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ABSTRACT This study proposes a novel, integrated framework that combines Shannon Entropy Technique
(SET), Data Envelopment Analysis (DEA), and Inverse DEA (IDEA) for the objective evaluation and ranking
of equities, with a case application to the tourism sector of the Taiwan Stock Exchange (TWSE). SET is
employed for data-driven variable selection to reduce dimensionality across five financial perspectives,
enhancing the discriminatory power of DEA. DEA identifies efficient stocks, while IDEA ranks them
based on adaptability to output perturbations, providing a dynamic and interpretable view of efficiency.
Empirical analysis reveals that only five out of sixteen stocks achieved full efficiency. The IDEA-based
ranking uncovered distinct adaptability profiles, with some firms requiring minimal input changes to accom-
modate output growth, indicating operational flexibility. Sensitivity analysis and model comparisons with
super-efficiency and cross-efficiency DEA confirm the robustness and consistency of the proposed method,
even under adverse scenarios. This work advances financial decision-making by offering a reproducible,
bias-minimized, and scenario-sensitive ranking model. Its transparent structure makes it especially valuable
for investors, policymakers, and portfolio managers navigating volatile or crisis-prone markets.

INDEX TERMS Data envelopment analysis, inverse DEA, efficiency, stocks, stock market, ranking.

I. INTRODUCTION
Stocks, which represent fractional ownership in corporate
assets and earnings, are among the most powerful tools in
modern society for mobilizing savings, allocating capital, and
distributing risk [1], [2]. When a firm issues equity, it gains
financing for innovation, expansion, and job creation; when
households buy that equity, they gain a liquid claim whose
price reflects the collective wisdom of millions of market
participants. At the macro level, vibrant stock markets accel-
erate economic growth by channelling capital from surplus
sectors to high-productivity ventures; at the micro level, they
encourage corporate transparency, discipline management
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through share-price monitoring, and promote wider wealth
distribution through pension funds and individual portfolios.

Stock markets matter not merely to traders and invest-
ment bankers but to workers, entrepreneurs, consumers, and
governments whose prosperity depends on efficient capital
formation. Yet harnessing these benefits requires a critical
intermediate step: selecting the right stocks. For an individ-
ual investor, poor selection erodes savings and jeopardises
retirement security; for institutional asset managers, it threat-
ens fiduciary credibility; for regulators and policymakers,
misallocation of equity capital can starve socially valuable
enterprises and inflate bubbles elsewhere. The problem has
grown more acute as the global investable universe has
exploded, thanks to low-cost online brokerages, exchange-
traded funds, and cross-border listings, while the flow of
financial data has become torrential. Faced with hundreds
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of ratios, ratings, newsfeeds, and social-media signals, even
sophisticated analysts struggle to separate signal from noise,
recognize resilient business models, and build portfolios that
withstand shocks.

The emergence of the COVID-19 epidemic posed unprece-
dented obstacles to the worldwide financial environment
[3], [4]. For instance, between January and March 2020,
the Taiwan Stock Exchange (TWSE) lost 29 percent of its
value [5], and the tourism and hospitality segment, whose
fortunes are tied directly to cross-border mobility, was hit
hardest [6]. The tourism and hospitality industry plays a
significant role in stimulating economic growth on a global
scale. According to estimations from the United Nations
World TourismOrganisation (UNWTO), its impact is compa-
rable to global oil, food, or vehicle trade [7]. While tourism
had previously outpaced global GDP growth for nine con-
secutive years and contributed an estimated USD 8.9 tril-
lion (10.3 percent) to world GDP [8], border closures and
travel restrictions abruptly reversed those gains. International
arrivals collapsed by 74 percent in 2020, wiping out USD
1.3 trillion in export revenues and endangering more than
100 million tourism jobs worldwide [9]. Taiwan, ranked the
20thmost-visited Asian destination in 2022 [10], experienced
a near-total halt to inbound tourism for almost two years,
providing a natural experiment in resilience.

Traditional stock appraisal methods rely heavily on quali-
tative judgment or single-ratio screens and therefore struggle
to deliver transparent, reproducible rankings under crisis
conditions. Data-Envelopment Analysis (DEA) improves on
simple ratio analysis by benchmarking each decision-making
unit (DMU) relative to a best-practice frontier [11], but two
long-standing issues remain. First, selecting too many inputs
and outputs dilutes discriminatory power, the so-called curse
of dimensionality [12], [13]. Second, DEA yields multiple
efficient DMUs with identical efficiency scores, yet offers
no intrinsic way to rank them. Existing methods, such as
super-efficiency and cross-efficiency, can be infeasible or
overly sensitive to outliers.

In information theory, Shannon Entropy measures the
information content of a variable [14]; high-entropy variables
contribute more unique information than low-entropy ones.
Applied to finance, the Shannon Entropy Technique (SET)
can sift through a battery of financial ratios and retain only
those with the greatest informational weight, thereby miti-
gating dimensionality problems without relying on subjec-
tive expert opinion [15]. Meanwhile, Inverse DEA (IDEA)
extends standard DEA by asking the opposite question: If
outputs increase by a given percentage, how much must
inputs rise for each DMU to remain efficient [16]? The
resulting input-expansion factors provide a natural, inter-
pretable ranking of the originally efficient units, free from
the infeasibility issues that plague super-efficiency models.
Individually, each method solves part of the performance-
measurement puzzle; combined, they promise a more robust,
transparent, and crisis-resilient framework.

Sensitivity analysis is a fundamental method employed
to ascertain the strengths and weaknesses of a model [17].
The inclusion of a ‘‘what-if’’ analysis is crucial in light of
the intrinsic uncertainty and variability included in empirical
data and parameters. Sensitivity analysis contributes to the
validation, reliability, confidence level, and internal consis-
tency of decision-making processes [18]. This is achieved
by emphasizing the impact of variations in parameters and
the resulting outcomes, hence ensuring the resilience and
adaptability of models under various circumstances.

This work introduces SET-DEA-IDEA, an integrated
three-stage framework that delivers (i) objective variable
selection, (ii) efficiency benchmarking, and (iii) resilience-
aware ranking of efficient stocks. We apply the framework
to 16 publicly traded tourism companies on the TWSE for
fiscal year 2021, the sector’s first full year under pandemic
restrictions, to answer three research questions:

1. Which financial ratios best characterise liquidity,
asset utilization, leverage, profitability, and valuation for
Taiwanese tourism stocks?

2.Which stocks operated efficiently, given those key ratios,
during the height of COVID-19 disruption?

3. Among the efficient firms, which are most adaptable
to output growth and therefore most attractive for investors
seeking robust post-pandemic recovery plays?

Our contributions are as follows:
1. Methodological novelty: To our knowledge, this is the

first equity-evaluation study that fuses SET for dimensional-
ity reduction, classical DEA for efficiency measurement, and
IDEA for post-efficiency ranking.

2. Practical robustness: Sensitivity tests, adding extra
inputs, scaling inputs up by 20 percent, and scaling outputs
down by 20 percent, confirm that efficiency scores and rank-
ings remain stable, underscoring the framework’s resilience.

3. Actionable insight: Of sixteen stocks analysed, five
achieved full efficiency. IDEA then revealed distinct adapt-
ability profiles.

4. Policy relevance: The transparent, data-driven nature
of SET-DEA-IDEA makes it suitable not only for portfolio
managers but also for regulators and policymakers tasked
with stress-testing critical sectors during systemic shocks.

Three factors motivate our case selection. First, TWSE
is the eighth-largest equity market in Asia and the
seventeenth-largest globally by capitalisation, offering a
rich yet under-examined dataset for methodological innova-
tion [19]. Second, Taiwan’s tourism firms display a wide
dispersion in business models, from hotel chains to food-
and-beverage groups, allowing a meaningful assessment of
input–output heterogeneity. Third, the 2021 financial year
represents a stress-test window inwhich every company faced
identical external constraints (closed borders), sharpening the
contrast between operationally agile and rigid firms.

By reframing variable selection, efficiency measurement,
and ranking as a single coherent pipeline, SET-DEA-IDEA
offers a reproducible blueprint for evaluating corporate
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resilience in volatile environments. For investors navigating
post-pandemic recovery, for scholars seeking methodological
advances, and for policymakers overseeing systemic stability,
the framework delivers a concise, interpretable, and data-rich
lens through which to judge firm performance, precisely
when clarity and speed of insight are paramount.

The remaining part of this study is organized in the fol-
lowing manner: In section II, an examination is conducted
on the current body of research, including SET, DEA, IDEA,
and other decision-making techniques. Section III provides
a comprehensive account of the methodology employed in
this study. It encompasses a detailed discussion of the data
sources, variable selection, and the sequential adoption of
SET, DEA, and IDEA techniques. In Section IV, the findings
of this study are presented and examined through tables,
graphs, and statistical analysis. Section V discusses the valid-
ity, reliability, comparison, and robustness of the proposed
method through sensitivity analysis. Section VI of this paper
summarises and concludes the research work. In addition,
it presents the limitations inherent in this study and, again,
outlines potential paths for future research.

II. LITERATURE REVIEW
The assessment of stock market efficiency, particularly
in industries vulnerable to external disturbances such as
tourism, has been the subject of extensive scholarly research.
SET, DEA, and IDEA are notable multi-criteria decision-
making (MCDM) techniques with broad applications across
diverse sectors and domains. Hence, this section examines the
current body of literature relating to these methodologies to
identify existing research gaps and the obstacles that serve as
the impetus for our investigation.

A. SHANNON ENTROPY TECHNIQUE (SET)
In MCDM, determining the relative weights of indicators
is a fundamental and essential step in the problem-solving
process. Several methods are prominent and generally rec-
ognized for determining these weights, including expert
opinion-based approaches, the least squares method, the
special vector technique, and SET. Notably, the SET stands
out as one of the most crucial methods for determining
criteria weights [15]. Qualitative approaches such as the Ana-
lytic Hierarchy Process (AHP) [20], [21], Fuzzy AHP [22],
Analytic Network Process (ANP) [23], PROMETHEE [24],
and VIKOR [25], [26], are common methods that require
expert opinions in their evaluation processes; however, these
methods are often criticized for creating bias and subjectivity.

Principal Component Analysis (PCA) does not possess
an inherent characteristic of being a tool for MCDM, yet
the technique is typically used for dimensionality reduction,
particularly in DEA evaluation [27]. Nevertheless, the uti-
lization of PCA in this situation has its limitations. Apply-
ing PCA for dimension reduction in DEA models may
lead to a reduction in the amount of original data, per-
haps resulting in an oversimplification of the DEA model.
The possible loss discussed above has the capacity to

not only impact the assessment of DMU efficiency but
also impose constraints on subsequent investigations, such
as inverse optimization, as a result of the altered data.
Moreover, the effectiveness of PCA is greatly impacted
by the scaling of variables, rendering it susceptible to
variations.

The concept of SET originated from information theory
and was initially presented by Shannon in 1948 [28]. SET
quantifies the level of uncertainty or unpredictability inherent
in a given system or variable. The level of entropy increases
proportionally with the degree of uncertainty or unpre-
dictability exhibited by the system. SET has several appli-
cations across various disciplines, including cryptography,
communication theory, physics, biology, ecology, economics,
and statistics. One of the practical applications of SET is in
the domain of feature selection. This process involves careful
selection of a subset of relevant features or variables from
a vast pool of accessible options tailored to address a given
task or problem. The feature selection process of SET can
decrease the dimensionality and intricacy of the data while
also enhancing the effectiveness and precision of the models
or techniques that rely on the chosen features or variables.
One notable benefit of employing SET for feature selection is
its independence from prior knowledge or expert judgments.
Instead, it leverages the information content associated with
each feature or variable to ascertain their significance and per-
tinence. Another benefit of utilizing SET for feature selection
is its ability to effectively handle many features or variables,
including numerical and categorical ones. Furthermore, it is
capable of accommodating linear as well as nonlinear asso-
ciations among these features.

Few studies have employed SET in portfolio stocks.
Xie et al. [29] suggest a novel approach that integrates the
efficiency of several variable subsets. These subsets are then
weighted based on their respective degrees of relevance,
which are determined using SET. The process yields a com-
prehensive efficiency score (CES), enabling a more precise
and consistent ranking of all DMUs. The authors implement
their methodology on several datasets from existing literature
and conduct a comparative analysis with alternative DEA
models. The authors demonstrate that their methodology
can potentially enhance the discriminatory power of DEA
while retaining valuable variable information. Furthermore,
their versatile approach can be applied across various DEA
assumptions and orientations.

A similar approach was adopted by Gupta et al. [30] to
rank four distinguished DEA models. Peykani et al. [15]
introduce a hybrid DEA–Shannon entropy (DEASE) method
in their study. Their work addresses the issue of selecting
appropriate input and output indicators within DEA models.
The strategy employs SET to ascertain the weights of indi-
cators and select the most significant ones from each cluster
of comparable indicators. The approach considers negative
data and values in some indicators, employing range direc-
tional measure DEA as the fundamental model. The paper
showcases the practicality of the DEASE strategy through its
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implementation in a case study involving 15 equities from the
food sector of the Tehran stock exchange. The findings indi-
cate that the DEASE technique can potentially enhance the
DEA model’s discriminatory capability and achieve a more
efficient stock ranking compared to a traditional DEAmodel.
In a recent investigation, Karagiannis and Karagiannis [31]
present a non-parametric model utilizing DEA to quantify
the degree of overpricing for each brand in relation to its
number of features. The authors additionally present a novel
use of SET to aggregate vitamin and mineral items, thereby
mitigating the curse of dimensionality.

B. EFFICIENCY RANKING AND EVALUATION USING DEA
DEA is a non-parametric method utilized to assess the
relative efficiency of DMUs by considering their weighted
inputs and outputs. The DEA methodology has the capa-
bility to offer benchmarks and targets that can be utilized
to enhance the performance of inefficient DMUs. Asides
from stock selection, DEA has been extensively applied
for performance improvement in other sectors, including
blockchain operations, risk management, hotel management,
telecommunication industry, banking, logistics, transporta-
tion industry, supply chain, cyberbullying detection, farm
and agriculture, power, healthcare, production and man-
ufacturing, tourism, automobile, construction, insurance,
transportation, and education [32], [33], [34], [35], [36], [37],
[38]. The notion of the DEA was originally proposed by
Charnes et al. [39], drawing upon Pareto efficiency and linear
programming principles. DEA has the capability to discern
the most effective DMUs as efficient entities while categoriz-
ing the remaining ones as inefficient. The DEA methodology
is capable of offering benchmarks and targets that can be
utilized to enhance the performance of inefficient DMUs.

The technique of DEA offers numerous advantages in
comparison to alternative methods when it comes to mea-
suring efficiency and evaluating performance. One notable
feature of this approach is its ability to generate an empirical
frontier that encompasses all DMUs without relying on any
assumptions regarding the functional form or distribution
of the data. Instead, it utilizes the data itself to derive this
frontier. An additional benefit is its ability to effectively
manage many inputs and outputs that possess distinct units
and scales without necessitating any pre-existing weights or
preferences. A significant issue in implementing the DEA
approach across different applications is the absence of con-
sensus about selecting and determining appropriate input and
output variables. Another crucial aspect when employing the
DEA methodology is its discriminatory strength. Despite the
lack of a universally accepted scientific norm or agreement
in the existing literature about the optimal number of DMUs
for a robust efficiency estimation, several researchers suggest
employing Eq. (1) as ameans to establish theminimal number
of DMUs to be utilized in any standard DEA model [40].
In the given context, a represents the minimum count of
DMUs, b represents the total count of inputs, and c represents

the total count of outputs.

a ≥ max {3 ∗ (b+ c) , b ∗ c} (1)

Few studies have used DEA models and methodologies
to determine the performance of portfolio stocks belong-
ing to TWSE. Chen [41] conducts a survey that analyzed
portfolios managed by DEA in eight prominent industries.
The findings indicated that these portfolios demonstrated an
incredible performance compared to industry averages and
portfolios of small-sized enterprises. Hsu [42] introduces a
novel methodology for portfolio optimization by integrating
DEA with artificial bee colony (ABC) and genetic program-
ming (GP). The effectiveness of this approach was demon-
strated through a case study conducted in the semiconductor
sub-sector of TWSE, where it successfully generated sig-
nificant returns and mitigated investment risks. In addition,
Huang et al. [43] introduce an integrated methodology com-
bining DEA with multi-objective decision-making (MODM)
methodologies to optimize stock investments in Taiwan.
The methods employed encompass stock screening, portfo-
lio selection, and capital allocation, demonstrating superior
performance compared to benchmark indices regarding both
return rate and Sharpe ratio across many testing intervals.
Although some investigations have yielded valuable insights
and implications for enhancing the efficiency of stocks,
none of this research has developed a hybrid model such
as SET-DEA-IDEA to perform efficiency evaluation and
ranking, particularly in the tourism sector.

C. INVERSE DEA (IDEA)
IDEA technique is widely utilized in conducting inverse
optimization. This involves maintaining the efficiency score
of DMUs at a constant level while systematically adjust-
ing the input or output variables by a certain percentage.
This adjustment allows examining the corresponding changes
in the output or input variables. The notion of IDEA was
initially introduced by Wei et al. [44]. This approach is
rooted in inverse linear programming and sensitivity analysis
principles.

The IDEA framework offers a distinctive approach to rate
efficient DMUs by evaluating their capacity for improvement
or decrease. Recently, researchers have developed and studied
inverse optimization issues. Two major categories of models
exist in this area, with the first focusing on resource allo-
cation and the second on investment analysis [45]. IDEA
concept has become the state-of-the-art analytical technique
in energy and environmental studies [46]. Further, the utiliza-
tion of IDEA has been established in the banking industry,
particularly in mergers and acquisitions (M&A) scenarios.
M&A in the banking industry often arises from the objec-
tive of attaining enhanced operational effectiveness, enlarg-
ing market share, and strengthening financial performance.
IDEA framework provides a method for assessing the poten-
tial operational efficiency of a merged company before the
merger and acquisition process is completed. Several notable
works have employed the IDEA framework to assess the
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effectiveness of bank consolidations [45], [47]. In recent
studies, scholars have investigated other industries using
IDEA technique. These sectors encompass healthcare, edu-
cation, transportation, supply chain, textile, and automobile.
The works of [45] and [47] provide in-depth reviews of
IDEA’s advances and state-of-the-art applications in various
domains.

In stock selection, IDEA is rarely used in the literature,
making it a hotspot for investigators [16]. The two closely
related articles in this regard include [48] and [49]. Çakır [48]
presents a two-phase approach to address resource alloca-
tion issues within a fuzzy context. The initial stage involves
selecting input and output variables for DEA using imprecise
SET. This method can accommodate fuzzy and interval data
while also facilitating the calculation of criteria weights.
In the second phase, an interval IDEA model is utilized
to estimate the optimal input values for DMUs in case of
changes in some of their output values. This estimation is
done while maintaining the efficiency score of the DMU.
Their results showcase the practicality and effectiveness of
the suggested technique by examining a genuine case study
involving 16 cement companies in Turkey. However, the find-
ings indicate that the hybrid model only addresses challenges
related to input-output selection and resource allocation in sit-
uations characterized by fuzzy conditions. Another limitation
is that the interval IDEA formulated could only be used for
ranking purposes of input and output data but is not suitable
for ranking efficient DMUs.

Similarly, Goyal et al. [49] put forth an IDEA approach
by introducing a ranking system based on a super-efficiency
IDEA model. The proposed model assesses and prioritizes
52 bus depots by considering their inputs and outputs.
The study compares the suggested and conventional
super-efficiency DEA models, revealing high consistency
between their outcomes. The limitation of these studies is
that the number of inputs and outputs considered does not
compromise the discerning power of DEA. Also, it is worth
noting that super-efficiency DEA and super-efficiency IDEA
are sensitive to outliers and sometimes encounter infeasibility
issues.

D. RESEARCH GAPS AND CHALLENGES
Examining existing literature allows for identifying research
gaps and issues that serve as the impetus for our inves-
tigation. The current body of literature lacks comprehen-
sive research integrating SET, DEA, and IDEA (SET-DEA-
IDEA) methodologies to evaluate and rank stocks. Fur-
thermore, a scarcity of research employs IDEA to ana-
lyze the tourist industry. This sector is crucial since it is
recognized as one of the most vital and rapidly evolving
industries globally. Notably, Taiwan’s tourism sector stands
as one of Asia’s most advanced and multifaceted, exhibit-
ing considerable prospects for expansion and advancement.
Furthermore, there is a scarcity of research that examines
explicitly the financial year 2021, a period marked by the
devastating impact of COVID-19 on the tourism industry

and the closure of national borders to international tourists.
This timeframe represents a crucial examination of the per-
formance and effectiveness of tourism stocks to test the
resilience of such stocks in any typical, unprecedented global
crisis.

Although several hybrid DEA–MCDM frameworks exist,
including integrations with PCA,AHP, TOPSIS, andVIKOR,
many of these rely on subjective weighting schemes, which
introduce bias and reduce reproducibility. SET was selected
in this study due to its objectivity; it calculates weights
based solely on data variability without requiring expert
input. PCA, although statistically robust, often transforms
variables into composite dimensions that may lack inter-
pretability, which can hinder financial decision-making. Fur-
thermore, PCA assumes linearity and is sensitive to vari-
able scaling, which may distort DEA results in financial
contexts. In contrast, SET operates directly on the original
variable space, preserving interpretability and objectivity by
assigning weights based on data entropy without requiring
subjective input. Compared to PCA, SET retains the orig-
inal variable structure, allowing for more straightforward
interpretation and ensuring financial indicators maintain
practical relevance. In contrast to AHP or Fuzzy AHP,
SET eliminates reliance on decision-makers’ preferences,
enhancing model transparency. Furthermore, while some
prior hybrid models use super-efficiency DEA or cross-
efficiency evaluation for ranking, these methods may suffer
from infeasibility or sensitivity to outliers. By integrating
SET for variable selection, DEA for efficiency measure-
ment, and IDEA for ranking, our proposed SET-DEA-IDEA
framework offers a data-driven, interpretable, and robust
method to handle uncertainty and preserve feasibility, par-
ticularly valuable in high-stakes financial decision-making
environments.

Similarly, for ranking efficient DMUs, alternatives such
as super-efficiency DEA or cross-efficiency evaluation are
commonly used. However, these methods often face limi-
tations, such as infeasibility issues in the presence of out-
liers or sensitivity to small data changes. On the other hand,
IDEA provides a structured way to assess the stability and
adaptability of efficient DMUs by quantifying how much
input adjustment is required to maintain efficiency under
changing output conditions. This approach yields deeper
strategic insights and enhances the robustness of the ranking
process. Consequently, the novel integration of SET, DEA,
and IDEA in this study offers a transparent, reproducible,
and data-driven framework that effectively addresses the
dimensionality and ranking challenges inherent in financial
performance evaluation.

III. METHODOLOGY
This section provides an overview of the data sources, sample
selection process, and variables employed in this study.
It also comprehensively discusses the methods and step-by-
step approach to implement the proposed SET-DEA-IDEA
framework.
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A. DATA SOURCES AND COLLECTION
The primary data utilized in this study comprises the financial
ratios of 16 stocks belonging to the tourist sector of the
TWSE, specifically for the fiscal year 2021. The data utilized
in this study were sourced from the Taiwan Economic Journal
(TEJ) database, a reputable and comprehensive source of
financial information on publicly traded firms in Taiwan.
Sixteen companies from the tourist sector were chosen for
analysis, taking into consideration their market capitalization
and the availability of relevant data. The tourism indus-
try encompasses a range of establishments and enterprises,
such as hotels, restaurants, travel agents, airlines, and other
interconnected entities. The study incorporates a collec-
tion of 13 financial ratios that assess different aspects of
a firm’s economic performance, including Liquidity, Asset
usage, Leverage, Profitability, and Valuation. These ratios
are frequently employed in financial analysis and stock
appraisal [15], [48]. The definitions and formulas pertaining
to these ratios are explained in Table 1.

B. DIMENSIONALITY REDUCTION USING SET
SET quantifies the amount of information contained within a
given set of variables. It serves as a valuable tool for iden-
tifying and selecting the most pertinent and representative
inputs and outputs from a vast array of options. The utiliza-
tion of SET can potentially decrease the dimensionality and
redundancy of the variables while simultaneously enhancing
the discrimination power and resilience of DEA. The process
of employing SET for input and output variable selection
involves the following procedures:
Step 1: First, we set up an Eq. (2) to create a decisionmatrix

with P alternatives and Q criteria, where pth alternative and
qth criterion denote the value of individual npq.

N = [npq]P∗Q =

 n11 · · · n1Q
...

. . .
...

nP1 · · · nPQ

 (2)

Step 2: The second step involves applying the min-max
normalization procedure to the data in order to mitigate the
influence of varying units and scales. Eq. (3) is used to stan-
dardize the constructedmatrix. The normalized estimate,Vpq,
is calculated by expressing individual npq on each column as
a ratio of its sum.

Vpq =
npq∑P
p=1 npq

, ∀p, q (3)

Step 3: In the third step of the process, the entropy of each
variable is determined by employing Eq. (4). The entropy, eq,
can be calculated by solving Eq. (4). The parameter is kept
between 0 and 1 by having a fixed value.

eq = − (ln (P))−1
∑P

p
Vpq ln

(
Vpq

)
, ∀q (4)

Step 4: In this step, we estimate the degree of deviation dq
using Eq. (5). The magnitude of the deviation can be used to

TABLE 1. Description of financial variables.

infer how much insight the relevant criteria provide into the
decision.

dq = 1 − eq, ∀q (5)

Step 5: In the fifth step, the variables with the highest weight
from each perspective are chosen as the inputs and outputs
of the efficiency model. Since a low weight indicates that all
the options perform equally, the one with the highest weight
is chosen. Using Eq. (6), we divide dq by the total of dq; the
result gives the weight wq.

wq =
dq∑Q
q dq

, ∀q (6)

In this study, 13 variables were grouped into five distinct
views: Liquidity, Asset usage, Leverage, Profitability, and
Valuation. The initial viewpoint to consider is Liquidity,
which encompasses the assessment of various financial
ratios, such as the current, quick, and cash ratios. The sub-
sequent view pertains to Asset usage, wherein the available
variables encompass asset and receivables turnover. The
third perspective pertains to the concept of Leverage, which
involves considering the factors of solvency ratio I and
solvency ratio II when making choices. The fourth aspect
pertains to Profitability, encompassing a range of factors such
as return on equity, net profit margin, and earnings per share.
Valuation constitutes the fifth perspective, wherein the avail-
able variables for consideration encompass the price-to-sales
ratio, price-to-book ratio, and price-to-earnings-per-share.
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In choosing the appropriate indicators for DEA, the selec-
tion of variables for input or output is determined by their
respective weights, which are calculated using SET.

C. INTEGRATED SET-DEA FOR EFFICIENCY ESTIMATION
One of the shortcomings of SET is its limitation in consider-
ing the objective or purpose of decision-making. To handle
this limitation, SET is integrated with DEA to create an
objective function. The selection of SET as a method for
reducing dimensionality is notably significant. SET-DEA is a
hybrid model for evaluating the performance level of stocks
using a combination of DEA and SET to increase the model’s
discerning power when used to assess the performance of the
DMUs. The required steps are presented as follows:
Step 1: The first step involves the establishment of clear

definitions for the inputs and outputs of the DEA method.
Variables are classified based on financial perspectives. The
first perspective is Liquidity, and the indicators in this
category include QR, CR, and CAR. The second perspective
is Asset usage, and the indicators in this category include AT
and RT. The third perspective is Leverage, and the indica-
tors in this category include SOL I and SOL II. The fourth
perspective is Profitability, and the indicators in this cate-
gory include ROE, NPM, and EPS. The last perspective is
Valuation, and the indicators in this category include PSR,
PBR, and PER. The most weighted indicator using SET
represents all the variables in each perspective.
Step 2: In the second step, selecting a suitable DEA model

is necessary by considering the orientation and assumptions
related to returns to scale. For this study, we have opted
to utilize an input-oriented DEA model that incorporates
the assumption of constant returns to scale (CRS). The
input-oriented DEA model posits that DMUs can decrease
their inputs while maintaining a consistent output level. The
assumption of CRS posits that DMUs function at an optimal
scale and that any proportional alteration in inputs will yield
a proportional alteration in outputs.
Step 3:The third step involves formulating the chosenDEA

model as a linear programming problem. In this paper, in a
similar manner to [50] and [51], the classical input-oriented
DEAmodel with CRS assumption is adopted as a basemodel,
which is expressed as model (M1).

Min 9CCR
o

s.t.
n∑

k=1

xjkλk ≤ ψCCR
o xjo, j = 1, 2, . . . ,m

n∑
k=1

ylkλk ≥ ylo, l = 1, 2, . . . , s

λk ≥ 0, k = 1, 2, . . . , n (M1)

ψCCR
o = the efficiency score of DMUo

xjk = the jth input of DMUk
ylk = the lth output of DMUk
λk = the assigned weight of DMUk
n = number of DMUs

m = number of inputs
s = number of outputs
Step 4: In the fourth step, the DEAmodel is solved for each

DMU by employing a linear programming solver. This work
uses the deaR package of R software to evaluate the efficiency
score of individual DMUs. The efficiency score of each DMU
varies between 0 and 1. A DMU is deemed efficient if its
efficiency score is equal to one, but a DMU is regarded as
inefficient if its efficiency score is less than one.
Step 5: In the fifth step of the analysis, the results are

interpreted by comparing the efficiency scores of various
DMUs. This process involves identifying the efficient DMUs
and those that exhibit inefficiencies.

D. UTILIZING IDEA TO RANK EFFICIENT STOCKS
IDEA technique is utilized to conduct inverse optimization by
maintaining the efficiency score of DMUs at a constant level.
IDEA has proven in recent years that it can handle difficult
decision-making situations. This involves adjusting the input
or output variables by a specific percentage to observe the
resulting changes in the related output or input variables.
The IDEA methodology offers a distinctive approach to rate
efficient DMUs by assessing their capacity for progress or
decline. If a DMU output is perturbed, the classical IDEA
problem asks for the necessary input level to keep the effi-
ciency score the same. The IDEA model seeks to determine
the necessary input level to reach a new level xo + 1xo =

ϕo that maintains DMU’s efficiency score after the output
is increased to yo + 1yo = βo. The following MOLP
model (M2) [50] can be used to achieve this goal:

min (ϕ1o, ϕ2o, . . . , ϕmo)

s.t.
n∑

k ̸=o

xjkλk ≤ ψCCRϕjo, j = 1, 2, . . . ,m

n∑
k ̸=o

ylkλk ≥ βlo, l = 1, 2, . . . , s

ϕjo ≥ xjo
λk ≥ 0, k = 1, 2, . . . , n. (M2)

Soleimani-Chamkhorami et al. [50] created the first IDEA
ranking model to rank Iranian banks. The IDEA implemen-
tation phase is carried out using Lingo software. The process
for implementing the IDEA method to rank efficient DMUs
consists of the following procedures:
Step 1: Normalization of inputs and outputs is required to

put all variables on a standard scale. By so doing, the effect
of noise and outliers are managed without compromising
stability and accuracy. We apply Eq. 7-8 to normalize both
the input and output variables.

x̄jk =
xjk

max x jk
(7)

ȳlk =
ylk

max ylk
(8)
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Step 2: The second step involves creating sets A and B to
categorize our DMUs into efficient and inefficient DMUs,
respectively, using the selected input-oriented CCR model.
In this study, we classify the DMUs with an efficiency score
of one as efficient while the remaining DMUs are inefficient.
Step 3: Step 3 involves formulating the IDEA model as a

linear programming problem, incorporating a constant per-
centage change denoted as c. Suppose all outputs of effi-
cient DMUs are increased by c % (where β = c) to give
Y+c%. Then, the corresponding increase in the input values
is calculated using the inverse optimization model (M3). For
mathematical proof, kindly refer to the work of [50].

ϕo = min ϕ

s.t.
n∑

k ̸=o

x̄jkλk ≤ x̄jo + ϕ, j = 1, 2, . . . ,m

n∑
k ̸=o

ȳlkλk ≥ ȳlo + c, l = 1, 2, . . . , s

x̄jo + ϕ ≥ x̄jo
λk ≥ 0, k = 1, 2, . . . , n (M3)

Step 4: The ranking order of DMUo where o ∈ setA is
computed using model (M3), sorted in descending order of
ϕ. Fig. 1 details the summary of steps and methods of the
proposed method.

IV. EMPIRICAL ANALYSIS AND DISCUSSION
This section comprehensively evaluates the proposed
SET–DEA–IDEA framework applied to 16 tourism-sector
stocks listed on the TWSE. The key findings reveal that the
SET method effectively reduced 13 financial variables to five
representative indicators, maintaining information richness
while addressing dimensionality concerns. The SET-DEA
model identified five stocks as efficient, each achieving an
efficiency score of 1, and provided benchmarks for improve-
ment among the remaining stocks. IDEA was subsequently
applied to rank these efficient stocks, revealing consistent
performance patterns and adaptability across various simu-
lated output increments. These findings highlight the practi-
cal value of the integrated approach for equity evaluation and
decision-making under uncertainty.

A. APPLICATION OF SET
SET methodology is applied to the datasets, and the results
are then analyzed and discussed. The entropy values and
corresponding weights for each financial ratio, categorized
by their financial perspective, are displayed in Table 2.

Liquidity is a crucial aspect in financial analysis, and
among the several liquidity ratios, QR holds particular sig-
nificance with a weight of 0.4629, rendering it the most
prominent variable within this category. While CR carries
a significant weight of 0.4074, it is surpassed by QR. The
CAR is assigned a weight of 0.1297, suggesting that it holds
relatively less importance in capturing the Liquidity of the

TABLE 2. Indicator selection using SET.

analyzed equities. Asset utilization is a crucial aspect to
consider, and the variable that has themost significance in this
regard is RT, which carries a weight of 0.8892. This weight
underscores the importance of RT in accurately reflecting
Asset utilization. AT exhibits a significantly reduced weight
of 0.1108. SOL II holds greater significance in the context
of Leverage, as indicated by its weight of 0.6940, compared
to SOL I, which carries a weight of 0.3060. In terms of
Profitability, the weight assigned to EPS is the greatest at
0.3370, closely followed by ROE and NPM, with weights of
0.3356 and 0.3275, respectively. In the context of Valuation,
PSR holds significant importance as the primary variable,
carrying a weight of 0.5952. PER and PBR carry weights
of 0.3052 and 0.0995, respectively, signifying their relatively
lower relevance when compared to PSR.

Using SET, the variables inside each perspective have been
appropriately sorted based on their weights. The weights
assigned to each variable offer an impartial assessment of
their significance, promoting a data-centric approach to vari-
able selection that is free from subjective biases. By employ-
ing a strategy of picking the variable with the highest weight
from each perspective, it is possible to efficiently decrease
the number of dimensions and eliminate redundancy in the
dataset. This approach guarantees that the most indicative
variables are picked for the study using DEA. This tech-
nique improves the efficiency of the evaluation process and
strengthens the ability to differentiate and withstand the
challenges of DEA. Based on the weights derived from
Table 2, the variables chosen for subsequent analysis are
QR, RT, SOL II, EPS, and PSR. The liquidity metric known
as the QR is utilized to assess the ability of a company to
meet its short-term obligations. Asset utilization is evaluated
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FIGURE 1. Summary of steps and methods.

throughRT ratio, whichmeasures the efficiency of a company
in collecting its accounts receivable. Leverage is analyzed
using SOL II, which provides insight into the proportion of
total liability and equity financing employed by a company.
Profitability is evaluated through the EPS metric, which
indicates the amount of earnings generated per outstanding
share of common stock. Lastly, the valuation metric known
as PSR is employed to assess the market value of a company
relative to its sales revenue. Table 3 depicts the final financial
ratios chosen for each DMU (stock) using SET.

Liquidity, as measured by QR: The stocks demonstrate a
diverse range of QR values, whereas DMU 4 (STOCK_ID
2706) stands out with an extraordinarily high QR of
1835.75 This observation indicates a robust short-term liq-
uidity position. On the other hand, DMU 13 (STOCK_ID
3252) exhibits the lowest QR of 51.51, suggesting possi-
ble difficulties in fulfilling immediate financial obligations.
Asset utilization, specifically RT, is a metric used to assess
the efficiency with which a company manages its accounts
receivable. The DMU 3 (STOCK_ID 2701) exhibits a notable
RT of 13329.78, indicating proficient handling of receivables.
Conversely, DMU 9 (STOCK_ID 2732) has a minimum
value of 8.56 for the variable RT. The concept of Leverage,

specifically SOL II, is a significant metric in financial anal-
ysis. DMU 11, identified explicitly by its STOCK_ID 2754,
exhibits the highest SOL II of 215.04, indicating substantial
financial Leverage. In contrast, DMU 3 (STOCK_ID 2701)
and DMU 4 (STOCK_ID 2706) exhibit significantly low
SOL II values of 16.25 and 16.20, respectively, suggesting
a diminished dependence on external financing.

Profitability, measured explicitly by EPS, is a key metric
to assess a company’s financial performance. The company
with the STOCK_ID 2707, known as DMU 5, demonstrates
a notable level of Profitability, as seen by its EPS of 17.09.
On the other hand, DMU 6 (STOCK_ID 2722) and DMU 4
(STOCK_ID 2706) exhibit the lowest EPS values, precisely
0.18 and 0.16, respectively. The valuation metric is repre-
sented as PSR. DMU 4, identified by its STOCK_ID 2706,
exhibits the most significant PSR of 28.47, indicating a
comparatively elevated valuation or market anticipation. The
DMU 1 (STOCK_ID 1259) exhibits a PSR value of 0.44,
which suggests a comparatively lower valuation in relation
to its sales.

The variables chosen for analysis were picked based
on their relevance as defined by SET. This selection pro-
cess ensures that the variables chosen provide a concise
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TABLE 3. Final datasets based on SET.

TABLE 4. Statistical representation of datasets.

yet complete depiction of each stock’s performance based
on financial perspective classification. Table 4 provides
the statistical description of the final datasets selected for
subsequent analysis.

B. SET-DEA
By using the package deaR in R software, the CRS-DEA
efficiency score of each DMU is evaluated. Individual DMU
efficiency score (ES) is shown using Table 5. The DMUswith
the highest level of efficiency, namely DMUs 3 (STOCK_ID
2701), 4 (STOCK_ID 2706), 5 (STOCK_ID 2707), 10
(STOCK_ID 2752), and 15 (STOCK_ID 5706), all exhibit
ES of 1. This observation suggests that the equities above
are positioned on the efficiency frontier, signifying their
superior efficiency compared to other stocks in the sample.

TABLE 5. Base model efficiency evaluation.

These stocks function as reference points for the remaining
equities within the dataset. The DMUs with moderate effi-
ciency ratings include DMU 6 (STOCK_ID 2722), DMU 7
(STOCK_ID 2723), DMU 8 (STOCK_ID 2729), DMU 9
(STOCK_ID 2732), DMU 13 (STOCK_ID 3252), DMU 14
(STOCK_ID 5704), and DMU 16 (STOCK_ID 9943). These
DMUs have efficiency values that fall between the range of
0.4 to 0.8. The efficiency of these stocks can be characterized
as modest, with identifiable opportunities for enhancement
to attain the efficiency frontier. The DMUs with the lowest
efficiency ratings, specifically DMU 1 (STOCK_ID 1259),
DMU 2 (STOCK_ID 1268), DMU 11 (STOCK_ID 2754),
and DMU 12 (STOCK_ID 2755), exhibit efficiency scores
below 0.3. The stocks in the sample exhibit a lower level of
efficiency and possess considerable potential for enhancing
their operational efficiency.

Table 5 presents a comprehensive overview of the compar-
ative efficiency of the selected tourism stocks within TWSE
during the financial year 2021. The efficiency scores obtained
through the DEA analysis provide crucial insights into the
operational performance of each stock compared to its coun-
terparts. Stocks that possess an efficiency score of 1 are
operating at their maximum potential, taking into account
the inputs and outputs involved. These equities have the
potential to function as benchmarks for other firms within the
same sector, offering valuable insights into optimal strategies
and streamlined operations. Conversely, equities exhibiting
efficiency scores below 1 possess potential opportunities for
enhancement. Through the examination of the disparities
between these companies and the benchmark stocks, stake-
holders can discern potential opportunities for operational
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FIGURE 2. Network graph of DMUs.

improvements and strategic modifications. The efficiency
scores serve as a basis for conducting additional analysis,
such as IDEA, which allows for ranking efficient DMUs and
provides more detailed insights into their performance. Fig. 2
displays the graphical results of DMUs efficiency analysis
using the deaR package of R software. Fig. 2 depicts an
efficiency graph and a network graph of efficiency evaluation.
The green circles symbolize the efficient DMUs, while the
red circles represent the inefficient ones. The graph illus-
trates the relationship between inefficient DMUs and efficient
DMUs in generating an efficient frontier.

C. IDEA
Table 6 and Fig. 3 display the findings of IDEA, where the
outputs of efficient DMUs were increased by varied percent-
ages (c = 1% to 10%), and the associated input growth rates
were estimated.

1) CONSISTENT RANKING
The rankings of the DMUs stay consistent throughout
all percentages of output increment. DMU 5, identified
by STOCK_ID 2707, routinely attains the top position
in rankings, signifying the highest rate of input growth.
This observation implies that when the level of outputs is
augmented, DMU 5 exhibits the highest degree of input
augmentation necessary to uphold its efficiency score of 1.
In contrast, DMU 10 (STOCK_ID 2752) continuously occu-
pies the lowest position in the rankings, suggesting the lowest
rate of input increase. The order of ranking from highest to
lowest is seen as DMU 5 > DMU 4 > DMU15 > DMU 3 >
DMU 10

2) GROWTH PATTERN
A positive correlation is observed between the percentage
rise in output and the corresponding growth rate in input
for all DMUs. This phenomenon is anticipated, as a larger

FIGURE 3. Input vs. Output growth curve.

increase in output typically necessitates a proportionately
greater augmentation in inputs in order to sustain the same
level of efficiency.

3) VARIABILITY IN INPUT GROWTH
The analysis of DMU 10 (STOCK_ID 2752) reveals a lack
of input growth, as seen by the negligible or non-existent
increase in output for increments of up to 5%. This implies
that DMU 10 has the capacity to accommodate higher levels
of production without necessitating extra resources, up to a
specific threshold. Nevertheless, it is essential to acknowl-
edge that even when the output increments are increased
to 6%, 7%, 8%, 9%, and 10%, the input growth for DMU
10 continues to exhibit little change.

Table 6 and Fig. 3 provide significant information on
the robustness and adaptation of the effective DMUs. The
IDEA analysis is a method that estimates the necessary
output growth to achieve a specific rise in input growth.
This approach provides valuable insights into how each
DMU might react to output variations. DMU 5, identified
by STOCK_ID 2707, exhibits a consistent pattern of leading
input growth. The need for a proportional increase in outputs
to achieve an increase in inputs renders it less flexible to
changes than other DMUs. In contrast, DMU 10 (STOCK_ID
2752) exhibits notable resilience. The capacity to man-
age higher outputs without substantial increases in inputs
implies the presence of untapped potential or resources, hence
enhancing its adaptability to changes. The robustness of the
IDEA method in assessing the adaptation and resilience of
the DMUs is highlighted by the constant rankings seen across
different output increments. In summary, it can be shown
that although all DMUs listed in Table 6 exhibit an initial
efficiency score of 1, their capacity to respond to increased
output capacity differs. IDEA analysis uncovers the adapt-
ability of the system, which offers supplementary insights
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TABLE 6. Ranking of stocks using SET-DEA-DEA.

TABLE 7. Dataset for sensitivity analysis.

to aid decision-makers in strategic planning and resource
allocation.

V. SENSITIVITY ANALYSIS AND MODEL COMPARISON
Sensitivity analysis is a reliable method for evaluating the
robustness and flexibility of a model [52]. The introduction of
additional input indicators from 3 to 7 increases complexity
and possibly redundancy, potentially affecting the efficiency
scores of the DMUs. This methodology will facilitate com-
prehension of the extent to which variations influence the
efficiency scores and rankings in the inputs of the model.
In this connection, we also augment the input values by 20%
while reducing the output values by 20%. The augmentation

of input variables results in heightened intricacy by subjecting
our model to unfavourable conditions. This experiment is
subjected to a sensitivity test to determine its impact on
efficiency scores and rankings. It assesses the model’s ability
to rank and evaluate DMUs rigorously. Table 7 gives the
new dataset based on the above conditions, while Table 8
details the efficiency scores of individual DMUs using the
new dataset.

The findings presented in Table 8 offer strong evidence in
favour of the feature reduction methodology utilized in this
investigation. The persistent retention of efficiency scores,
even when faced with more unfavourable conditions, serves
as a strong testament to the resilience of our SET-DEA-IDEA
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TABLE 8. Efficiency evaluation using a new dataset (Sensitivity data).

TABLE 9. Ranking of stocks using SET-DEA-IDEA (Sensitivity data).

model and the appropriateness of employing SET for dimen-
sionality reduction. The findings indicate that the initial
selection effectively captured the essential elements of the
DMUs’ performance; meanwhile, the new variables or value
revisions did not substantially impact the efficiency scores.
The consistency seen in this study enhances the credibility
of the research findings and underscores the reliability of
the utilized SET-DEA model. Table 9 displays the ranking
analysis of efficient stocks using SET-DEA-IDEA model,
where the outputs of efficient DMUswere increased by varied
percentages (c=1% to 10%), and the associated input growth
rates were estimated. Table 9 and Fig. 4 provide significant
insights into the resilience and adaptation of the efficient
DMUs in light of the revised conditions, where consistent

rankings were maintained as with the original dataset and
conditions. The observed rankings consistently hold over
various increments in output, indicating that the relative per-
formance of these DMUs stays constant, even when exposed
tomultiple unfavourable conditions. In summary, the findings
demonstrate robustness in ranking efficient DMUs across
different scenarios, reinforcing the reliability of the proposed
technique

Furthermore, a comparison test of the proposed SET-DEA-
IDEA technique is conducted against classical ranking meth-
ods such as cross-efficiency and super-efficiency. The results
of our model comparison are shown in Table 10. While all
threemodels consistently identify DMUs 3, 4, 5, 10, and 15 as
efficient, their relative rankings differ. For example, DMU
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FIGURE 4. Input vs. Output growth curve (Sensitivity data).

TABLE 10. Comparison of SET-DEA-IDEA model with other methods.

5 ranks first under both the cross-efficiency and proposed
methods but only third under super-efficiency, suggesting
the proposed method better captures its adaptability. DMU
15, conversely, holds the top position in the super-efficiency
model yet drops to second and third in the cross-efficiency
and proposed methods, respectively, implying that while it
performs well under static assumptions, its flexibility under
output variations may be more limited. Similarly, DMU
4 maintains a strong position (2nd) in the super-efficiency
and proposed methods but drops in rank under the peer-
sensitive cross-efficiency approach. This highlights potential
bias introduced by evaluator dependencies in cross-efficiency
models. The proposed SET–DEA–IDEA framework offers
distinct methodological advantages. Unlike super-efficiency
DEA, it avoids infeasibility issues, especially in small
sample environments. Compared to cross-efficiency mod-
els, it eliminates peer-based scoring bias and provides a
sensitivity-oriented ranking mechanism that evaluates how
efficiently DMUs can adapt to output changes. This per-
spective is particularly valuable in dynamic or crisis-prone
sectors such as tourism. Overall, the proposed model delivers
more stable, interpretable, and resilience-aware rankings,
demonstrating its superiority as a decision-support tool for
robust stock selection.

VI. CONCLUSION AND FUTURE RESEARCH
This study presents a novel, integrated SET-DEA-IDEA
framework that combines SET, DEA, and IDEA to evaluate

and rank equities within the Taiwan Stock Exchange (TWSE)
tourism sector. Unlike traditional methods that often rely
on subjective assessments or are vulnerable to infeasibility
and inconsistency under volatile conditions, our approach
offers a robust, objective, and reproducible model that sig-
nificantly enhances stock evaluation processes, particularly
under market disruption scenarios such as the COVID-
19 pandemic. The novelty of this research lies in its
first-time integration of SET, DEA, and IDEA into a uni-
fied model for stock analysis. SET is employed to address
the curse of dimensionality by objectively selecting the
most informative financial indicators across five key per-
spectives: Liquidity, Asset usage, Leverage, Profitability,
and Valuation. DEA then computes efficiency scores to
distinguish efficient from inefficient stocks, while IDEA
provides a sensitivity-based ranking mechanism that reveals
how well efficient stocks can adapt to incremental output
changes without compromising performance. This dynamic
assessment provides richer insights than static efficiency
evaluations.

Empirical results demonstrate that only five stocks out of
sixteen achieved an efficiency score of 1. These efficient
stocks were further analyzed using IDEA across ten output
increment scenarios, revealing consistent ranking behavior
and adaptability, underscoring the stability and strategic
value of the proposed model. Furthermore, sensitivity anal-
yses and comparative evaluations with super-efficiency and
cross-efficiency models confirmed the model’s resilience
and discriminatory strength, avoiding common pitfalls
like infeasibility and peer bias. From a practical per-
spective, this framework offers reliable decision support
for investors, policymakers, and portfolio managers, espe-
cially in crisis-prone or high-volatility sectors. It provides
actionable insights on which stocks are efficient and which
ones are flexible and robust under shifting market demands,
an invaluable advantage in today’s uncertain investment cli-
mate. Ultimately, this study establishes a scalable, data-driven
foundation for transparent, defensible, and high-precision
equity evaluation and ranking.

While this study contributes a novel and practical frame-
work for stock evaluation and ranking, several limitations
warrant consideration. First, the analysis is restricted to a
single sector (tourism) within TWSE during a specific time
period (2021). Although this sector was chosen due to its
heightened exposure to external shocks, the findings may
not be directly generalizable to other industries or broader
markets without further validation. Second, the use of annual
financial data limits the model’s responsiveness to short-
term fluctuations. Incorporating higher-frequency data (e.g.,
quarterly or monthly) could improve the model’s sensitiv-
ity to real-time changes in market conditions. Third, the
Inverse DEA model, though powerful in ranking efficient
units, assumes proportional changes in input/output behavior.
Future studies might explore non-radial or dynamic DEA
models to capture more complex production structures and
time-evolving efficiencies.
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Future studies could apply the proposed SET–DEA–
IDEA framework to cross-sectoral datasets, enabling broader
benchmarking and comparison. Additionally, integrating
machine learning and deep learning techniques such as ANN,
LSTM, Helformer, and TabNet [53], [54], [55], [56] could
enhance the framework’s predictive capability, allowing for
more proactive investment strategies. Finally, exploring the
utility of this model in portfolio optimization, ESG (environ-
mental, social, governance) investment screening, or in stress
testing financial systems under hypothetical crises would
significantly expand its practical relevance.
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