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Abstract: In recent years, under the impact of digitization, all industries around the world have
undergone unprecedented changes. Such changes have not only altered people’s consumption
behavior but have also forced enterprises to accelerate the pace of digitization and actively start
digital transformation. In this study, a literature review and focus group interview (FGI) were used to
develop the dimensions and criteria to assess enterprise digital transformation status. To illustrate the
digital transformation criteria proposed in this research, the retail industry was used as an example
to measure the overall digital transformation performance by data envelopment analysis (DEA).
The results show that the poor technical efficiency demonstrated by a vendor was not only due
to the gradually decreasing returns to scale of the market; a decline in pure technical efficiency
was also a contributor. In addition to adjusting their production on the basis of market conditions,
vendors should properly manage their internal operations and pay attention to their resource and
scale allocations to prevent reductions in their pure technical efficiency.

Keywords: digital transformation; assessment indicator; focus group interview; data envelopment
analysis; e-survey

MSC: 90-XX; 90Bxx; 90Cxx

1. Introduction

Given the trend of digital transformation sweeping the world, many digitally native
enterprises continue to grow rapidly, earn higher profits than before and trigger paradigm
shifts in their industries. The risks of investing in digital transformation have remained one
of the biggest concerns for senior executives when planning company growth strategies.
As reported by Forbes, in as many as 70% of digital transformations, the targets of the
transformation are not reached. Furthermore, in digital transformation projects worth as
much as 1.3 trillion USD, as much as 900 billion USD is wasted [1]. An examination of the
cause of this waste reveals that digital transformations must be promoted on a range of
levels and that, despite many enterprises being interested in digital transformation, they
have no idea where to begin. Furthermore, enterprises that have already begun their digital
transformation need to be able to measure their transformation progress and understand in
what ways they are different from their peers in the industry [2,3].

Industrial, government and academic papers and reports [3–5] have proposed many
benchmarks for measuring digital transformation performance and have applied these
benchmarks in the evaluation of enterprises’ digital transformation maturity. However,
existing evaluation approaches fail to help enterprises determine their performance relative
to their peers or how they can adjust their investment in specific digital transformation

Axioms 2022, 11, 284. https://doi.org/10.3390/axioms11060284 https://www.mdpi.com/journal/axioms

https://doi.org/10.3390/axioms11060284
https://doi.org/10.3390/axioms11060284
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/axioms
https://www.mdpi.com
https://orcid.org/0000-0003-3769-6200
https://doi.org/10.3390/axioms11060284
https://www.mdpi.com/journal/axioms
https://www.mdpi.com/article/10.3390/axioms11060284?type=check_update&version=1


Axioms 2022, 11, 284 2 of 14

projects. To provide a solution to such problems, this study proposes a method for cal-
culating the production or implementation efficiency of an enterprise in its promotion of
digital transformation operations by considering relevant metrics. The adjustment value
that an enterprise should then make in specific digital transformation projects was then
estimated. Several quantitative analysis tools are employed in the literature on production
or implementation efficiency. These quantitative analyses can generally be divided into
parametric and nonparametric approaches. The most representative parametric approach
is the stochastic frontier approach, in which the function type and the random interference
items of the production function must be assumed in advance. The most well-known
nonparametric approach is data envelopment analysis (DEA), which does not require
prior assumptions about the production function type and can handle multiple inputs and
outputs. Consequently, scholars have already applied DEA to analyze the efficiency of
digital transformations. However, the related studies mostly assessed efficiency on the
national decision-making level. For example, the authors of [6] used a DEA-based model to
analyze the dynamics and the level of digital information in Western Balkan Countries. The
authors of [7] used DEA to measure the efficiency of technological catch-up in 57 countries.
The authors of [8] measured digital literacy to create a useful index. The DEA method was
also used for ranking in the literature [9]. The authors of [10] measured the efficiency and
rank the high-tech economies of 50 US states through DEA. The authors of [11] applied
DEA to measure the impact of ICT on labor productivity growth in the period from 1995
to 2005 in 14 OECD member countries. The author of [12] applies the DEA method in
combination with the Malmquist Productivity Index to measure the effectiveness of digital
economy development in the EU, Central and Eastern Europe and the Western Balkans
through the analysis of the dynamics and level of digital information. To the best of authors’
knowledge, no literature has been found to provide the study of the performance of retail
units in digital transformation.

In this study, we performed a literature analysis and held focus group interviews (FGI)
to identify the inputs and outputs used by enterprises to promote digital transformation
performance. Subsequently, we used DEA to measure the overall digital transformation
performance of several Taiwanese retailers. FGIs have often been used to identify major
factors [13–15], and they enable researchers to interact with interviewees and cross-compare
their responses through triangulation. Additionally, DEA enables the simultaneous process-
ing of multiple inputs and outputs and has been widely applied in various topics related to
decision making. Basically, there are two types of models in DEA: radial and non-radial.
Radial models are represented by the CCR model developed by Charnes, Cooper and
Rhodes, and they are based on proportional changes in the levels of inputs or outputs [16].
In contrast, non-radial models such as the slacks-based measure of efficiency (SBM) model
do not handle proportional changes in inputs or outputs but do handle specific slacks
for each input or output [17]. In other words, if the loss of the original proportionality is
inappropriate for the analysis, it becomes a shortcoming for non-radial models [18]. In
our study, we considered that retailers may not simply concentrate their efforts on improv-
ing the results in one dimension of the digital transformation output to a greater extent
than in the other. Therefore, we selected a radial measurement of efficiency rather than
an SBM model.

The implementation procedures used in this study are illustrated using the example
of the retail industry, and the process and results of assessing the enterprises’ digital trans-
formation performance are discussed in detail in this paper. The main contributions of this
study are as follows. First, on the basis of the literature and interviews with digital transfor-
mation experts and managers in Taiwan’s retail businesses, this study defines the inputs
and outputs for assessing an enterprise’s digital transformation performance. Second,
a performance evaluation approach applicable for any enterprise’s digital transformation
and for helping enterprises minimize the risks associated with digital transformation is
proposed. This paper has five sections: the introduction, which presents the research moti-
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vation and purpose; an explanation of DEA; details on the research design and analytical
procedures; a presentation of the empirical results; and the study’s conclusions.

2. Research Methodology
Data Envelopment Analysis

DEA was proposed by [19] as a nonparametric method for calculating efficiency
frontiers without the use of preset function types. DEA is mainly used to evaluate the
relative efficiency of decision-making units (DMUs) with multiple inputs and outputs.
Within DEA, productive efficiency is defined as the product of technical efficiency and
price efficiency. Technical efficiency refers to the effective use of production factors, given
existing techniques, to maximize the outputs, whereas price efficiency is the appropriate
allocation of production factors to minimize costs, given existing techniques and prices.
Building on Farrell’s concepts and on the basis of the concept of one output with multiple
inputs, ref. [16] proposed the use of linear programming techniques to estimate the relative
efficiency of multiple inputs and outputs; this became what is currently known as the
CCR model. The authors of [20] developed the BCC model by removing the fixed-returns
restriction in the CCR model and by decomposing technical efficiency into pure technical
efficiency and scale efficiency. The CCR model in DEA can be summarized as follows:

Assuming that the ith input (I = 1, . . . , m) in DMUj (j = 1, . . . , n) is Xij and the rth
output (r = 1, . . . , s) is Yrj, the efficiency of DMUk can be obtained from Equation (1).

Ek = Max

s
∑

r=1
urYrk

m
∑

i=1
viXik

s.t.

s
∑

r=1
urYrj

m
∑

i=1
viXij

≤ 1, ur, vi ≥ ε > 0, j = 1, . . . , n
(1)

where ur and vi represent the weights of the r-th output item and the i-th input item,
respectively, n is the number of DMUs, m is the number of inputs, s is the number of
outputs and ε is a minimal positive value, which is called the non-Archimedean small
number by [16]. The efficiency value of Equation (1) is used to compare the efficiency of
input resources under the same output level, so it is called input-based efficiency. This
model limits the ratio of output to input to be within one, and its feature is used to treat
the weights ur and vi as unknown. When calculating the target decision-making unit k,
the weight is selected as a specific value to maximize the efficiency value Ek. Since the
decision-making units choose the most favorable weights ur and vi, the analysis results are
also relatively objective.

Ek = Max
s
∑

r=1
urYrk

s.t.
m
∑

i=1
viXij = 1

s
∑

r=1
urYrj −

m
∑

i=1
viXij ≤ 0, ur, vi ≥ ε > 0, j = 1, . . . , n

(2)

Since the objective function of Equation (1) is fractional linear programming, which
is not only difficult to operate but also has the risk of an infinite solution, we can convert
the equation into the form of linear programming (Equation (2)), i.e., set the denominator
to one to form an input-based primitive problem. The main purpose of such a linear
transformation is to avoid the occurrence of multiple solutions. In order to obtain more
information, we can transform the linear problem of Equation (2) into a dual problem
(Equation (3)), where s−i , s+r represent the slack variable of the ith input variable and the
surplus variable of the r output variable, respectively, which are the variables commonly
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used to transform inequalities into equations in linear programming. The variable θk
represents the radial efficiency value of the DMUk, and for the DMUk, the θk value is
between zero and one. hk represents the relative efficiency of the DMUk.

Min hk = θk − ε(
m
∑

i=1
s−i +

s
∑

r=1
s+r )

s.t.
n
∑

j=1
λjXij − θkXik + s−i = 0

n
∑

j=1
λjYrj − s+r = Yrk, λj, s−i , s+r ≥ 0

(3)

3. Research Scheme and Metrics Confirmation
3.1. Research Scheme

Figure 1 shows the research framework of this study. After reviewing the literature
and obtaining the preliminary measurement indicators of enterprises’ performance in
promoting digital transformation, FGI is first used to confirm the input and output items to
evaluate the performance of enterprises’ digital transformation. After that, relevant data
are collected and integrated into the DEA model of the second stage to truly understand
the relative efficiency value of each enterprise in promoting digital transformation.
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3.2. Developing Digital Transformation Dimensions and Metrics

Digital transformations affect industry competition and national economic develop-
ment. These transformations are a major force behind the global economic revolution.
Consequently, digital transformations have been a popular topic in Taiwanese, industrial
and academic research. However, inconsistencies in the literature exist in the definition
and interpretations of digital transformation, and none of the proposed sets of digital
transformation metrics for enterprises have been widely accepted. Nevertheless, scholars
appear to agree on the dimensions of the measurement of digital transformations. For
instance, ref. [21] asserts that digital maturity is the joint product of strategy, culture and
leadership and that an organization’s culture must embrace the importance of applying
data and analytics to decision making and business processes. Reference [4] proposes that
a digital transformation has four major dimensions: the use of technologies, changes in
value creation, structural changes and financial support. From their digital transformation
case studies, ref. [22] discovered that the push toward digital transformation is significantly
influenced by management’s perception of the digital transformation. The consultancy firm
Deloitte [3] measured the extent of an enterprise’s digital transformation by considering
five major dimensions: the customer, strategies, technologies, operations and the corporate
culture. Reference [23] states that, in the push toward a digital transformation, business
leaders should focus on the following concrete tasks or projects: recruiting and fostering
talents with digital and analytical capabilities, investing time and money, rapidly adjust-
ing digital strategies in response to market changes, clearly defining employee roles and
empowering employees. The consultancy firm McKinsey conducted a survey in 2018 and
summarized five key factors in a successful digital transformation: leaders who understand
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technology, the training of employees in relevant capabilities, the empowerment of employ-
ees to try new methods, the normalization of the use of digital tools within the organization
and the use of digital methods for regular communication. The digital transformation
consultancy OOSGA [24] further states that the implementation of a digital transformation
should emphasize the digital strategy and its implementation, the organization and culture,
talents and capabilities, data management and analytics, and technology and tooling. The
government of South Australia further proposed a Digital Transformation Toolkit [25] that
can be employed to measure the progress of an enterprise’s digital transformation in five
dimensions: governance and leadership, organizational culture, resources and capabilities,
innovation and the use of technologies.

To develop a set of dimensions and indicators for measuring an enterprise’s digital
transformation, we compiled a preliminary topology (digital transformation technologies,
organizational operations, process optimization, customer experience and business models)
based on a digital transformation scoreboard [26] and the literature’s definition of digital
transformation and compiled the possible metrics that can be employed within each
dimension. For example, because digital transformation is a strategy implemented in
response to industrial competition and in pursuit of sustainable growth, this strategy must
be both agreed upon by management and accepted and used by employees if it is to
be coordinated and executed across the organization. Consequently, the organizational
operations dimension should include measurements of managerial agreement and cross-
organizational operations. Furthermore, for business executives to create strategies based
on analytical data, they must recognize the value of data utilization and construct digital
infrastructure to collect data in real time; as such, the dimension of digital transformation
technologies should include metrics regarding the value of data.

Regarding the application of digital technologies, some researchers and industries
consider that digital transformation is the ongoing process of using digital technologies to
collect and analyze data to improve an enterprise’s internal and external operations and
decision making [27–31]. Consequently, whether an enterprise possesses the infrastructure
to support a digital transformation (such as an information system and the supporting
software and hardware); whether the enterprise has data gathering, analytical and utiliza-
tion capabilities; and whether the enterprise understands how digital technologies can
be used to improve its internal processes (such as purchase orders, procurement, logis-
tics and warehousing) and external processes (such as supply chains, sales channels and
customer service), digital technologies may be employed for measuring the enterprise’s
digital transformation. Furthermore, many multinational enterprises during a digital
transformation agree that such a transformation is an ongoing reformation across the orga-
nization that builds ecosystems and innovates business models while triggering changes
in organizational culture, value chains, value propositions and customer experiences [32].
Therefore, this study concludes that digital transformation metrics should include items,
such as whether the organization has a digital culture, the extent to which ecosystems are
constructed through data exchange, commitment to improving the customer experience
and the extent of the reformation and innovation of business models. Furthermore, given
that the amount of resources an enterprise invests in its digital transformation affects the
transformation’s progress, this study concludes that invested resources (such as personnel,
funds and training) should be listed as input items in the evaluation of an enterprise’s
digital transformation performance.

3.3. FGI and Confirming the Digital Transformation Metrics

First, we compiled industrial reports and the academic literature and extracted di-
mensions and indicators that enterprises should consider when measuring their digital
transformation performance. FGI questions were then developed based on these dimen-
sions and indicators. An FGI was conducted to verify the suitability of the dimensions
and indicators and to select the final inputs and outputs. Following the suggestions in
the literature, this study used purposive sampling to select focus group members with



Axioms 2022, 11, 284 6 of 14

relevance to the research topic. Our focus group members were six managers of a digital
transformation department in a major retail vendor and eight scholars studying digital
transformation. The focus group members had to have at least 15 years of work experience
and a recognized career in the field of data analytics or business management.

The FGI was held in the conference room of a national university in Taiwan and lasted
approximately 3 to 3.5 h. Prior to the FGI, we informed a professional moderator with
knowledge of digital transformations about the purpose of this study, the results of the
literature review and that the semi-structured FGI script had been drafted on the basis
of the preliminary digital transformation typology we had developed from the literature
review. Under the guidance of the principal investigator and supervision of the profes-
sional moderators, the focus group discussed a theme—“developing enterprise digital
transformation metrics in accordance with five main dimensions (digital transformation
technologies, organizational operations, optimizing processes, customer experiences and
business models)”—and identified the strategies and approaches that were used by enter-
prises that had successfully undergone a digital transformation. For each dimension, the
main question discussed by the focus group participants was “What is the most critical
indicator for measuring an enterprise’s digital transformation?” Other questions included
“What are the impacts of investments, full-time staff and training on an enterprise’s progress
in a digital transformation?”; “In your opinion, what changes in organizational operations
are beneficial to an enterprise’s digital transformation?”; and “What are the differences
between focusing on customer experiences and simply emphasizing business goals?”.

With the consent of the participants, the entire duration of the FGI was recorded.
The audio and video recordings were stored anonymously and were only permitted to
be used in this study. All recordings were transcribed into text files. Observers of the
FGI also made notes in real time. To ensure the accuracy of the transcription, after the
FGI, the transcripts were compared with the audio recordings. The unedited transcripts
were 57 A4 pages long. Following the approaches described by [33,34], we performed
a qualitative content analysis of the transcripts. First, we identified meaningful metrics of
digital transformation on the basis of the contents, definitions and general driving processes
of digital transformations [35]. Second, we condensed these meaningful metrics and tagged
the metrics with codes; metrics tagged with the same code were then grouped together to
form dimensions. In the last step, after repeatedly reading the transcripts, we summarized
the input and output measures in this study in Appendix A.

As shown in Appendix A, all variables are consistent with the measurement in the dig-
ital transformation scoreboard data [26] published annually by the European Commission,
where the ratio of existing digital transformation talents (RDTT) and the ratio of invested
funds in digital transformation (RIFDT) were selected as input variables, mainly because
most focus group members believed that sufficient investment can offer an exploratory
overview of the successful implementation of digital technologies in the retail industry [22].
Regarding the ratio of the training hours of digital transformation (RTHDT), most focus
group members placed it at the forefront of the digital transformation process because of
the learning needs to develop the required competencies for enabling a successful trans-
formation [36]. With respect to the five output variables from the digital transformation
scoreboard [26], digital transformation technologies (DTT), organizational operations (OO),
process optimization (PO), customer experiences (CE) and business models (BM), they were
determined mainly because most focus group members believed that they could effectively
show the effects and levels of digital transformation in enterprises [26].

4. Empirical Study
4.1. Data Collection

Once the variables and indicators were selected, this study conducted an e-survey
for data collection, thereby providing the respondents with sufficient time to respond and
thus minimizing the disruptions to respondents from the researchers [37,38]. We used
Likert scales to assess participants’ responses to the output indicators in each dimension,
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i.e., respondents’ impressions of digital transformation results. The typical Likert scale is
a 5- or 7-point ordinal scale used by respondents to rate the degree to which they agree or
disagree with a statement [39]. In this study, the Likert scales had ranges from 1 (strongly
disagree) to 5 (strongly agree). The participants chose the number which suited them the
best to define their perceived digital transformation results. Additionally, 120 managers in
a medium or large retail enterprise that had implemented a digital transformation were
invited over the phone to participate in the study to ensure the representativeness of the
gathered data. We chose not to contact and consult individuals about their willingness to
participate in advance; rather, access to the questionnaire was provided after the prospective
respondent had accepted our invitation to participate. The survey period was from middle
to late January of 2022. Given the questionnaire content and that some questions pertained
to the resource inputs and outputs of enterprises during their digital transformation, only
92 survey responses were completed. On the basis of data integrity and the DEA condition
that DMU data must demonstrate homogeneous relationships, we selected 62 enterprises
with mean capital between 8.52 million USD and 12.65 million USD as the study sample.

Table 1 provides the summary statistics of the input and output variables. Table 1 also
shows that the variance of some input or output variables are large. The variables having
the largest standard deviation of input and output variables are the ratio of the training
hours of digital transformation (RTHDT) and the digital transformation techniques (DTT),
respectively. Figure 2 illustrates the boxplots for all five output variables. The line across
the box represents the median, whereas the bottom and top of the box show locations of
the first and third quartiles (Q1 and Q3). The whiskers are the lines that extend from the
bottom and top of the box to the lowest and highest observations inside the region defined
by Q1 - 1.5(Q3-Q1) and Q3 + 1.5(Q3-Q1), and individual points with values outside these
limits (outliers) are plotted with asterisks [40]. Boxplots provide a visual impression and
the shape of the underlying distributions. For example, boxplots (such as that for BM)
indicate that the underlying distribution is skewed towards higher levels. By inspecting
these plots, it was possible to perceive differences among the five DT results. For example,
retailers have a high degree of digital transformation success on PO metrics and have a low
degree of digital transformation success on CE and BM metrics. The high degree of digital
transformation success on PO metrics is most likely because the company’s workflows
could be digitized or optimized without too much technical knowledge.

We aggregated each vendor’s indicator scores separately and then calculated the mean
scores. Then, we calculated the Pearson coefficients of correlation between the input and
output data to determine whether there were correlations between the inputs and outputs.

Items conformed to the assumption of isotonicity (Table 2). The results revealed moder-
ate to strong correlations among the input and output variables and that these correlations
were isotonic. This indicated that, when the value of an input variable increased, the value
of the output variable also increased. The requirement was that the relationship between
inputs and outputs must not be erratic. Increasing the value of any input while keeping
other factors constant should not decrease any output but should instead lead to an increase
in the value of at least one output.

Table 1. Summary statistics of variables (N = 62).

Variables Mean Std. Dev. Min. Max.

RDTT (x1) 0.157 0.055 0.000 0.200
RIFDT (x2) 0.089 0.004 0.068 0.090

RTHDT (x3) 0.254 0.385 0.000 1.000
DTT (y1) 1.820 0.816 1.000 4.667
OO (y2) 1.583 0.698 1.000 4.000
PO (y3) 1.711 0.554 1.000 3.222
CE (y4) 1.204 0.437 1.000 3.000
BM (y5) 1.327 0.711 1.000 5.000
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Table 2. Correlation of input and output variables.

RDTT (x1) RIFDT (x2) RTHDT (x3) DTT (y1) OO (y2) PO (y3) CE (y4) BM (y5)

RDTT (x1) 1.000 — — — — — — —
RIFDT (x2) 0.371 1.000 — — — — — —

RTHDT (x3) 0.190 0.329 1.000 — — — — —
DTT (y1) 0.195 0.026 0.231 1.000 — — — —
OO (y2) 0.003 0.004 0.251 0.735 1.000 — — —
PO (y3) 0.139 0.072 0.340 0.731 0.765 1.000 — —
CE (y4) 0.137 0.010 0.272 0.450 0.632 0.634 1.000 —
BM (y5) 0.054 0.017 0.195 0.647 0.625 0.481 0.248 1.000

4.2. Analyzing the Efficiency of Digital Transformations by Retail Vendors

This study used DEA to estimate the efficiency of 62 retail vendors’ efforts in digital
transformation. When selecting a DEA model, there are typically two considerations: the
purpose of the analysis and the properties of the inputs and outputs. In this study, our goal
was to compare the total efficiency values of 62 Taiwanese retail vendors and to understand
the causes of any inefficiencies. We therefore decided to use the CCR model, which
calculates the constant returns to scale (CRS), to determine the total efficiency values (as the
value increases, the vendor becomes more efficient) and the BCC model, which calculates
the variable returns to scale (VRS), to determine the technical efficiency values (whether
the resources invested by the analyzed vendor were used optimally to minimize costs
and maximize efficiency at their actual production scale). The DEA results are presented
in Table 3. We found that the mean efficiency value among the 62 retail vendors was
approximately 0.175, and the standard deviation was 0.307. The highest efficiency value
was 1, and the lowest was 0.002. Only six DMUs (DMU2, DMU37, DMU39, DMU41, DMU47
and DMU59) were revealed to be efficient, accounting for only 9.7% of all DMUs. It is noted
that, although these retailers’ outputs are almost the same as the mean outputs of the group,
these retailers consume relatively lower levels of inputs and hence turn out to technically be
very efficient. The analysis results for the vendors’ overall technical efficiencies, technical
efficiencies and scale efficiencies are also presented in Table 3. Among the 56 vendors with
overall technical efficiency that did not reach 1, more than half (such as DMU5, DMU12 and
DMU3) had poor technical efficiency due to suboptimal scale efficiency. Businesses should
thus invest in their digital transformation on the basis of actual market conditions and not
blindly expand their investment, which may result in a decline in efficiency. Poor technical
efficiency was the reason the other half of vendors had an overall technical efficiency lower
than 1 (such as DMU43, DMU35 and DMU9). These vendors should strengthen their internal
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audits of digital transformation budgets and the delegation of digital transformation staff
to determine any decision errors that were made and why they were made.

Table 3. Efficiency value of each retail vendor.

DMUs OTE TE SE RTS DMUs OTE TE SE RTS

1 0.109 1.000 0.109 drs 32 0.030 0.622 0.048 drs
2 1.000 1.000 1.000 - 33 0.017 0.651 0.026 drs
3 0.445 1.000 0.445 irs 34 0.018 0.622 0.029 irs
4 0.314 0.973 0.322 drs 35 0.028 0.563 0.050 drs
5 0.864 1.000 0.864 drs 36 0.017 0.700 0.024 drs
6 0.178 1.000 0.178 irs 37 1.000 1.000 1.000 -
7 0.005 0.725 0.007 irs 38 0.015 0.571 0.026 drs
8 0.091 1.000 0.091 drs 39 1.000 1.000 1.000 -
9 0.044 0.549 0.080 drs 40 0.022 1.000 0.022 irs

10 0.084 0.706 0.118 drs 41 1.000 1.000 1.000 -
11 0.173 0.818 0.212 irs 42 0.033 0.771 0.043 drs
12 0.528 1.000 0.528 drs 43 0.011 0.569 0.020 drs
13 0.002 0.498 0.004 drs 44 0.018 0.767 0.023 drs
14 0.255 1.000 0.255 drs 45 0.012 0.846 0.014 drs
15 0.131 0.576 0.228 drs 46 0.064 1.000 0.064 drs
16 0.196 1.000 0.196 drs 47 1.000 1.000 1.000 -
17 0.011 0.538 0.020 drs 48 0.160 1.000 0.160 drs
18 0.026 0.541 0.048 drs 49 0.181 1.000 0.181 drs
19 0.020 0.572 0.035 drs 50 0.051 0.705 0.072 drs
20 0.027 0.569 0.047 irs 51 0.080 1.000 0.080 drs
21 0.030 0.672 0.045 drs 52 0.014 0.616 0.023 irs
22 0.067 1.000 0.067 drs 53 0.017 0.477 0.035 drs
23 0.029 0.745 0.038 drs 54 0.013 0.543 0.024 drs
24 0.008 0.689 0.012 drs 55 0.021 0.512 0.040 drs
25 0.023 1.000 0.023 drs 56 0.031 0.726 0.043 drs
26 0.012 1.000 0.012 irs 57 0.072 0.890 0.081 drs
27 0.005 0.682 0.008 drs 58 0.016 0.569 0.029 drs
28 0.008 0.478 0.016 drs 59 1.000 1.000 1.000 -
29 0.024 0.642 0.037 drs 60 0.059 0.730 0.081 drs
30 0.028 0.570 0.049 drs 61 0.058 0.571 0.101 drs
31 0.021 0.977 0.022 drs 62 0.026 0.634 0.041 drs

OTE: overall technical efficiency; TE: Technical efficiency; SE: Scale efficiency; RTS: Returns to scale. -: optimal
scale; drs: decreasing returns to scale; irs: increasing returns to scale.

In Table 3, the calculations of returns to scale (RTS) in the 5th column have a direct
interpretation with respect to sound investment in a productive workforce and in training
hours dedicated to the digital transformation. It is also clear that a retailer with decreasing
returns to scale (DRS) is not using its investment optimally, whereas a retailer with IRS
can be expected to be engaged in rapid digital transformation growth and higher digital
transformation outputs. This DRS inefficiency for other retailers means that it is possible
for these retailers to reduce the use of their inputs while still obtaining the same amounts or
more of the outputs in digital transformation technologies (DTT), organizational operations
(OO), process optimization (PO), customer experiences (CE) and business models (BM)
dimensions. In additions, as shown in Table 3, DMU3, DMU6, DMU7, DMU11, DMU34
and DMU40 show increasing returns to scale (IRS). The presence of IRS implies that these
DMUs enjoy higher outputs with respect to using their investment in recruiting digital
transformation staff and in education and training due to their highly productive factors
of production. This situation may spur retailers to invest more in digital transformation,
which is seen as a sound investment in a productive workforce and in education and
training. However, both DRS and IRS are considered inefficient scale sizes. The most
optimal use of resources is operating at CRS or scale size 1.
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4.3. Slack Variable Analysis

Projection analysis involving the slack variables and total efficiency values determined
using the CCR models was performed to identify where Taiwanese retail vendors can make
improvements to the efficiency of their digital transformation tasks and to the resources
invested in those tasks. Using the equation X*

ik = θ* Xik - si
-*, we calculated the management

and control targets of each vendor, i.e., the suggested input amount (X*
ik). Here, θ* is the

total efficiency of the DMU, Xik is the original input variable and si
-* is the slack variable.

We then analyzed the slack variables of individual retail vendors on the basis of these
analysis results and the vendors’ original input data.

The slack variable represents the amount by which a relatively inefficient vendor
should decrease its inputs to increase its relative efficiency. The suggested input improve-
ment was ∆Xik and is calculated using the equation ∆Xik =Xik - X*

ik. The analysis results
are presented in Table 4. For DMU3, we determined that the ratios of digital transformation
personnel and digital transformation training should be reduced by 0.075 and 0.076, respec-
tively. Next, the efficiency of each retail vendor’s input variables was recalculated using
the recommended values to confirm that these analysis results were the optimal adjusted
values. According to the findings, the total efficiency values were all the optimal efficiency
value, which was 1, whereas the slack variables had the value of 0. The technical efficiencies
and scale efficiencies in the BCC model were also 1, the optimal efficiency value. Due to the
hypotheses and application limitations in this study, the methods employed in this paper
are only applicable to samples with high levels of homogeneity. The present method only
enabled the analysis of “relative” efficiency rather than “absolute” efficiency. Consequently,
a DMU that was assigned an efficiency value of 1 (indicating optimal efficiency) was not
necessarily a truly efficient unit. A DMU that is identified as being inefficient must ana-
lyze its slack variables to adjust its input variables before it can increase its efficiency to
a relatively high level.

Table 4. Analysis results of inefficient DMUs.

DMU RDTT RIFDT PDTT DMU RDTT RIFDT PDTT

1 0.000 0.001 0.000 30 0.084 0.000 0.000
3 0.075 0.000 0.076 31 0.204 0.000 0.000
4 0.094 0.087 0.000 32 0.063 0.085 0.000
5 0.077 0.086 0.000 33 0.303 0.000 0.000
6 0.052 0.080 0.277 34 0.130 0.000 0.000
7 0.064 0.150 0.056 35 0.190 0.000 0.000
8 0.000 0.090 0.000 36 0.314 0.000 0.000
9 0.054 0.000 0.000 38 0.298 0.000 0.000
10 0.040 0.000 0.000 40 0.053 0.087 0.000
11 0.000 0.000 0.623 42 0.157 0.000 0.000
12 0.082 0.059 0.000 43 0.223 0.014 0.000
13 0.501 0.250 0.116 44 0.062 0.000 0.000
14 0.076 0.076 0.000 45 0.030 0.016 0.000
15 0.003 0.000 0.000 46 0.000 0.003 0.000
16 0.058 0.081 0.732 48 0.000 0.095 0.000
17 0.275 0.004 0.000 49 0.064 0.073 0.000
18 0.068 0.000 0.000 50 0.000 0.000 0.266
19 0.228 0.000 0.000 51 0.000 0.064 0.000
20 0.015 0.004 0.000 52 0.412 0.001 0.055
21 0.000 0.010 0.107 53 0.022 0.016 0.070
22 0.076 0.093 0.000 54 0.378 0.005 0.000
23 0.003 0.000 0.000 55 0.185 0.010 0.000



Axioms 2022, 11, 284 11 of 14

Table 4. Cont.

DMU RDTT RIFDT PDTT DMU RDTT RIFDT PDTT

24 0.487 0.037 0.000 56 0.146 0.000 0.000
25 0.098 0.000 0.000 57 0.047 0.000 0.000
26 0.000 0.045 0.000 58 0.310 0.005 0.000
27 0.254 0.133 0.000 60 0.095 0.057 0.000
28 0.396 0.050 0.039 61 0.052 0.000 0.000
29 0.080 0.015 0.000 62 0.011 0.012 0.025

5. Conclusions

The urgency of digital transformation varies from industry to industry, and enterprises
set different standards of progress in response to the different competitive situations they
face. Consequently, determining how appropriate ratios and priorities can be set for digital
transformation investment while digital transformation tasks are promoted can help enter-
prises improve the effectiveness of their digital transformation [41]. This study employed
the retail industry as an example to illustrate the definitions of digital transformation
metrics and methods for evaluating digital transformation performance. The retail industry
was selected because it is one of the oldest industries, as well as an essential one. Due to its
broad inclusion of basic-level workers, the retail industry has constantly served as a major
indicator of socioeconomic development. Furthermore, lockdown measures during the
COVID-19 pandemic have accelerated the shift toward online consumption, resulting in
retailers being unable to keep up with trends and implement the necessary digital upgrades
to face bankruptcy or restructuring. For these retailers, digital transformation is mandatory
to ensure survival.

In a sample of medium-sized retail vendors, this study used DEA to investigate enter-
prises’ efficiency in implementing a digital transformation. To demonstrate the effectiveness
of our proposed method, we conducted an empirical study using data from 62 Taiwanese
retail vendors. Some of the vendors (DMU5, DMU12, DMU3, DMU14, DMU16, DMU49 and
DMU6) were discovered to be inefficient because of poor scale efficiency, whereas others
(DMU43, DMU35, DMU9, DMU54, DMU18, DMU17 and DMU55) performed poorly because
of their technical inefficiency. Overall, the poor technical efficiency demonstrated by a ven-
dor was not only due to the gradually decreasing returns to scale of the market; a decline in
pure technical efficiency was also a contributor. In addition to adjusting their production on
the basis of market conditions, vendors should properly manage their internal operations
and pay attention to their resource and scale allocations to prevent reductions in their pure
technical efficiency.

Although this study mainly employed radial measures in its evaluation of retail ven-
dors’ implementation of a digital transformation, non-radial approaches such as the Russell
measure and non-oriented slack-based measures are also applicable. Therefore, subsequent
scholars can consider applying non-radial measures to evaluate the performance of retail
vendors implementing a digital transformation under the condition that the most appro-
priate proportion adjustments can be made for each input and output. Given that DMU
data must demonstrate homogeneous relationships, not all retail vendors in Taiwan were
included in this study’s data sample and evaluation. To prevent problems caused by an
insufficiently large data sample, scholars can consider the use of meta frontier approaches
for analyzing the operational performance of DMUs of different scales.

Moreover, it must be noted that DEA is not completely flawless. The first limitation of
this study is that the DEA method is based on extreme points and compares each unit to
the best performers. This particular feature makes DEA more sensitive to data noise and
measurement errors. The second limitation of DEA is that, when using the CCR model,
there are more DEA efficient DMUs if the number of DMUs is not relative enough to the
number of indicators. This situation leads to a low capability of discernment. To solve this
problem, the DEA super-efficiency model can possibly be considered.
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Appendix A

Table A1. Dimensions of the retail vendor digital transformation progress framework and their
corresponding indicators.

Variables/Dimensions Indicators Calculation/Question Statement

Inputs

Ratio of existing digital transformation
talents (RDTT) - RDTS = existing digital transformation

talents/the total number of employees

Ratio of invested funds in digital
transformation (RIFDT) - RIFDT = digital transformation

budget/business turnover

Ratio of the training hours of digital
transformation (RTHDT) - RTHDT = training hours dedicated to the

digital transformation/total training hours

Output

Digital transformation techniques (DTT)

Digital infrastructure The integrity of data security, information
systems and information services is high.

Data value
The degree to which the company gathers,

analyzes and applies information when
making its business decisions is high.

Organizational operations (OO)

Leadership
consensus

The degree of consensus among company
leadership regarding the vision and

strategies of the digital transformation and
the company’s digital culture is high.

Organizational
capabilities

The degree of understanding and
application of digital skills among the

company’s staff, in both digital
transformation and other departments,

is high.

Ecosystems

The degree of information exchange and
application between ecosystems is high.

(Note: Ecosystems typically include
multiple affiliate industries, and in a system,

vendors not only work together but also
engage in some degree of competition.)

Process optimization (PO)

Internal process
optimization

The degree to which the company’s internal
workflows (purchase orders, procurement,

warehousing and interdepartmental
collaborations) have been optimized and

digitized is high.

External process
optimization

The degree to which the company’s external
workflows (supply chains, sales channels,
marketing channels, customer service and
after-sales support) have been optimized

and digitized is high.
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Table A1. Cont.

Variables/Dimensions Indicators Calculation/Question Statement

Customer experiences (CE) Customer
acquisition

The ability of the company to collect and
analyze internal and external data to further

understand customer patterns, demands
and preferences is high.

Business models (BM) Business model
innovation

The ability of the company to develop
innovative business models to open up new

markets is high.
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