, 2022). Generally, retail activitiesmake a significant contribution to the national
GDP of developed countries and serve as important drivers of economic growth in developing
countries (Gandhi and Shankar, 2016).
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Although several factors related to technologies (i.e. self-checkouts, robotic automation
and augmented reality) are expected to cause rapid market growth in the future, various
limitations need to be considered, such as increasing operating costs and the consequent
necessity to protect margins (The Business Research Company, 2021).

In response to the peculiar challenges and complexities that companies operating in the
retail industry need to deal with, a broad research stream has developed specific measures to
support decision-making and performance measurement. This article seeks to contribute to
this research direction.

Among the indicators used to measure retail companies’ performance, the traditional
concept of productivity, calculated using an input/output ratio, is still central and relevant
(Mishra and Ansari, 2013), as witnessed by the considerable number of studies on the subject
published since the 1980s. Some of these studies have explicitly focused on developing
context-specific techniques for calculating accurate and reliable productivity indices (Teng,
2014) by, for example, selecting the most significant input and/or output factors. Other
studies have developed useful computational techniques to improve the precision and
reliability of the results of productivitymeasurements (G€unter andGopp, 2021), such as linear
regressions, translog cost functions, stochastic frontiers and data envelopment analysis
(DEA). The DEA, which we employ in our study, has been extensively utilized in the retail
sector (Vaz et al., 2010) and various other domains (e.g. Majdi et al., 2023). Many studies have
endeavoured to enhance DEA by proposing innovative methodologies that often incorporate
it with other techniques (Ebrahimnejad and Lotfi, 2012; Ebrahimnejad and Tavana, 2014;
Nasseri et al., 2018), thereby increasing its versatility, accuracy, reliability and applicability.
For instance, Tavana et al. (2018) introduced an equivalence model that combined multi-
objective linear programming problems with DEA, accommodating both desirable and
undesirable factors, along with uncontrollable variables. Their approach facilitates
interactive performance planning and allows decision-makers to strategize efficiency
improvements within budget constraints. Likewise, Ebrahimnejad and Amani (2021)
presented a novel DEA model that takes into account undesirable factors using triangular
fuzzy numbers. Introducing the concepts of fuzzy ideal and anti-ideal decision-making units
(DMUs), their approach enables comprehensive efficiency analysis, evaluates units from both
optimistic and pessimistic perspectives and reduces computational complexity.

In brief, the productivity scores calculated through a DEA are the result of a benchmark
on all the DMUs, where a score of 1 is assigned to the most efficient DMUs, while the score
decreases as the level of productivity decreases, with a minimum of 0. From a managerial
perspective, the lower is the score for a given DMU, the higher is the magnitude of the
improvement requested to that DMU to reach the maximum level of productivity. Of course,
this line of reasoning is valid under the assumption that all the DMUs are homogeneous and
fully comparable in terms of utilization of inputs and production of outputs (Samoilenko and
Osei-Bryson, 2008). When remarkable differences occur among the DMUs, which can be
either internal or external exogenous factors, the results obtained through a DEA may lack
accuracy. Heterogeneity exacerbates the distance between the least efficient DMUs and the
most efficient ones, making the latter an unachievable target (Amirteimoori andKordrostami,
2013). Furthermore, distorted performance evaluations may unfairly attribute responsibility
to managers of less efficient DMUs when the lack of productivity is due to exogenous factors
rather than poor managerial capacity (Hajiagha et al., 2016; Li et al., 2016).

Cluster analysis is widely employed in combination with DEA to mitigate heterogeneity.
It enables the division of DMUs into sub-groups that exhibit homogeneity in one or more
variables considered meaningful to the analyst, facilitating an accurate comparison of
efficiency levels (Samoilenko and Osei-Bryson, 2008). In several cases, scholars focus on scale
heterogeneity by referring to differences in the size of DMUs and consequently divide them
into clusters homogeneous in terms of levels of input and output (Amirteimoori and
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Kordrostami, 2013; Hajiagha et al., 2016; Li et al., 2016). In our study, cluster analysis is
employed to address some of the significant sources of heterogeneity (Zarrin et al., 2022).
Specifically, we assume that structural characteristics and exogenous environmental
variables play a substantial role in interpreting the variations in the productivity levels of the
DMUs. On the other hand, we acknowledge that previous studies have warned about (Dyson
et al., 2001; Samoilenko and Osei-Bryson, 2010): 1) the difficulties related to identifying and
measuring environmental variables; 2) the problem of dimensionality, whichmay determine a
loss of discriminatory power in the analytical model when too many variables are included.

The paper aims to contribute to this body of literature by proposing a Big Data-based
methodology that is valuable for utilizing exogenous environmental variables in cluster and
DEA while simultaneously addressing the dimensionality problem.

The increasing development of Big Data allows the expansion of the company data
ecosystem. It makes available innovative measurements for variables meaningful to support
decision-making that usually are not represented in the company information system.
Among the wide array of Big Data sources, in this study, we use humanmobility data (HMD)
and geographic information systems (GIS) to measure multiple aspects concerning the
catchment area in a network of retail stores. To reduce the dimensionality, we propose a
tandem analysis, which consists of a combination of factorial techniques (principal
component analysis [PCA] and multiple correspondence analysis [MCA]) followed by an
agglomerative hierarchical clustering (AHC). In coherence with a meta-frontier approach, the
DEA is performed in two steps on the entire population and within the clusters. The
comparison of the results provides evidence of the benefits of this kind of approach. In
particular, the calculations of the retailers’ productivity based on clustering showed higher
levels of accuracy and reliability. This methodology can provide effective support in the
management of control processes, specifically when it comes to setting achievable targets for
retailers.

This technique was applied to a leading kitchen furniture producer that, as part of its
development strategy, provided financial and organizational support to retailers for opening
and renewing a massive number of stores. Therefore, it was essential for the company to
measure the stores’ productivity for performance evaluation purposes and to set adequate
sales targets for retailers to improve the overall volume of sales and profitability.

The paper aims to contribute to the existing body of literature in multiple ways.While Big
Data is widely used in clustering analysis, its applications in the retail sector remain limited.
To date, there have been no attempts to combine Big Data cluster analysis with DEA. The
peculiarities of the Big Data sources adopted in the analysis also contribute to the
advancement of the studies. While GIS data is well-known in retail industry research, HMD
represents a novelty. The use of GIS and HMD in combination provides the possibility of
profiling the population that actually lives in a specific geographical area, rather than
considering the population that is formally registered in the same area but may be residing
elsewhere. Furthermore, Big Data provides a wide range of measures that enable data-driven
detection of the environmental and structural characteristics that are significant for grouping
retailers into homogeneous clusters to enhance the reliability of productivity analysis.
Finally, the proposed tandem analysis is effective in reducing the dimensionality associated
with the use of Big Data and, equally importantly, it can be easily adapted to analogous
contexts.

This article is structured as follows: The second section opens with a brief literature
review of DEA applications in retail store productivity. The section also contains a brief
literature review of cluster analysis used to reduce the heterogeneity of DMUs, which is a
major drawback in the DEA. The advantages of Big Data in cluster analysis are also
discussed as a way to measure external exogenous variables. The third section presents the
DEA methodology, while the fourth section is devoted to the empirical application of the
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tandem analysis that combines Big Data clustering with DEA and to the discussion of the
results. The last section presents the conclusions along with empirical implications,
limitations and future research avenues.

2. Literature review
2.1 DEA adoption in retail store productivity
Scholars have been looking for ways to improve productivity measures for many years, as
attested by numerous studies published on the subject (Bhat et al., 2016; Islam and Syed
Shazali, 2011). Although the importance of productivity for retail companies is widely
acknowledged (Ingene, 1984), several aspects remain controversial, such as the determinants
of retail performance and the coherence, accuracy and suitability of measures (Hig�on et al.,
2010), which has resulted in a long-running debate among academics and practitioners.

For example, some country-level studies have revealed differences among productivity
drivers that could be relevant when developing suitablemeasures (K€apyl€a et al., 2010; Griffith
and Harmgart, 2005). In the United States, the productivity growth at the beginning of the
2000s was significantly driven by within-firm strategies (i.e. companies were opening new
productive stores to replace non-productive ones; see Foster et al., 2002), whereas in the
United Kingdom, strategies of the same kindwere associated with lower productivity (Haskel
and Khawaja, 2003).

Another research strand has focused on developing effective measurement frameworks for
productivity and efficiency at the store level, which are critical for assessing retailer
competitiveness (Pestana Barros and Alves, 2003) and taking appropriate actions (Dubelaar
et al., 2002). Improvements in store productivity affect the overall performance of companies.
Therefore, productivity measures at the store level provide greater and more detailed analytic
support for decision-making than company-aggregated measures (Keh and Chu, 2003). As a
result, productivitymeasures at the store level have been extensively discussed in the literature
as a means of supporting a wide array of decision-making purposes, such as optimizing
resource allocation (Yang, 2020), performance-based rewarding systems (Vyt and Cliquet,
2017), identification of technical inefficiencies and related solutions (Pestana Barros and Alves,
2003) and support for manager control and expansion strategies (Dubelaar et al., 2002).

A productivity measure generally takes the structure of an output-to-input ratio (K€apyl€a
et al., 2010). Output indicators may include, for example, the number of units sold, sales
revenues, footfall and the degree of customer satisfaction, while input indicators can involve
employee numbers, labour costs, hours worked and store size (Donthu and Yoo, 1998).

Several issues may affect the measurement of productivity at the store level. First,
a productivity ratio that includes only two variables, representing the outcome and the input,
respectively, may be too simplistic to effectively represent the multiple facets of productivity
(i.e. technical, economic and intangible, among others; see Kamakura et al., 1996). Moreover,
the comparison of productivity among stores located in different places may be biased due to
significant differences in economic, social and demographic characteristics, which influence
store performance in relative terms.

To address the complexities mentioned above, the literature has predominantly proposed
statistical methods such as regression analysis (Donthu and Yoo, 1998), translog cost
functions (Kamakura et al., 1996), stochastic frontier (Barros, 2005; Gupta and Mittal, 2010;
Gauri, 2013) and DEA.

DEA (Farrell, 1957; Charnes et al., 1978) is a non-parametric technique that allows for great
flexibility in calculating productivity and efficiency because multiple inputs and outputs of
different nature (e.g. continuous, numerical and categorical; see Banker andMorey, 1986) can
be summarized in the same measurement framework, including qualitative figures (Nyhan
and Martin, 1999).
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A further advantage of DEA is the ability to calculate optimal values through linear
programming, as well as its easy adaptability to different contexts (Zhou and Xu, 2020).
Given its peculiar characteristics, DEA provides effective support in comparing multiple
DMUs whose performance and productivity are influenced by different environmental
conditions.

In their seminal work, Charnes et al. (1985) developed the premises for applying DEA to
calculate retail store productivity. Afterwards, a similar approach has been used in a wide
array of cases. A summary of the literature on DEA adoption in the retail industry is
summarized in Table 1.

Scholars over time have contributed to the literature by proposing approaches to using
DEA for ranking purposes, aiming to assess themost efficient retailers competing in the same
country (e.g. Sellers-Rubio and Ruiz, 2006; Perrigot and Pestana Barros, 2008; Mostafa, 2009;
Gandhi and Shankar, 2014). In several other cases, the use of DEA has been proposed aiming
to provide managers with information about how to enhance the retailers’ efficiency within
the same company, thus improving the company efficiency overall (Pestana Barros and
Alves, 2003; Vaz et al., 2010; Ko et al., 2017; Vyt and Cliquet, 2017, Gong et al., 2019; Huang
et al., 2019; Rouyendegh et al., 2019).

DEA is often used in combination with other methodologies in order to widen the scope of
the research. Among others, bootstrapped Tobit regression is used to assess the impacts of
the different determinants of efficiency (Perrigot and Barros, 2008; Gandhi and Shankar,
2016; Ko et al., 2017). Gong et al. (2019) adopt DEA with hierarchical regression analysis and
nonlinear analysis to evaluate how efficiency may be improved through sustainability
initiatives, while Rouyendegh et al. (2019) use Intuitionistic Fuzzy Technique for Order of
Preference by Similarity to Ideal Solution technique to include some qualitative variables in
the calculation of efficiency.

The heterogeneity of DMUs can represent a major drawback in the use of DEA. The
retailers very likely operate in different conditions that may act as boosters or hinderers of
efficiency. If such conditions are not considered somehow in calculating the efficiency scores,
the comparison of all the DMUs in the search for the best performers may be altered. The
heterogeneity bias becomes relevant when the number of DMUs is remarkably high, as in the
case study described in the present paper. Consequently, in the following section, we
summarize the literature on how heterogeneity is treated in DEA adoption.

2.2 DEA and the problem of heterogeneity
The robustness of the results obtained when using DEA depends on the homogeneity of the
DMUs (Jiang et al., 2020). A comparison of DMUs with dissimilar characteristics produces
non-accurate and unreliable efficiency scores (Samoilenko and Osei-Bryson, 2008; Lozano-
Vivas et al., 2002). In the case of non-homogeneous DMUs, the distribution of productivity
scores is sparse, with many DMUs reporting low scores (Zhu, 2022).

Heterogeneity may depend on the violation of the following three basic assumptions
(Dyson et al., 2001): (1) the DMUs produce comparable products or services (same outputs), (2)
the same set of resources is available to all the DMUs (same inputs) and (3) the DMUs do not
operate in the same environment. Samoilenko and Osey-Bryson (2010) propose that
homogeneity within a set of DMUs must be maintained from both a semantic and a scale
perspective. Semantic homogeneity requires that all DMUs within the set share a common
meaning for the decision maker, while scale homogeneity pertains to the comparability of
input and output levels across all DMUs in the sample.

Heterogeneity can be reduced by limiting the analysis to a sample of DMUs selected
through criteria considered meaningful by the analyst (Ko et al., 2017; Vyt and Cliquet, 2017),
while clustering analysis is used to a larger extent to divide the entire set of DMUs into
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Authors Purpose Method Input variables
Output
variables

Nr of
DMUs

Pestana
Barros and
Alves (2003)

To analyse the
efficiency of retail
stores of a
Portuguese multi-
market
hypermarket
retailing chain

Output-oriented
VRS** DEA

1. Nr of
employees; 2.
Cost of labour;
3. Absenteeism;
4. Area of
outlets; 5. Nr of
points of sale; 6.
Age of the
outlet; 7.
Inventory; 8;
Other costs

1. Revenues;
2. EBIT

47

Sellers-Rubio
and Ruiz
(2006)

To estimate the
economic
efficiency of
Spanish
supermarket
chains

Traditional non-
parametric input-
oriented CRS* DEA

1. Nr of
employees; 2.
Nr of outlets in
supermarket
chain; 3. Capital
invested

1. Revenues;
2. Profits

100

Perrigot and
Barros (2008)

To analyse the
efficiency of the
French retailers in
order to identify
the best-practice
reference
enterprises. To
determine the
determinants of
retailers’ efficiency

Two-step procedure:
DEA þ Bootstrapped
Tobit. Four DEA
models are used: CRS*;
VRS**; cross-
efficiency; super-
efficiency

1. Nr of
employees; 2.
Total assets; 3.
Total costs

1. Revenues;
2. Profits

11
companies
x 5 Years

Mostafa
(2009)

To measure the
relative efficiency
of the US specialty
retailers and food
consumer

Output-oriented
VRS** DEA

1. Nr of
employees; 2.
Total assets

1. Revenues;
2. Market value;
3. Earnings per
share

45

Vaz et al.
(2010)

To assess
efficiency in stores
selling different
lines of product

Network DEA. Two-
stage analysis at line-
of-product ad store-
level

1. Floor area. 2.
Value of
products in
stock. 3. Nr of
references. 4.
Value of
products
spoiled

1. Revenues 70

Gandhi and
Shankar
(2014)

To find the “best in
class” between
Indian retailers. To
analyse the pattern
of efficiency
change over time.
To test impacts of
environmental
factors on
efficiency of firms

Input-oriented DEA
(CRS* and VRS**);
Malmquist
Productivity Index,
Bootstrapped Tobit
Regression

1. Cost of
labour; 2. Total
assets

1. Profits;
2. Sales

18
companies
x 3 Years

(continued )

Table 1.
Summary of literature
on DEA adoption in
retail industry
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Authors Purpose Method Input variables
Output
variables

Nr of
DMUs

Ko et al.
(2017)

To measure the
efficiency of
individual stores.
To assess the
factors that affect
store efficiency

DEA þ Bootstrapped
Tobit Regression

1. Store size.
2. Nr of
employees.
3. Nr of items.
4. Rental costs

1. Revenues.
2. Nr of
customers

32

Vyt and
Cliquet
(2017)

To measure retail
performance at
store level by
taking into account
the stores’ local
market
characteristics

Two-step procedure:
output-oriented
DEA þ OLS
regression of
efficiency scores upon
8 local variables

1. Store size.
2. Nr of
employees.
3. Product shelf
space allocation

1. Revenues 38

Gong et al.
(2019)

To evaluate the
retailers’ benefits
on efficiency
coming by
sustainable
operations. To
evaluate under
which internal
conditions an
increase of
sustainable
operations will
determine likely an
improvement in
operational
efficiency

Two-stage DEA
(evolution of CRS*
model); hierarchical
regression analysis;
non-linear analysis

Stage 1: Supply
chain
coordination
(4 variables);
Sustainability
level
(compliance,
environmental,
created sharing
values)

Stage 1: Cost
competency
(4 variables);
Flexibility
competency
(3 variables);
Social
competency
(4 variables);
Environmental
competency
(4 variables)

124

Outputs of
stage 1 are
inputs for
stage 2

Stage 2:
Business
performance
(sales growth;
profits growth;
market share
growth; ROI)

Huang et al.
(2019)

To evaluate the
performance of the
allocation process
in the fashion
industry

Multi-stage efficiency
model based on
dynamic network
DEA (CRS*)

1. Initial
allocation
quantity; 2.
Replenishment
quantity

1. Sales
quantity;
2. Inventory
quantity

52

Rouyendegh
et al. (2019)

To evaluate
efficiency in retail
industry by using
both quantitative
and qualitative
data

Intuitionistic Fuzzy
Technique for Order of
Preference by
Similarity to Ideal
Solution (IF-
TOPSIS)þ CRS* DEA

1. Nr of
employees;
2. Parking area
for the
customers;
3. Average
number of
customers per
m2 daily

1. Amount of
money per
customer trip
per m2 daily;
2–3. Flexibility
and
accessibility
(qualitative
variables)

21

(continued ) Table 1.
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homogeneous sub-groups (Charnes and Cooper, 1980; Vyt and Cliquet, 2017). Other studies
include some variables of environmental or exogenous nature that could be meaningful in
discriminating the DMU efficiency. Such variables can be included in the DEAmodel (Dyson
et al., 2001; Gong et al., 2019; Rouyendegh et al., 2019) or during a subsequent step of the
analysis, aiming to determine the factors that have major impacts on efficiency and correct
the scores previously obtained by the DEA model (Haas and Murphy, 2003; Vyt and
Cliquet, 2017).

The adoption of clustering analysis in combination with DEA is preferable from a
managerial perspective because it enables an explicit identification of natural groups of
DMUs (Samoilenko and Osei-Bryson, 2008), and it is helpful to managers since it provides an
assessment of the DMUs status quo under an efficiency perspective. Furthermore, clustering
used in combination with DEA provides a quantification of more realistic targets for non-
efficient (or less efficient) DMUs. A summary of the literature on clustering analysis used in
combination with DEA is shown in Table 2.

In the existing literature, various clustering techniques are utilized to subgroup DMUs
including, among others, hierarchical methods (agglomerative or divisive), partitional
techniques (such as k-means clustering) and fuzzy clustering. These methods differ in the
algorithms used to assign a DMU to a specific cluster and the approach taken to determine
the optimal number of clusters in which the population under investigation should be
partitioned. In several instances, the number of clusters is predefined by the analyst as a
requirement of the clustering technique, as is the case with k-means clustering, or it is
determined through domain expert knowledge. In contrast, clustering techniques that do
not require any assumption by the analyst are applied in a limited number of cases (Sharma
and Yu, 2009; Zarrin et al., 2022). Clustering based on a priori assumptions is suitable when
DMUs can be categorized into a taxonomy commonly used in the context of analysis.
Conversely, unsupervised clustering aims to generate intrinsically effective clusters
according to the characteristics of the dataset being used (Samoilenko and Osei-
Bryson, 2019).

Two alternative methods of combining clustering Analysis and DEA emerge in the
literature. In the first approach, the DEA is performed on the entire dataset, and cluster
analysis is used to classify the DMUs on the DEA results. Alternatively, the cluster analysis
precedes the DEA, which is then performed only within the cluster to calculate for each DMU
a score of efficiency that is only relative to the cluster it belongs to. The first approach is used

Authors Purpose Method Input variables
Output
variables

Nr of
DMUs

Our
contribution

To measure
efficiency among a
large number of
retailers, by taking
into account the
heterogeneity in
store
characteristics and
in the socio-
demographic traits
of their catchment
area

Tandem Analysis:
Data-driven factorial
and clustering of
DMUs þ Output-
oriented VRS** DEA

1. Average
number of
kitchen models
presented in the
store; 2. Total
costs of store
setup

1. Sales
quantity;
2. Revenues

541

Note(s): *CRS5 constant returns to scale. It is also known as CCR: Charnes, Cooper, Rhodes (1978). **VRS5
variable returns to scale. It is also known as BCC: Banker et al., (1984)Table 1.
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to divide the investigated set of DMUs intomultiple reference subsets of homogeneous DMUs
whose efficiency is calculated on the entire group of DMUs (Sharma and Yu, 2009; Li et al.,
2016; Costa et al., 2019, only to name a few). The second is also called the meta-frontier
approach, which assumes that the DMUs operate in contexts with different characteristics
that can be, among others, of environmental, social, cultural or technological nature.
Consequently, it becomes coherent to evaluate the efficiency of the DMU within the clusters,
then identifying group frontiers (or local frontiers), while the maximum levels of efficiency
calculated on all the DMUs form the meta-frontier (Yu and Chen, 2020).

The meta-frontier DEA approach is coherent in research embracing a managerial
perspective, where the DEA scores are helpful in assessing the level of efficiency of the DMUs
and setting achievable improvement targets, with reference to a maximum level of efficiency
that is compatible with their specific characteristics and operating context, which can be
remarkably different from other DMUs (Hajiagha et al., 2016; Li et al., 2016; Zarrin et al., 2022).
Following the meta-frontier approach, we calculate DEA scores both on the entire set of
DMUs and within the clusters, so determining two efficiency scores for each DMU: namely
the “pooled” score and the “separate” (or “within”) score, that are referred to the meta-frontier
and to the group-frontier respectively. A significant gap between the pooled and the separate
score confirms the existence of structural or environmental differences between the clusters
and the entire population, thus supporting the relevance of classifying the DMU into sub-
groups (Rao et al., 2003).

Coming to the variables used in clustering the DMUs, the levels of inputs and outputs are
used in several studies aiming to address the scale heterogeneity occurring among units of
different size (Amirteimoori and Kordrostami, 2013; Hajiagha et al., 2016; Li et al., 2016). The
exclusive use of inputs and outputs allows for determining the extent of heterogeneity, even if
it does not provide any information about what constitutes heterogeneity (Zarrin et al., 2022).

In our study, we aim to address the heterogeneity related to some structural
characteristics of the DMUs but also to exogenous factors related to the environment
where the DMUs operate. The use of environmental variables, when needed, is hindered by
the difficulty to identify and measure those variables (Dyson et al., 2001). Moreover, since the
number of environmental variables that are worth considering can be really large, the
inclusion of too many variables into a DEA model would determine a reduction of its
discriminatory capacity (Dyson et al., 2001; Samoilenko and Osei-Bryson, 2010).

For what concerns the problems related to the identification and measurement of
environmental variables, the ever-increasing development of Big Data sources may open new
possibilities to retrieve both structured and unstructured data from internal and external sources.

Big Data is widely used in cluster analysis. However, despite significant interest in many
research fields, its application in the retail sector, as well as in combination with DEA,
remains limited [1]. Kulkarni et al. (2022) aim to deploy a Big Data model in the retail industry
and use DEA to analyse the level of efficiency of different kinds of variables. In cluster
analysis applications, Big Data is used, among others, to support predictions concerning the
best store location (Andriyanov et al., 2022; Carpio-Pinedo and Gutierrez, 2020; Robinson and
Caradima, 2023) or store layout (Liao and Tasi, 2019), or it used to improve efficiency of
e-commerce (Zatonatska et al., 2022) or to assess the touristic attractivity of luxury store
buildings (Pantano and Dennis, 2019): To the best of our knowledge this is the first study
adopting a Big Data cluster analysis in combination DEA in the retail industry domain.

In particular, HMD and GIS are combined to provide a representation of external
exogenous variables characterizing the context in which the DMUs operate that are worth
considering for a reliable assessment of productivity.

The peculiarities of the Big Data sources employed also contribute to the originality of the
approach followed since the combination of HMD and GIS allows considering not only the
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characteristics of local residents in a specific area but also those of people temporarily
passing through, such as tourists.

The case study used to test the data-driven clustering and DEA concerned a large
kitchen furniture producer headquartered in Italy, whose managers needed to compare the
productivity of hundreds of retailers distributed all over the country. Moreover, in Italy, as
in other countries, remarkable differences can exist between northern and southern regions
as well as between big cities and small towns. Such differences may be of demographic,
social, economic and even cultural nature and may impact the productivity of different
retailers.

Embedded with the use of Big Data is the necessity to reduce the dimensionality to
improve the discriminatory capacity of the clustering technique (Allaoui et al., 2020; Boutsidis
et al., 2014; Carlo et al., 2019). PCA and MCA are well-established methods to reduce
dimensionality (Tasoulis et al., 2020), which we used in tandem with cluster analysis, aiming
to both preserve the structure of Big Data and reduce the loss of information.

The DEAwas then usedwithin the clusters to compare retailers’ productivity and support
decision-making—for example, regarding the amount of money that the producer should
invest in each retailer to strengthen commercial relations and improve company sales, as well
as productivity and profitability overall.

Finally, the Big Data þ DEA method was compared with a traditional DEA approach
under a meta-frontier approach to facilitate a discussion about the results, accuracy and
reliability of the proposed method.

In the next section, we describe the basics of DEA.

3. Data envelopment analysis
DEA is a non-parametric, data-driven benchmarking technique based on linear programming
(Charnes et al., 1978) that enables the comparison of productivity performance within a
homogeneous group of DMUs. DMUs may correspond to stores, production centres, or any
organizational units with a degree of decision-making autonomy (Zhu, 2022).

DEA provides a relative measure of productivity of every DMU, articulated as an output/
input ratio:

Y

X

where Y and X represent the outputs produced and the related inputs, respectively.

The use of DEA for the performance measurement of a group of DMUs has several
advantages. DEA allows us to sum up a multiplicity of outputs and inputs, even of different
nature (e.g. internal or external and controllable or exogenous), while providing detailed
information on the performance of every single factor (Gandhi and Shankar, 2014).

The multiple outputs and inputs are summarized as unique Y and X variables,
respectively, using a weighted sum. The weights are estimated for each DMU through an
optimization process aimed at maximizing the DMUs’ productivity ratio. In formal
terms, the linear programming problem to be solved for each DMU can be expressed as
follows:

Maximize

Ps
r¼1

uryrk

Pm
i¼1

vixik
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subject to Ps
r¼1

uryrj

Pm
i¼1

vixij

≤ 1 j¼ 1; . . . ;n

ur; vi> 0 ∀ r¼ 1; . . . ;s; i¼ 1; . . . ;m

where.

n 5 number of DMUs

m 5 number of inputs

s 5 number of outputs

xik 5 quantity of input i consumed by DMU k

yrk 5 quantity of output r produced by DMU k

vi 5 weight of input i (unknown, to be determined)

ur 5 weight of output r (unknown, to be determined)

The relative productivity score (ρ) of each DMU is obtained by comparing its Y/X ratio with
the highest ratio within the analysed set of DMUs, which is considered a benchmark. In more
formal terms, the productivity score of the j-th DMU can be calculated as follows:

ρj ¼

�
Y
X

�
j�

Y
X

�
max

Once the maximum output/input ratio has been established, it is possible to construct a “best
practice frontier”—that is, a set of possible combinations of outputs and inputs according to
the proportions of the most efficient DMUs.

A maximum productivity score of 1 (or 100%) is assigned to the DMUs located on the
frontier. The score decreases in inverse proportion to the distance of the DMUs from the
frontier (see Figure 1).

Suppose that the line passing through points A and B is the best practice frontier, where
the angle corresponds to the output/input ratio. All DMUs located on this line are equally
efficient and have the same optimal output/input ratio despite differences in the x and y
variables. Conversely, DMU B0 exhibits a certain degree of inefficiency, being somewhat far
from the frontier. More specifically, B0 has a lower output/input ratio, either compared to
DMU B (the same output but a higher consumption of inputs) or to DMU A (a lower output
with the same consumption of input).

The inefficiency of B0 can be derived differently depending on whether the DEA model is
“input” or “output” oriented.

In an output-oriented approach, the assumption is that DMUB0 should tend to increase its
efficiency by moving vertically along the direction of the segment B0A towards the best
practice frontier. Therefore, the productivity score is obtained by comparing the length of the

segments IB0 and IA:
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ρB0 ¼ IB0

IA

According to an input orientation, DMU B0 is expected to increase its productivity by
reducing consumption and thus moving horizontally towards point B. Consequently, its

productivity score is equal to the distance OB divided by the distance OB0:

ρB0 ¼ OB

OB0

The projection (so called radial) of DMU B0 on the frontier represents the target unit to be
achieved for it to become efficient. In the case of output-oriented approach, the (radial) target
value for output is equal to θ * yB0, (holding constant the input xB0), where θ is the reciprocal of
the productivity score of DMU B’. Instead, in the case of input-oriented approach, the target
value of input is equal to ρB0 * xB0, (holding constant the output yB0).

Decision-makers can opt for an output-oriented rather than input-oriented DEA model
according to the variables that they can influence to a greater extent. For example, if a fixed
quantity of input is assigned to a DMU, decision-makers should aim to maximize the output,
thus opting for an output orientation.

Regardless of the model’s orientation, when the productivity score is lower than 1, the
factors causing inefficiency need to be examined by referring back to the basic DEA model
used to calculate the productivity ratio.

3.1 Constant return to scale (CRS) model vs variable return to scale (VRS) model
Before using DEA, one needs to decide whether a CRS or VRS model is more suitable. CRS
models assume constant returns to scale in inputs and outputs, while VRS models are more
coherent in the case of variable returns to scale. Furthermore, CRS and VRS can be developed
into a variety of alternative models.

Figure 1.
Measurement of
efficiency scores
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A comparison of these two types of models can be useful in revealing the causes (or
sources) of DMU inefficiency.

Figure 2 shows the CRS andVRS frontiers. For all DMUs on the CRS frontier, it is assumed
that an increase in input produces a proportional increase in output—that is, the angle of the
line passing through the DMUs with the same efficiency is constant. Conversely, the VRS
frontier assumes variable returns to scale, with different inclinations for different input levels.

For example, if we have a DMU in the segment CB, an increase in input will produce an
increasing return to scale (IRS; in other words, the increase in output is proportionally higher

than that of input). Contrariwise, for a DMU in the segment BA, an increase in input will
produce a proportionally lower increase in output (i.e. decreasing return to scale [DRS]). From
a decision-maker perspective, it is worth investing (i.e. increasing input volumes) in DMUs
that allow for IRS; in the case of DRS, diseconomies of scale must be reduced or solved to
improve productivity.

Another crucial concept within the context of the VRS frontier is “slack.” As depicted in
Figure 2, DMU F is not positioned on the frontier. To achieve efficiency, it must first move to
point FVRS-O. When situated at this point, DMU F should have an efficiency score of 100%
since it’s now on the VRS frontier. However, DMU A, which is also on the frontier, produces
the same output quantity with less input thanDMUFVRS-O, making it unable to achieve 100%
efficiency. To attain a 100% efficiency score, DMUFVRS-O must move even further to point A.
This additional improvement required for a DMU to reach efficiency is referred to as “slack.”
In fact, every DMU located along sections of the frontier that run parallel to either the x or y
axes needs adjustments for slacks.

Slacks represent the potential improvements in input and output quantities for the
inefficient units when compared with their “ultimate” benchmarks among efficient peers.
In other words, they relate to the additional increases in output or reduction in input that can
be achieved beyond what’s indicated by the radial projection of inefficient units onto the
frontier. VRS models are designed to account for these slacks.

The intersection between the CRS and VRS frontiers constitutes themost productive scale
size (MPSS), which refers to the optimal size of a DMU with maximum efficiency
(no diseconomies) and with all economies of scale being exploited.

Figure 2.
The constant return to

scale and variable
return to scale frontier
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The gap observed between the CRS and VRS frontiers entails a problem of scale. It is possible
to measure the scale efficiency score (Pscale) as follows:

ρscale ¼
ρCRS
ρVRS

where PCRS and PVRS are the CRS score and the VRS score, respectively. When Pscale is lower
than 1, a DMU is not operating at optimal scale: if the DMU is located above the MPSS, it is
using too many inputs and the scale is too large (see DMU A in Figure 2); when a DMU is
located below the MPSS (see DMU C in Figure 2), the scale is too small.

The DMUs that are located neither on the CRS nor the VRS frontier may have
simultaneous scale and management problems. See, for example, DMU D in Figure 2.
Decision-makers should introduce initiatives to reduce managerial inefficiencies (i.e. increase
output with the same input or reduce input for the same output) in order to move towards a
VRS efficiency state, which corresponds to DVRS-I or DVRS-O on the VRS frontier.

Furthermore, DMU D should make scale adjustments to eliminate the scale problems and
become CRS efficient, thus moving from point DVRS-I (or DVRS-O) to point DCRS-I (or DCRS-O) on
the CRS frontier.

Therefore, a DMU can be inefficient under the CRS and VRS assumptions. CRS
inefficiency is called total inefficiency and can be divided into VRS inefficiency (i.e. pure
inefficiency) and scale inefficiency. These concepts can be expressed graphically using the
three ratios, bounded by zero and one, according to the model’s orientation (see Table 3):

4. Empirical application
4.1 Data
The tandemþ DEAmethod was used in the context of an Italian kitchen furniture producer
(the company hereafter) that was the market leader in terms of sales and turnover volumes.

As part of its strategy, the company was promoting a large-scale opening of new stores all
over the country. In our analysis, all stores opened within the last 12 months (by June 2022)
were considered, amounting to 541 stores in total. It is worth noting that although the stores
were all owned by private retailers, the company contributed to their management through a
commercial affiliation formula. More specifically, the company covered all costs related to
store setup, while retailers committed to selling exclusively the kitchen furniture produced by
the company, which is offered under two brands (Brand 1 and Brand 2) that are positioned in
different market segments.

In recent years, the company has invested a remarkable amount of money in supporting
the opening of new stores; consequently, controlling store productivity over time was
essential in evaluating the company’s investment returns.

The company’s managers used to measure store productivity by considering two input
variables and two output variables. The input variables were the average number of kitchen

Total efficiency of D under
CRS

Pure efficiency of D under
VRS

Scale efficiency of
D

Input-oriented DEA
model

ρCRS−I ¼ ODCRS−I

OD
ρVRS−I ¼ ODVRS−I

OD
ρscale−I ¼ ODCRS−I

ODVRS−I

Output-oriented DEA
model

ρCRS−O ¼ ID

IDCRS−O

ρVRS−O ¼ ID

IDVRS−O
ρscale−O ¼ IDCRS−O

IDVRS−O

Table 3.
Ratio efficiency
measures
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models presented in the store and the total costs of the store setup, while sales expressed both
in terms of volume and turnover were included as outputs.

A general threshold of minimum expected productivity was defined as a benchmark for
evaluating each store. However, the results of the initial analysis revealed remarkable
differences in store performance that could not be simply attributed to management
inefficiencies or inadequate scale. Consequently, the company managers realized the
importance of refining the analysis by grouping the stores according to similar internal
characteristics and operating environments beforemaking judgements on the performance of
individual stores.

To this end, three variables representing the stores’ structural characteristics were
considered, together with 13 variables representing the socio-demographic characteristics of
a store’s catchment area.

The catchment area for each store was defined by using a 30-min drive-time isochrone,
which the management considered to represent the maximum distance that a potential
customer (a prospect hereafter) would be willing to cover to reach a kitchen store.

The information on the socio-economic and demographic attributes of each catchment
area was collected using spatial Big Data. More specifically, data sourced via GIS were
combined with the HMD provided by a leading telecommunications company. The
integration of GIS data and HMD provided accurate data about the actual population
living in a determined area, which could be significantly different from the population of
formal residents. A list of all the variables used for store clustering is provided in Table 4.

4.2 Factorial methods and clustering
An MCA was performed for the six categorical variables (nominal and binary in Table 4) to
extract the factors that effectively summarized the data (see Table 5).

Variable Description Data source

Store type Nominal: Flagship store Brand 1/2/1 þ 2; Exclusive
reseller Brand 1/2/1 þ 2; Non-exclusive reseller

Internal

Store’s renewal level Nominal: new (open in the last 5 years); renewed (renewed
in the last 5 years); old (not open or renewed in the last
5 years)

Internal

Recent update of kitchen models
presented in the store

Binary Internal

Proximity to shopping centres Binary GIS
Proximity to department stores Binary GIS
Proximity to parking lots Binary GIS
Inhabitants Discrete HMD
Catchment area (sq. km) Continuous GIS
Population density Continuous HMD þ GIS
Percentage of target population
for Brand 1

Continuous HMD

Percentage of target population
for Brand 2

Continuous HMD

Purchasing power per inhabitant Continuous HMD þ GIS
Furniture expenses per
inhabitant

Continuous HMD þ GIS

Kitchen furniture expenses per
inhabitant

Continuous HMD þ GIS

Number of competitor stores Discrete GIS
Number of large furniture stores Discrete GIS

Table 4.
Variables used for

stores profiling stores
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The first two factors explained 60.1% of the adjusted inertia (Greenacre, 1993)—of the
information contained in the data. Each factor was interpreted by examining the contribution
of each category (of the variables analysed) to the two factors by considering the
corresponding squared cosines to avoid misinterpretations (if, for a given category, the
cosines are low in relation to the factor of interest, then an interpretation is hazardous).

As shown inTable 6, the first factorwas correlatedwith a store’s renewal level, whichwas,
in turn, associated with a recent update of the kitchen models presented in the store and the
presence of the company’s brands on the store’s signboard. The second factor was correlated
to a store’s proximity to shopping centres and parking lots.

A PCAwas performed for the 11 quantitative variables, with the same objective as for the
MCA. According to the “scree test”method (Cattell, 1966), three factors were extracted, which
represented 87.3% of the cumulative variability (see Table 7).

The contributions of each variable in building the factors and the squared cosines were
used to interpret the results. The first factor was linked to the intensity of competition within
the catchment area, which was, in turn, correlated with the general purchasing power of its
inhabitants and per capita spending on furniture. The second factor can be seen as a measure
of the presence of the target population for Brand 2 within the catchment area. The third
factor was correlated with the presence of the target population for Brand 1 (see Table 8).

Factor Eigenvalues Adjusted inertia (%) Adjusted inertia (% cum.)

F1 0.275 54.8 54.8
F2 0.200 5.3 60.1
F3 0.190 2.6 62.7
F4 0.178 0.6 63.2
F5 0.171 0.1 63.3
F6 0.167 0.0 63.3

Principal
coordinates Contributions Squared cosines

Variable–category F1 F2 F1 F2 F1 F2

Store’s sign–Flagship store Brand 1 �0.624 �0.173 0.004 0.000 0.007 0.001
Store’s sign–Flagship store Brand 2 �0.914 2.498 0.022 0.221 0.037 0.277
Store’s sign–Flagship store Brand 1 þ 2 �0.963 �0.437 0.087 0.025 0.170 0.035
Store’s sign–Non-exclusive retailer �0.707 �0.548 0.060 0.049 0.123 0.074
Store’s sign–Exclusive retailer Brand 1 1.284 �0.205 0.131 0.005 0.249 0.006
Store’s sign–Exclusive retailer Brand 2 0.895 �0.051 0.115 0.001 0.248 0.001
Store’s sign–Exclusive retailer Brand 1 þ 2 �0.186 0.515 0.005 0.048 0.010 0.074
Store–new 1.141 �0.118 0.283 0.004 0.727 0.008
Store–renovated 0.643 0.122 0.004 0.000 0.006 0.000
Store–old �0.668 0.065 0.170 0.002 0.749 0.007
Showroom–new 1.048 �0.454 0.084 0.022 0.158 0.030
Showroom–old �0.151 0.065 0.012 0.003 0.158 0.030
Proximity to shopping centres–no �0.028 �0.122 0.000 0.012 0.019 0.366
Proximity to shopping centres–yes 0.683 3.009 0.011 0.292 0.019 0.366
Proximity to department stores–no 0.001 �0.009 0.000 0.000 0.001 0.022
Proximity to department stores–yes �0.389 2.444 0.000 0.018 0.001 0.022
Proximity to parking lots–no �0.057 �0.249 0.002 0.044 0.019 0.358
Proximity to parking lots–yes 0.331 1.436 0.010 0.254 0.019 0.358

Table 5.
Multiple
correspondence
analysis: eigenvalues
and adjusted inertia

Table 6.
Multiple
correspondence
analysis: principal
coordinates,
contributions and
squared cosines
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TheMCA and PCAwere used as part of a pre-processing step for classification purposes: the
coordinate values of the stores related to the factors derived from the MCA and PCA were
used as input for clustering algorithms. AHC was performed (Euclidean distance, Ward’s
method) to determine the optimal number of clusters (Everitt, 1993). The inspection of the
dendrogram produced by the AHC suggested the generation of three clusters. A k-means
algorithmwas then used to group the stores into three clusters. Subsequently, the test-values
of the variables (arranged in descending order) were used to identify the most discriminant
variables in the characterization of clusters and to create the corresponding profiles (Lebart,
2000; Villanueva et al., 2013).

As shown in Table 9, Cluster 1 was characterized by stores being located in populous
catchment areaswith strong competitive pressure (the number of inhabitants and the number
of competitor stores were remarkably higher than the average). In Cluster 2, the stores
operated in catchment areas that were richer than average (high purchasing power per
inhabitant and high per capita expenses for kitchens and furniture). Cluster 3 included the
stores located in catchment areas where the presence of the target population for Brand 2was
higher than the average.

4.3 Results and discussion
First, DEA was performed on the entire set of DMUs using the DeaFrontier software. The
output-oriented Banker, Charnes, Cooper’s model was chosen in coherence with the
company’s objective to maximize sales by emphasizing the “pure inefficiency” attributable to

Factor Eigenvalues Variability (%) Variability (% cum.)

F1 5.457 54.568 54.568
F2 2.370 23.697 78.265
F3 0.905 9.053 87.318
F4 0.607 6.067 93.385
F5 0.286 2.858 96.243
F6 0.184 1.837 98.080
F7 0.108 1.078 99.158
F8 0.055 0.547 99.705
F9 0.019 0.192 99.897
F10 0.010 0.103 100.000

Contributions % Squared cosines
Variable F1 F2 F3 F1 F2 F3

Inhabitants 14.083 7.686 2.995 0.769 0.182 0.027
Catchment area (sq. km) 9.617 0.432 0.083 0.525 0.010 0.001
Population density 10.652 9.153 3.353 0.581 0.217 0.030
% of target population for Brand 1 3.188 1.421 83.722 0.174 0.034 0.758
% of target population for Brand 2 1.789 31.972 2.581 0.098 0.758 0.023
Purchasing power per inhabitant 9.529 18.932 0.204 0.520 0.449 0.002
Furnishing expenses per inhabitant 9.590 18.177 0.059 0.523 0.431 0.001
Kitchen furniture expenses per inhabitant 12.768 2.412 3.119 0.697 0.057 0.028
Number of competitor stores 13.649 8.432 3.376 0.745 0.200 0.031
Number of large furniture stores 15.133 1.383 0.508 0.826 0.033 0.005

Table 7.
Principal component
analysis: eigenvalues

and variability

Table 8.
Principal component

analysis: contributions
(%) and squared

cosines

Big Data to
enhance DEA

231



store management. The model used can be expressed as a linear programming problem in
enveloped form as follows:

Maximizefk þ ε
Xs

r¼1

sr þ ε
Xm
i¼1

si

subject to

fkyrk �
Xn

j¼1

λjyrj þsr¼ 0 r¼ 1; . . . ;s

xik �
Xn

j¼1

λjxij � si¼ 0 i¼ 1; . . . ;m

Xn

j¼1

λj¼ 1

λj; sr; si ≥ 0 ∀j¼ 1; . . . ;n; r¼ 1; . . . ; s; i¼ 1; . . . ; n

where.

xij 5 quantity of input i consumed by the j-th DMU

yrj 5 quantity of output r produced by the j-th DMU

λj 5 weights of outputs and inputs of the j-th DMU

si 5 input slacks

sr 5 output slacks

5 non-Archimedean value (smaller than any positive real number and greater than 0)

The assumption of VRS, as expressed through the third constraint in the model, enables us to
focus on the technical efficiency of DMUs, i.e. how they utilize available resources, without
considering any scale inefficiency. The efficient targets for outputs and inputs (including
slacks) are calculated as follows:

Outputs:byrk ¼ fyrk þ sr r¼ 1; . . . ;s

Variable Cluster value Mean value Test value

Cluster 1
Inhabitants 2,538,812 591,289 20.359
Number of competitor stores 78.1 19.3 20.185
Number of large furniture stores 10.2 2.6 18.270
Population density 1,985 594 18.201
Catchment area (sq. km) 1,352 821 13.504

Cluster 2
Purchasing power per inhabitant 18,859 16,329 13.482
Furnishing expenses per inhabitant 325 286 12.454

Cluster 3
% target population Brand 2 12.1% 11.2% 23.189

Table 9.
Cluster profiling:
variables with test
values >10
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Inputs:bxik ¼ xik � si i¼ 1; . . . ;m

As shown in Figure 3, under a meta-frontier approach, where efficiency scores are calculated
for the entire dataset, only 2.8% of the stores achieved a full efficiency score, while the
remaining 97.2% were inefficient. The average efficiency score was 0.313, with 84.7% of the
stores scoring below 0.5. If these initial results were reliable, then the retailers were highly
inefficient, and a significant improvement would have been required to reach maximum
efficiency (score 5 1).

The second step involved conducting DEA on each of the three clusters separately. The
local (or separated) efficiency scores were subsequently compared to the pooled scores. It was
evident that the latter were lower than the former, as theoretically postulated. However, the
difference between the local and the pooled score was significant in most of the cases, with
over half of the DMUs showing a difference exceeding 20% (see Table 10).

As shown in Table 10, the average gap ratios of the three clusters ranged between 0.822
and 0.894. This means that the factors defining the cluster profile had a significant impact on
the efficiency scores.

Figure 4 provides an overview of the distribution of all the DMUs in the three clusters
concerning the comparison between the separated (local) and the pooled productivity scores.

In particular, the pooled scores arranged in ascending order are distributed along the line
represented by the black dots, while the red dots represent the corresponding local scores.

5.9%

32.3%

23.3%

14.6%

8.5%

4.8%
2.8% 2.4% 1.8% 0.7%

2.8%
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30%
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%
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f D
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Efficiency score (interval)
Source(s): Authors’ own creation 

Meta-frontier DEA Local DEA
Cluster 1 Cluster 2 Cluster 3

Number of stores 541 75 229 237
Number of efficient stores 15 6 9 10
Percentage of efficient stores 2.8% 8.0% 3.9% 4.2%
Average meta-frontier efficiency score 0.313 0.386 0.308 0.295
Average local efficiency score 0.461 0.346 0.353
Efficiency gap ratio 0.845 0.894 0.822

Figure 3.
Interval distribution of
DMU meta-frontier (or

pooled) efficiency
scores

Table 10.
Comparison of meta-

frontier and local
efficiency scores
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The cluster formed by the red dots is generally situated above the black line, indicating that
the productivity assessment generally increases if calculated on the group-frontier rather
than on the meta-frontier. This is especially evident in cluster 3, where the red dots aligning
with the black line (local score 5 pooled score) are limited to very few cases.

In all three clusters, there are some DMUs with a local efficiency score that significantly
differs from the corresponding pooled score. For these DMUs, it’s clear how the choice
between local or separate scoring dramatically affects the expression of efficiency
assessment.

Given that the aim of clustering is to maximize the homogeneity of the stores within the
same group, the efficiency scores obtained using this approach can be considered more
reliable, which can help settingmore attainable targets, particularly for less efficient retailers.
As previously discussed, local productivity scores are higher than the meta-frontier scores.
Therefore, when assessing productivity using local scores, the distance of a DMU from the
local efficiency frontier is reduced compared to when using meta-frontier scores. In other
words, transitioning from pooled productivity scores to local scores results in a relative
reduction in the effort required for a non-efficient DMU to reach the maximum level of
efficiency. An example is provided in Figure 5, where the vertical lines represent the
percentage reduction in the target set for each DMU when switching from pooled
productivity scores to local productivity scores for the “revenues” variable (the target values
are provided by the DEAFrontier software).

As Figure 5 illustrates, the reduction in local targets compared to pooled targets is
substantial for a significant number of DMUs, especially for those in clusters 1 and 3. In this
sense, the use of local DEA scores enables a more realistic and attainable target setting.
A similar distribution is observed for the “sales quantity” output variable.

Table 11 summarizes the distribution of percentage reduction intervals for local targets
compared to pooled targets. In Cluster 1, for 13% of retailers, the targets determined using
local scores are more than 50% lower than the targets set based on pooled scores. The extent
of reduction of local targets is influenced by the structural and environmental variables that
characterize the clusters. In Cluster 1, the presence of a high number of competitors and large

Figure 4.
Distribution of
separated and pooled
productivity scores in
the three clusters (Nr-
total DMUs 5 541)
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furniture stores in the same area hinders the potential for improvement for the DMUs in that
cluster. Cluster 2 is characterized by individual purchasing power and furnishing expenses
per inhabitant slightly higher than the mean. As a result, the magnitude of target reduction is
lower than in Cluster 1. The percentage reduction of local targets is less than 20% for
approximately 88% of the DMUs. Finally, in Cluster 3, the reduction of local targets ranges
from�20% to�30% for 40%of DMUs, due to the higher presence of individuals targeted for
Brand 2.

The comparison of two examples of DMUs, namedX andY, provides further details about
the usefulness of cluster and DEA in support of target settings (see Table 12).

DMU X was considered rather inefficient if evaluated through pooled efficiency score
(meta-frontier DEA), while it scored 100% of local efficiency. The target set on benchmarking
the pooled score on the meta-frontier would require the DMU to achieve an improvement of
77% on its actual results, while the target set on the local frontier would not require any
improvement, since the DMU is already on the maximum achievable target of efficiency.

As for DMUY, the pooled efficiency score of 0.33 would necessitate a substantial increase
of 203% in revenues and sales volume, which might be perceived as unattainable.
Conversely, DMU Y is much closer to the local frontier (local score 5 0.86), reducing the
magnitude of effort needed to reach the maximum efficiency frontier. Consequently, more
realistically achievable targets can be more effective in motivating managers.

% variation
Cluster 1 (% of

DMUs)
Cluster 2 (% of

DMUs)
Cluster 3 (% of

DMUs)
% of total
DMUs

0% 8.0% 3.9% 4.6% 4.8%
[0%, �10%) 26.7% 58.5% 7.6% 31.8%
[�10%, �20%) 22.7% 26.2% 28.3% 26.6%
[�20%, �30%) 13.3% 6.1% 40.9% 22.4%
[�30%, �40%) 10.7% 1.3% 11.4% 7.0%
[�40%, �50%) 5.3% 1.3% 4.2% 3.1%
[�50%, �60%) 4.0% 0.0% 0.4% 0.7%
[�60%, �70%) 4.0% 0.0% 0.4% 0.7%
[�70%, �80%) 0.0% 0.9% 0.4% 0.6%
[�80%, �90%) 0.0% 0.0% 0.0% 0.0%
[�90%, �100%) 1.3% 0.0% 0.4% 0.4%
�100% 4.0% 1.7% 1.3% 1.8%

Figure 5.
Percentage reduction
of targets calculated

through “local” versus
“pooled” productivity

scores (variable:
revenues)

Table 11.
Interval distribution of

% reduction of local
versus pooled targets
(variable: revenues)
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5. Conclusions
Research on efficiency and productivity in the retail industry has generated significant
interest among scholars and practitioners. In this field, several studies have attempted to
improve measurement accuracy by means of complex techniques derived from statistics and
other quantitative disciplines. DEA is extensively used for this purpose due to its numerous
advantages, including its flexibility across a wide range of applications. It enables the
analysis of multiple aspects of productivity by summarizing diverse input and output
variables of varying nature. Furthermore, it provides relative measures of productivity or
efficiency that prove effective in supporting decision-making. However, the heterogeneity
within the set of DMUs analysed is a major concern in DEA applications, which can impact
result accuracy. This issue is mitigated by grouping DMUs into homogeneous sub-groups
using cluster analysis. In the literature, cluster analysis is predominantly employed to
address scale heterogeneity among DMUs, whereas studies focused on the heterogeneity
resulting from external exogenous variables are relatively limited. This limitation arises, in
part, from challenges in identifying suitablemeasures and the potential loss of discriminatory
power in the model when incorporating too many variables (dimensionality).

The growing use of Big Data may expand the possibilities of introducing new measures
related to both internal and external variables. These measures can be applied to enhance a
cluster analysis combined with DEA with the goal of reducing the heterogeneity within a set
of DMUs driven by external environmental characteristics as well as internal structural
characteristics.

This article contributes to this direction.We described ameasurement technique based on
a case study of a leading kitchen furniture manufacturer. The management team needed a
method to assess productivity at the store level within a commercial network consisting of
over 500 retailers for the purposes of performance-measurement and target-setting.

The productivity index was measured using an output-oriented DEA model. Big Data was
used in the steps preceding DEA, where a combination of GIS and HMD enabled a tandem
analysis used to divide the retailers into clusters that represent some of the retailers’ structural
characteristics, and their competitive and demographic and demographic landscape.

In particular, the tandem analysis consists of a PCA and an MCA used to address the
dimensionality stemming from the numerous available variables. These analyses reduce the
variables into significant factors, enabling us to uncover the essential phenomena behind
the raw data while minimizing information loss. The resulting factors are then applied in the
clustering algorithm, which utilizes AHC and k-means.

The DEA was conducted within the clusters, following a meta-frontier approach in line
with the aim of analysis. We also applied DEA to the entire set of DMUs, allowing us to

DMU name X Y

Cluster 1 1
Productivity score (pooled) 0.56 0.33
Productivity score (local) 1.00 0.86
Actual output 1 (revenues V) 160,014 137,290
Actual output 2 (sales in quantity) 37 28
Target output 1 (pooled) 283,341 415,454
Target output 2 (pooled) 66 85
Improvement (%) Output 1 (pooled) 77% 203%
Improvement (%) Output 2 (pooled) 77% 203%
Target Output 1 (local) 160,014 160,014
Target Output 2 (local) 37 37

Table 12.
Local versus pooled
targets. Comparison of
DMU X and Y

IJPPM
73,11

236



compare “local” and “pooled” efficiency scores, facilitating discussions about the accuracy
and reliability of results and their practical use in decision-making.

This paper contributes to various research directions. The tandem analysis enables the
inclusion of exogenous external variables in clusterþ DEA applications while simultaneously
reducing dimensionality, which is particularly relevant when dealing with Big Data.

The use of HMD represents a novel approach that allows us to profile a specific area based
on the characteristics of the current population residing in that area, even for a limited period,
while excluding individuals who are formally registered in the area butmay reside elsewhere.

From a managerial perspective, the results reveal the significance of environmental
variables in assessing the potential productivity of retailers, setting realistic improvement
targets and identifying scale problems and inefficiencies that could be addressed through
suitable initiatives. Companymanagers can use this information to determine the investment
worthiness of a retailer or the expected maximum return on investment, considering the
specific characteristics of the retailer’s operating environment.

Although Big Data are largely adopted in clustering analysis, their use in the retail sector
and cluster þ DEA is still limited.

However, the proposed methodology is not without limitations, which also open up
opportunities for future developments. The MCA/PCA factorial techniques are well
established methods that have proven effective in a relevant number of cases, even if the
representativeness of the structure of data in the clusters may not be guaranteed. Recently,
more sophisticated clustering methods have been proposed in the literature that could
potentially offer greater effectiveness. In this initial attempt, we prioritized the applicability of
the method in a real-world context, making MCA/PCA a suitable choice due to their wide
usage and ease of adoption. Nevertheless, the potential applicability ofmore advanced cluster
techniques could be explored in future applications.

Furthermore, the methodology proposed is generalizable to all contexts dealing with the
measurement and comparison of performance in commercial networks. However, users must
be aware that the DEA methodology is based on best practices, consequently the obtained
results are sensitive to the specific case andmay vary depending on the size of the population
under investigation and the analytical context. Thus, it may be necessary to adapt the
methodology and the Big Data sources used when applying it to different industries. Future
adoption of the tandem þ DEA in various industries will be valuable for validating the
method and assessing its generalizability.

Note

1. A Scopus search was conducted by using the research string: “Big Data AND Cluster Analysis”,
which yielded 1,875 documents, the majority of which are related to the research domains
of computer science, engineering and mathematics. A second search was performed by using
the string “Big Data AND Cluster Analysis AND Retail,” and only 11 documents were selected,
none of which using the DEA method. Finally, we searched “Big Data AND DEA AND retail”
and only one document was retrieved (all the research were conducted on the 1st of
October 2023).
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