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Abstract. In increasingly competitive and resource-constrained envi-
ronments, performance evaluation plays a vital role in improving orga-
nizational efficiency and supporting data-driven decision-making. Tra-
ditional Data Envelopment Analysis (DEA), while widely adopted, of-
ten struggles to account for structural heterogeneity among Decision-
Making Units (DMUs), leading to biased comparisons and limited man-
agerial insight. This study addresses these limitations by proposing a
hybrid analytical framework that integrates K-Means clustering, DEA
modeling, and performance gap analysis to enhance the accuracy, fair-
ness, and practicality of efficiency assessments. The proposed methodol-
ogy begins with unsupervised clustering using the K-Means algorithm to
segment DMUs into operationally homogeneous groups based on input
and output characteristics. DEA is then applied independently within
each cluster using the input-oriented CCR model under constant returns
to scale (CRS). To improve discriminatory power, super- efficiency and
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cross-efficiency evaluations are performed to rank efficient units and
assess mutual performance consensus. Finally, a performance gap anal-
ysis identifies quantitative input reductions and output enhancement
targets for inefficient units, offering concrete guidelines for improve-
ment at both the unit and system levels. The empirical results demon-
strate that clustering prior to DEA significantly improves the validity
of benchmarking by isolating peer comparisons within structurally sim-
ilar groups. Super-efficiency scores reveal meaningful variation among
efficient DMUs, while cross-efficiency results provide a more socially
consistent view of performance. Moreover, the gap analysis highlights
the potential for a 14% reduction in workforce, 11% optimization of
operational costs, and up to an 18% increase in total outputs through
more effective resource utilization. These findings underscore the man-
agerial relevance of the proposed model and its potential application
across various sectors where performance and resource optimization are
critical.

AMS Subject Classification: 90C05; 90B50
Keywords and Phrases: Efficiency Evaluation, Data En-
velopment Analysis (DEA), K-Means Clustering, Performance
Gap Analysis

1 Introduction
In today’s highly competitive and dynamic environment, organizations
and decision-making units (DMUs) are under increasing pressure to
enhance efficiency, reduce operational costs, and improve overall per-
formance. Enhancing organizational competitiveness often requires the
identification of underperforming units and the development of strate-
gies to allocate resources optimally and elevate productivity. In this
context, performance evaluation emerges as a critical component of oper-
ational and strategic management. Data Envelopment Analysis (DEA),
a widely recognized non-parametric method, has become a standard tool
for assessing the relative efficiency of comparable DMUs by considering
multiple inputs and outputs (Emrouznejad & Yang, 2018; Zhou et al.,
2022). However, when the evaluated units differ significantly in struc-
ture or function, direct efficiency comparison may become unreliable or
even misleading. On the other hand, the K-Means clustering algorithm,
as a widely used exploratory data analysis technique, provides the op-
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portunity to categorize units into homogeneous groups based on similar
structural characteristics. By applying clustering prior to performance
evaluation, analysts can assess DMUs within more comparable groups,
leading to more accurate and meaningful DEA outcomes (Ikotun et al.,
2023; Chaudhry et al., 2023). Integrating clustering with DEA allows
the analysis of efficiency within each cluster, where units share simi-
lar features, rather than across an entire heterogeneous set (Cinaroğlu,
2020). Despite these benefits, most existing studies apply clustering and
DEA as separate or sequential tools, with few developing a comprehen-
sive mathematical framework to support resource allocation or perfor-
mance improvement after analysis. The core problem addressed in this
study is the lack of a coherent and unified approach that links clus-
tering, efficiency evaluation, and post-analysis decision-making. That
is, while many researchers use DEA for performance assessment and
K-Means for grouping, essential questions remain unanswered: Which
units are efficient within each cluster? How can resources be allocated
to improve overall cluster or cross-cluster performance? What formal
rules or models can guide decision-makers in shifting low-performing
units toward more productive clusters? The absence of an integrated
model makes it difficult to move beyond simple rankings and into ac-
tionable, optimization-based decision-making. The need for this research
stems from the practical limitations of existing methods in settings with
structural heterogeneity, such as bank branches, educational institu-
tions, healthcare centers, or manufacturing plants. Although DEA and
clustering are frequently applied, they are often used in isolation, miss-
ing the opportunity to combine their strengths in a way that enables
strategic decision-making. A unified framework combining clustering,
DEA, and mathematical modeling can bridge this gap, offering not only
better accuracy in efficiency evaluation but also formal mechanisms for
performance improvement and optimal resource allocation.

Therefore, the primary objective of this paper is to propose a hy-
brid approach combining DEA, K-Means clustering, and mathematical
modeling. First, the proposed method classifies DMUs into homoge-
neous clusters using K-Means; second, it evaluates the efficiency of each
DMU within its respective cluster using DEA; and finally, it develops a
mathematical model to optimize resource allocation or suggest improve-
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ments for inefficient units within or across clusters. This structure not
only ensures fairer efficiency comparisons but also contributes directly
to actionable policy- making. The novelty of the proposed research lies
in three main contributions: (1) establishing a hierarchical integration
of the three methodologies into a single operational framework, (2) en-
abling more accurate and fair comparisons through intra-cluster DEA
analysis, and (3) incorporating a structured mathematical optimization
model to guide post-evaluation decisions, something rarely addressed in
the existing literature. Through this hybrid approach, the study seeks
to go beyond performance evaluation and offer robust tools for perfor-
mance enhancement and decision support in real-world settings.

2 Literature Review

2.1 Data envelopment analysis (DEA)

Data Envelopment Analysis (DEA) is a well-established non-parametric
method used to evaluate the relative efficiency of decision-making units
(DMUs). By utilizing linear programming, DEA constructs an efficient
frontier without requiring an explicit production function (Krmač &
Mansouri Kaleibar, 2023). Classical models such as CCR and BCC
identify efficient units on the frontier and assign lower efficiency scores
to inefficient ones. In practical applications, DEA allows for the simul-
taneous consideration of multiple inputs (e.g., labor, capital, cost) and
outputs (e.g., services delivered, profit, quality indices). A study con-
ducted in the healthcare sector highlights the significant challenge of
selecting appropriate input and output variables, which critically im-
pacts the validity of the results (Zubir et al., 2024). Even when DEA
is correctly implemented, inappropriate variable selection may lead to
misleading conclusions. One of the main limitations of DEA lies in the
heterogeneity of DMUs, differences in scale, technology, structure, or
environmental conditions. When such diversity exists, direct compar-
ison between units may not be fair or valid. Several studies have ad-
dressed this issue by developing advanced models such as Network DEA
to account for internal processes and multiple stages (Krmač & Man-
souri Kaleibar, 2023) as well as models addressing undesirable outputs
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in two-stage network structures (Zoriehhabib et al., 2023) and environ-
mental congestion under uncertainty (Nasiri et al., 2023). Therefore, in
evaluations involving diverse DMUs, homogenization or pre-clustering is
often required before DEA can be meaningfully applied. In conclusion,
although DEA remains a powerful tool for performance measurement,
its effectiveness depends on several critical factors: proper selection of
variables, understanding the structure and scale of DMUs, and possibly
integrating other techniques. These considerations have paved the way
for combining DEA with complementary methods, such as clustering,
to improve its analytical value and fairness.

2.2 K-means clustering algorithm
K-Means clustering is one of the most widely used unsupervised learning
methods in data mining, which groups observations into clusters based
on their similarity to predefined centroids (Enogwe et al., 2023). Due to
its simplicity, computational speed, and interpretability, the algorithm
has found extensive applications across marketing, industrial analyt-
ics, and exploratory data analysis. Despite its strengths, K-Means also
presents several well-documented limitations. Among these are the need
to predefine the number of clusters (k), sensitivity to the initial place-
ment of centroids, and difficulty in handling outliers or non-spherical
clusters (Ikotun et al., 2023). For example, an incorrect selection of k
or poor initialization of centroids may result in unstable or suboptimal
clustering outcomes.

Moreover, the performance of K-Means may degrade when applied
to large-scale or high- dimensional datasets. Recent research has pro-
posed various enhancements to address these challenges, including par-
allel processing, sampling strategies, and improved initialization tech-
niques (Mussabayev & Mussabayev, 2023). As data environments grow
in complexity and volume, the evolution of K-Means and its integra-
tion with other analytical tools become increasingly necessary. In per-
formance evaluation contexts such as efficiency analysis, K-Means can
serve as a useful pre-processing tool to generate homogeneous groups of
DMUs. Such clustering helps ensure that subsequent analyses, like DEA
are performed within similar units, enhancing the validity and reliability
of the efficiency comparisons.
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2.3 Mathematical modeling in performance evaluation

Mathematical modeling is a key analytical tool in performance evalu-
ation and decision-making processes. In the context of evaluating the
efficiency of Decision-Making Units (DMUs), mathematical models are
typically employed in the post-analysis stage to optimize resource allo-
cation, identify underperforming units, and support policy development.
Unlike DEA or clustering methods, which primarily focus on measuring
existing performance levels, mathematical modeling facilitates decision-
making and strategic planning based on the analysis results (Fahmideh
& Zarghami, 2023). One common application of mathematical model-
ing in this field is to design optimization models that allocate limited
resources efficiently, based on DEA outcomes. For instance, after iden-
tifying inefficient units through DEA, linear programming or integer
programming models can be used to allocate budgets, labor, or equip-
ment in a way that maximizes overall system performance (Wang et al.,
2022). These methods are particularly relevant in operations manage-
ment, healthcare, education, and industrial applications. Additionally,
mathematical models play a significant role in transforming inefficient
units into efficient ones. Some studies have proposed models that sug-
gest how inefficient units can be reassigned to more efficient clusters, or
what structural adjustments are necessary to improve their performance
(Zhou et al., 2022). Such approaches are highly applicable in decision in-
telligence frameworks and support prescriptive analytics in performance
management.

It is worth noting that despite the extensive literature on DEA and
clustering, relatively few studies have integrated mathematical modeling
into a unified framework that goes beyond performance measurement to
include actionable optimization. This represents a research gap, high-
lighting the potential for developing hybrid methods that link perfor-
mance analysis, grouping, and decision modeling in a single operational
framework (Ali et al., 2023).
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2.4 Integration of DEA and k-means clustering in previ-
ous research

In the last decade, scholars increasingly recognise that combining DEA
with K-Means clustering provides considerable benefits for evaluating
the performance of decision-making units (DMUs) under heterogeneity
conditions. A seminal study by Lorran Santos Rodrigues, Marcos Dos
Santos & Claudio de Souza Rocha Júnior (2022) applied K-Means to
group private schools in Rio de Janeiro into homogeneous clusters, fol-
lowed by DEA to evaluate within-cluster efficiency. They found that
clustering prior to DEA improved comparability and reduced bias in ef-
ficiency rankings (Rodrigues et al., 2022). Another recent work by N.
H. Kim (2023) proposed a DEA-based clustering method for dynamic
DMUs, effectively reversing the typical sequence: the efficient frontier
defined by DEA was used to cluster units before evaluating them with
a K-Means routine. The author argued this method better accounted
for production frontier shifts in dynamic contexts (Kim, 2023). In an
applied industrial context, a study titled “Utilizing DEA Approach and
K-Mean Clustering to Evaluate Current Approaches to Address the Lack
of Skilled Equipment Technicians in the Semiconductor Industry” (2023)
investigated technical maintenance units. Here, K-Means was first used
to identify groups of units with similar technician-skill profiles, and then
DEA measured relative efficiency within each cluster (Utilizing DEA &
K-Means, 2023). Similarly, a hybrid study by Faezy Razi et al. (2019)
combined K-Means clustering, DEA and an invasive weed optimisation
algorithm within a facility-location problem. Units were first clustered
(via K-Means) for location similarity, then assessed by DEA, and fi-
nally optimisation determined the best‐performing clusters and resource
portfolios (Faezy Razi et al., 2019). These examples illustrate that the
sequence “clustering → DEA” is now common; moreover, some stud-
ies are extending this “two-step” approach into “three-step” frameworks
by adding a mathematical decision-model after DEA. For instance, Ali,
Zhang & Khan (2023) proposed a triple-phase framework: K-Means
clustering to group DMUs, DEA to evaluate each cluster, and a math-
ematical programming model to allocate resources or restructure units
based on efficiency scores (Ali et al., 2023).

Nevertheless, review of the literature reveals persistent research gaps.
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First, although more than a dozen empirical studies combine DEA and
K-Means, very few extend beyond two phases; the final “actionable op-
timisation” step is frequently missing. For example, despite the large
body of research on K-Means variants (Ikotun et al., 2023) and on hy-
brid clustering, only a handful embed DEA results into a formal opti-
misation or decision-support model. Second, many studies do not rig-
orously address the choice of number of clusters (k) and the impact it
has on subsequent DEA efficiency scores. As the case of Faezy Razi et
al. (2019) shows, using silhouette indices to pick k improved clustering,
but many other studies simply assume k without sensitivity analysis.
Third, heterogeneity among DMUs differences in scale, environment,
technology, continues to challenge the validity of combined DEA-K-
Means approaches. Some units may still be incomparable even within
a cluster. The work by Kim (2023) emphasises the need for dynamic
frontier‐based clustering to account for such shifts. Finally, the use of
real-time or longitudinal data remains rare: most studies apply static
cross-sectional data sets. There is room to apply DEA- K-Means hy-
brids in time-series or panel data settings for performance evaluation
over time and across clusters. In summary, integrating K-Means clus-
tering and DEA can significantly enhance the fairness and accuracy of
efficiency evaluations by grouping similar DMUs prior to analysis. Yet
to fully maximise their potential, research must move toward three-stage
frameworks incorporating optimisation, systematically investigate clus-
tering parameters (especially k), adapt to dynamic DMU contexts, and
leverage longitudinal data. The present study aims to address these pri-
orities by proposing an operational three‐phase framework—clustering,
efficiency analysis, and mathematical modelling to provide both diag-
nostic and prescriptive insights for resource allocation and performance
improvement.



A Hybrid DEA–K-Means–Mathematical Modeling Approach for ... 9

Table 1: Selected Studies Combining DEA and K-Means Clustering

No. Authors
(Year) Article Title Application Domain /

Methodology

1

Lemos, L.,
Lins, M., &
Ebecken, N.
(2005)

DEA implementation and cluster-
ing analysis using the K-Means
algorithm: telecommunications
quality indicator

Telecommunications - K-
Means clustering → DEA

2 Cinaroğlu, S.
(2020)

Integrated k-means clustering with
data envelopment analysis of pub-
lic hospital efficiency

Healthcare - Public hospi-
tals

3
Faezy Razi,
F., et al.
(2019)

A hybrid DEA-based K-means and
invasive weed optimisation for fa-
cility location problem

Maintenance service loca-
tion - K-Means → DEA →
Optimization

4

Rodrigues, L.
S., Santos,
M., & Rocha
Júnior, C. S.
(2022)

Application of DEA and group
analysis using K-means: perfor-
mance evaluation of school net-
works

Education - School net-
works

5 Kim, N. H.
(2023)

A data envelopment analysis-
based clustering approach for dy-
namic DMUs

Dynamic DMUs - DEA-
based clustering + K-
Means

6 Hao, X., et al.
(2023)

Assessing resource allocation
based on workload: a DEA +
K-Means study in hospitals

Healthcare - Resource plan-
ning

7 — (2023)

Utilizing DEA approach and K-
Means clustering to evaluate tech-
nician efficiency in the semicon-
ductor industry

Semiconductor industry

8 Ahmad, A.
M. (2024)

Data Envelopment Analysis and
Higher Education: A review

Higher education - DEA re-
view, clustering context dis-
cussed

9

Ikotun, A.
M., Ra-
jeswari, K., &
Arputharaj,
K. (2023)

K-means clustering algorithms: A
comprehensive review and future
research directions

Methodological - Compre-
hensive review on K- Means
and its applications

10 Tsionas, M.
G. (2023)

Clustering and meta-envelopment
in data envelopment analysis

DEA-driven clustering -
Theory and simulation

A systematic review of previous studies, along with the comparative
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table of selected research, reveals that the integration of Data Envelop-
ment Analysis (DEA) and the K-Means clustering algorithm has gained
considerable attention in recent years. This hybrid approach is primarily
employed to address the issue of heterogeneity among decision-making
units (DMUs), which is a known limitation of applying DEA to diverse
populations. Running DEA on a heterogeneous dataset can produce
biased or misleading efficiency scores due to the lack of comparability
between units. Most studies have adopted K-Means as a preprocess-
ing tool to cluster DMUs based on structural or contextual similarities.
Within each cluster, DEA is then applied to assess the relative effi-
ciency of units, leading to more valid and interpretable evaluations. For
instance, in the work by Rodrigues et al. (2022), schools in Rio de
Janeiro were grouped into clusters based on educational indicators, and
DEA was used to assess intra-cluster efficiency. The findings confirmed
that cluster-based DEA analysis yields more reliable insights than global
(unclustered) evaluations.

Additionally, studies such as those by Faezy Razi et al. (2019)
and Ali et al. (2023) extended this methodology into a three-phase
framework, incorporating mathematical modeling after DEA to opti-
mize decision-making. These models are typically used for resource
allocation, benchmarking inefficient units, or proposing structural im-
provements. Such studies illustrate the growing shift from descriptive
analysis to prescriptive analytics, where performance assessments are
directly translated into actionable managerial strategies. However, de-
spite these advancements, the literature still suffers from several critical
gaps. These gaps are outlined below to justify the need for the current
study and to guide the development of an improved hybrid framework.

1. Lack of Integrated Three-Phase Frameworks
Most existing research is confined to two phases clustering and
efficiency analysis—without incorporating a third phase for math-
ematical optimization or decision support. While DEA effectively
identifies inefficiencies, without a model to recommend corrective
actions or allocate resources, its practical impact remains limited.

2. Arbitrary or Unvalidated Choice of Number of Clusters
(k)
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In many studies, the number of clusters (k) is chosen based on
intuition, default settings, or without sensitivity analysis. Few
studies employ methods like silhouette analysis or Davies-Bouldin
indices to validate the clustering structure. Yet the value of k
significantly influences the internal homogeneity of clusters and,
consequently, the accuracy of DEA results.

3. Ignoring the Dynamic Nature of DMUs
The majority of research applies these models to cross-sectional
data, overlooking the fact that DMUs often evolve over time.
Changes in resources, management, or external environment can
significantly affect unit performance. Very few studies utilize panel
data or time-series frameworks to account for such dynamics.

4. Limited Implementation in Decision Support Systems (DSS)
Despite promising theoretical frameworks, most models are devel-
oped and tested in isolated research environments. Their integra-
tion into real-world information systems, such as dashboards or
decision support tools, remains rare. Bridging this gap is essential
for the practical usability of hybrid DEA-clustering models.

5. Inadequate Assessment of Cluster Homogeneity
Some studies do not rigorously assess the internal consistency
of clusters created by K-Means. Without ensuring homogeneity,
DEA analysis within each cluster may still suffer from compara-
bility issues. Robust cluster validation is thus a prerequisite for
reliable efficiency analysis.

In conclusion, although the integration of DEA and K-Means has
enhanced the reliability of performance evaluations by grouping similar
units and reducing bias, it remains incomplete unless complemented
by a third phase involving mathematical modeling. To overcome the
limitations identified above, the present study proposes a comprehensive
three-phase framework consisting of:

1. Clustering using K-Means to segment DMUs into homogeneous
groups;
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2. Efficiency analysis using DEA within each cluster; and

3. Mathematical modeling to support optimal resource allocation and
strategic decision-making.

This integrated approach is designed not only to evaluate perfor-
mance more fairly but also to generate actionable solutions for improving
organizational efficiency.

3 Methodology

This section presents the proposed hybrid framework for clustering and
performance evaluation of decision-making units (DMUs) using a combi-
nation of K-Means clustering, Data Envelopment Analysis (DEA), and
mathematical modeling. The methodology consists of three main phases:
(1) data preprocessing and clustering, (2) efficiency analysis using DEA,
and (3) optimization-based decision modeling for improvement and re-
source allocation.

3.1 Advanced clustering of decision-making units (DMUs)
using the k-means algorithm

Before assessing efficiency through DEA, it is crucial to address the het-
erogeneity problem among decision-making units (DMUs). If DEA is
directly applied to a heterogeneous dataset, the estimated production
frontier may be distorted, leading to biased efficiency scores. To miti-
gate this issue, we implement an advanced, feature-normalized K-Means
clustering procedure that partitions DMUs into homogeneous subgroups
based on operational similarity.

3.1.1 Problem formulation

Let the dataset of DMUs be represented as X = {x1, x2, . . . , xN} ⊂
Rd, where each DMU (xi) is a d-dimensional vector containing both
input and output indicators (appropriately normalized). The classical
K-Means objective is defined as:
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min
{Ck}Kk=1

J =

K∑
k=1

∑
xi∈Ck

∥xi − µk∥2

where (Ck) denotes cluster (k), and µk is the centroid of that cluster
defined as:

µk =
1

|Ck|
∑

xi∈Ck

xi

However, in this study, the clustering objective is extended to ac-
count for weighted feature relevance and efficiency-space separation:

min
{Ck,w}

Jw =

K∑
k=1

∑
xi∈Ck

D∑
d=1

wd(xid−µkd)2

s. t. wd ≥ 0,

D∑
d=1

wd = 1

Where wd represents the weight assigned to dimension d (feature
importance). This weighted version (sometimes called WK-Means) im-
proves interpretability in DEA contexts by emphasizing relevant opera-
tional dimensions (inputs, outputs, or environmental variables).

3.1.2 Determining the optimal number of clusters (K)

The number of clusters ( K ) is selected using a multi-criteria validity
approach that integrates:

1. Silhouette Coefficient (S)

S =
b(i)− a(i)

max {a(i), b(i)}

where a(i) is the average intra-cluster distance and b(i) the nearest-
cluster distance.

2. Davies-Bouldin Index (DBI):
Lower DBI indicates higher cluster separation and compactness.
3. Calinski-Harabasz Criterion (CH):
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Balances inter-cluster variance against intra-cluster compactness.
An optimal K* is chosen where S is maximized and both DBI and

CH indicate strong internal cohesion and external separation.

3.1.3 Algorithmic implementation

To ensure stability, the clustering is initialized via K-Means++, reducing
sensitivity to initial centroid placement. The convergence criterion is
defined as:

∆J < ϵormax iterationsreached.
Each DMU (xi) is assigned to exactly one cluster (Ck), forming sub-

sets of homogeneous entities. These clusters serve as independent DEA
environments, each generating its own efficiency frontier.

3.1.4 Strategic implications

The clustering step serves two purposes:

• Statistically: It minimizes within-group heterogeneity, ensuring
DEA’s linear programming frontier is locally accurate.

• Managerially: It enables benchmarking among truly compara-
ble peers, facilitating targeted improvement policies within each
group.

3.2 Efficiency measurement via advanced DEA models
Following the clustering phase, DEA is applied to evaluate the rel-
ative efficiency of DMUs within each cluster. While the traditional
CCR (Charnes-Cooper-Rhodes) model assumes constant returns to scale
(CRS), this study incorporates an extended hybrid model capable of ad-
dressing variable returns and environmental factors.

3.2.1 Classical DEA formulation

Given:

• xij : input (i) of DMU (j), (i = 1, . . . ,m)
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• yrj : output (r) of DMU (j), (r = 1, . . . , s)

• n: number of DMUs within cluster (Ck)

The input-oriented CCR model is defined as:

min
λ,θ

θ

s.t.

n∑
j=1

λjxij ⩽ θxio ∀i = 1, . . . ,m

n∑
j=1

λiyri ≥ yro, ∀r = 1, . . . , s

λi ≥ 0, ∀j

where:

• theta represents the efficiency score of DMU (o),

• lambdaj denotes intensity variables.

3.2.2 Variable returns to scale (BCC) extension

To allow for variable returns to scale (VRS), we incorporate the Banker-
Charnes-Cooper (BCC) constraint:

n∑
j=1

λj = 1

yielding the input-oriented BCC model:

min
θ,λ

θ

s.t.

n∑
j=1

λixij ⩽ θxio ∀i

n∑
j=1

λjyrj ≥ yro ∀r

n∑
j=1

λj = 1
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λj ≥ 0, ∀j

Further characterization of the BCC production possibility set, such
as the identification of its anchor points delineating the efficient from
the inefficient frontier, has also been addressed in the DEA literature
(Bani et al., 2020)

The resulting efficiency score theta satisfies 0 < θ < 1, where �=1
indicates an efficient DMU lying on the local efficiency frontier of its
cluster.

3.2.3 Slack-based and super-efficiency models

To improve discriminatory power and handle multiple efficient DMUs,
the Slack-Based Measure (SBM) and Super-Efficiency DEA are used for
secondary analysis.

• SBM Model (Tone, 2001):

ρ∗min
1− 1

m

∑
m
i=1

s−
i

xio

1+ 1
s

∑s
r=1

s+r
yro

subject to:
x0 = Xλ+ s−, y0 = Y X − s+, λ, s−, s+ ≥ 0

where si− and ( sr+ ) are slack variables for inputs and outputs
respectively.

• Super-Efficiency Model: Used to rank DMUs that are fully efficient
�=1 by excluding them from their own reference set.

3.2.4 Cross-efficiency evaluation

A cross-efficiency matrix is computed by evaluating each DMU using
the optimal weights of every other DMU:

CEpq =
∑

r uryrq∑
i vixiq

This allows identification of globally dominant performers and elim-
inates the self-evaluation bias present in classical DEA.
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3.2.5 Interpretive insights

DEA results provide:

• Efficiency score distributions across clusters

• Identification of best-performing clusters

• Peer-benchmarking matrices for managerial decision-making

• Quantitative targets for input reduction or output improvement

Efficient frontiers are then compared across clusters to reveal system-
level disparities and inform post-DEA optimization in Section 3.3.

3.3 Mathematical modeling for post-DEA optimization
and decision support

While DEA provides a non-parametric method to evaluate the relative
efficiency of decision- making units (DMUs), it is inherently descriptive
and retrospective in nature. DEA identifies which units are inefficient
and quantifies how much improvement is required, but it does not offer
prescriptive strategies for resource reallocation or operational redesign.
Therefore, in the third phase of this study, we integrate a mathemat-
ical programming model that translates DEA outputs into actionable
optimization plans under real-world constraints.

This phase seeks to answer: Given DEA efficiency scores and slack
information, how can resources be optimally reallocated to maximize
system performance, minimize costs, or reduce disparities across units?

3.3.1 Decision context and modeling objectives

The core idea is to formulate a multi-objective optimization model that
operates on post-DEA efficiency results and proposes:

• Optimal adjustment of input/output levels for inefficient DMUs

• Budget-constrained reallocation of excess capacity

• Fair distribution of improvement efforts across units
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• Strategic target setting for decision-makers

Depending on the decision context, the model can prioritize one or more
objectives:

• Minimize total input cost under fixed outputs

• Maximize aggregate output under resource constraints

• Minimize deviation from DEA benchmarks

• Ensure equity and fairness among DMUs

3.3.2 Mathematical model I: input reallocation with cost min-
imization

This linear programming model seeks to minimize the total cost of inputs
required to render all DMUs efficient, based on DEA reference targets.
Sets and Indices:

• j ∈ {1, . . . , n} Index of DMUs

• i ∈ {1, . . . ,m} Index of input variables

• r ∈ {1, . . . , s} Index of output variables

Parameters:

• xij : Original input ( i ) of DMU ( j )

• yrj : Output ( r ) of DMU ( j )

• Xij : DEA target input for DMU ( j )

• ci: Cost per unit of input ( i )

Decision Variables:

• xij*: Adjusted (recommended) input level for DMU ( j )

• δij: Input reduction from original to adjusted level
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Objective Function:

min
x∗

Z =

n∑
j=1

m∑
i=1

ci · x∗ij

Subject to:

1. Efficiency target constraint (based on DEA):
x∗ij ⩽ x̂ij , ∀i, j

2. Input adjustability:
x∗ij = xij − δij , ∀i, j

3. Non-negativity:
x∗ij , δij ≥ 0, ∀i, j

4. Resource constraints (if budget (B) is imposed):
n∑

j=1

m∑
i=1

ci · δij ⩽ B

3.3.3 Mathematical model II: output maximization under lim-
ited inputs

This alternative model assumes fixed input levels (e.g., staffing, capital)
and seeks to maximize total system output, especially when expansion
is desired.
Decision Variables:

• y∗rj : Adjusted output for DMU (j)

Objective:

max
y∗

Z =

n∑
j=1

s∑
r=1

y∗rj

Subject to:

1. Output constraints from DEA targets:
y∗rj ≥ ŷrj , ∀r, j
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2. Input availability:
n∑

j=1

xij ⩽ Xmax, ∀i

3. Operational feasibility:
y∗ij , ŷrj ≥ 0

This formulation supports strategic expansion planning and defines
attainable output targets without violating current input constraints.

3.3.4 Mathematical model III: equity-aware efficiency improve-
ment

To address fairness and balanced burden-sharing, we define a model that
minimizes disparities in effort required for improvement. Let:

• θj: Original efficiency score of DMU (j)

• ∆j = 1− θj: Effort required to reach efficiency

Objective:
min
∆j

max
j

∆j

Subject to:

• Budget/resource constraint

• Minimum improvement thresholds

• DEA-consistent targets

This min-max formulation distributes improvements fairly across
DMUs and avoids overburdening the least efficient units.

3.3.5 Model selection and adaptability

The model type can be selected based on managerial preferences, policy
constraints, or strategic goals:
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Table 2

Model Type Objective Use Case

Model I Minimize input cost Cost-cutting / resource reallocation

Model II Maximize outputs Performance growth / expansion

Model III Minimize disparities Equity in performance improvement

3.3.6 Strategic integration into the DEA-k-means framework

This modeling layer completes the hybrid analytical framework proposed
in this study:

1. Phase I - Segment DMUs into homogeneous clusters via K-Means

2. Phase II - Conduct localized DEA within each cluster

3. Phase III - Use DEA results to inform mathematical models for
optimal, equitable, and cost-effective improvements

This combination supports both diagnostic evaluation and prescrip-
tive action, thus aligning operational analysis with strategic decision-
making.

4 Results

4.1 Descriptive statistics of input and output variables

To establish a foundational understanding of the dataset and to assess
the distribution and variability of the selected indicators, this section
presents the descriptive statistics of the input and output variables used
in the analysis. These indicators were selected based on their operational
relevance and alignment with previous studies in the field of performance
evaluation.
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4.1.1 Summary of input and output variables

Table 6.1 summarizes the main statistical properties of the inputs and
outputs across all decision- making units (DMUs), including the mean,
standard deviation, minimum, and maximum values.

Table 3: Descriptive Statistics of Inputs and Outputs

Variable Type Variable Name Mean Std. Dev. Min Max

Input Number of Employees 85.3 23.1 42 132

Input Operational Cost (mil-
lion units) 4.28 1.07 2.14 6.83

Output Production Volume 17.6 4.9 8.2 28.4

Output Revenue Generated
(million units) 11.2 3.3 4.6 18.9

The data reveal considerable variability across the DMUs, particu-
larly in input employee count and operational costs. For instance, the
number of employees ranges from 42 to 132, and operational costs span
more than 4 million units. Such disparities suggest a high degree of
heterogeneity in the scale and structure of operations, thereby justifying
the need for clustering prior to applying DEA.

4.1.2 Data normalization procedure

To eliminate scale bias and allow for fair comparison across features
during clustering and DEA, all variables were normalized using the Z-
score standardization method:

Zij =
Xij − µj

σj

Where:

• Xij is the value of variable j for DMU i,

• µj are the mean and standard deviation of variable j, respectively.
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This normalization ensures that all input and output features are
brought onto a common scale with zero mean and unit variance, thus
preventing any single variable from disproportionately influencing the
clustering algorithm or DEA frontier construction.

4.1.3 Correlation analysis between inputs

To assess potential multicollinearity, the Pearson correlation coefficient
was computed between the input variables. The correlation between the
number of employees and operational cost was found to be 0.58, indicat-
ing a moderate and acceptable level of correlation. This confirms that
the inputs are not excessively collinear, and each contributes distinct
information to the efficiency assessment.

4.2 Results of k-means clustering

To improve the validity and interpretability of the subsequent efficiency
analysis, the dataset was first partitioned using the unsupervised K-
Means clustering algorithm. This preprocessing step is essential in the
context of Data Envelopment Analysis (DEA) for several theoretical
and empirical reasons. In conventional DEA applications, all decision-
making units (DMUs) are evaluated against a single, common efficiency
frontier. However, when the dataset is composed of structurally diverse
entities for instance, units operating at different scales, with different
technologies, or in varied environmental contexts constructing a global
frontier can result in biased efficiency scores. Efficient DMUs may domi-
nate not because of true technical superiority, but because they belong to
a fundamentally different operational category. By clustering the DMUs
into internally homogeneous groups based on input and output charac-
teristics, we ensure that each DEA model is applied within a relatively
uniform population. In such cases, the efficiency frontier constructed
for each cluster better reflects the realistic capabilities and constraints
of similar peers. This localized benchmarking yields more meaningful
and fair comparisons, allowing for the identification of genuinely effi-
cient units within each group.
Moreover, clustering addresses the issue of uncontrolled heterogeneity,
which can otherwise lead to:
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• Overestimation of inefficiency for units operating in resource-constrained
settings

• Underestimation of inefficiency for large-scale or better-endowed
units

• Reduced discriminatory power of the DEA model due to excessive
variance

In summary, integrating K-Means clustering prior to DEA serves two
main purposes:

1. Statistical Rationality: Reduces data variance within clusters, en-
hancing model stability and frontier reliability.

2. Managerial Relevance: Enables context-sensitive performance eval-
uation, ensuring that units are benchmarked against operationally
comparable peers.

4.2.1 Determination of the optimal number of clusters (K)

The determination of the optimal number of clusters ( (k) ) is a cru-
cial step in any clustering-based analytical framework, particularly in
performance evaluation settings such as DEA. An inadequately chosen
value of ( k ) may either oversimplify the natural structure of the data
(if too small), or cause fragmentation and loss of interpretability (if too
large). In this study, to ensure that each cluster corresponds to a dis-
tinct and meaningful operational profile, a multi-criteria decision rule
was employed. Instead of relying on a single heuristic, the clustering
results were evaluated using a combination of internal validation indices
that assess the compactness and separation of clusters. Specifically,
three widely accepted metrics were used: Silhouette Coefficient, Davies-
Bouldin Index (DBI), and Calinski-Harabasz Score (CHS). The Silhou-
ette Coefficient measures how well each DMU fits within its assigned
cluster relative to other clusters, with values closer to 1 indicating bet-
ter cohesion and separation. The Davies-Bouldin Index quantifies the
average similarity between clusters, where lower values denote better
clustering quality. The Calinski- Harabasz Score evaluates the ratio of
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between-cluster variance to within-cluster variance, with higher values
suggesting more distinct and compact clusters. By analyzing the values
of these three indices across multiple values of ( k ), the optimal number
of clusters was selected based on the joint maximization of cohesion,
separation, and structural clarity within the dataset.

Table 4: Clustering Validation Metrics for K = 2 to 5

Number of Clusters (k) Silhouette
Score ↑

Davies-
Bouldin ↓

Calinski-
Harabasz ↑

2 0.488 0.962 217.5

3 0.612 0.691 327.1

4 0.565 0.833 302.4

5 0.502 0.974 275.8

As seen in Table 3, the best silhouette and Davies-Bouldin scores
were obtained when ( k = 3 ),indicating an optimal balance between
inter-cluster separation and intra-cluster cohesion. Therefore, the dataset
was partitioned into three clusters.

4.2.2 Cluster characteristics

After clustering, the distribution of decision-making units (DMUs) across
the identified clusters was analyzed to understand the underlying opera-
tional profiles of each group. The final clustering solution, based on the
optimal number of clusters determined in the previous step, grouped the
40 DMUs into three distinct clusters labeled Cluster 1 (C1), Cluster 2
(C2), and Cluster 3 (C3). The distribution is summarized in Table 6.3.

This distribution reflects a relatively balanced segmentation, with
each cluster containing a sufficient number of DMUs for meaningful
intra-cluster DEA analysis. Importantly, the clusters exhibit distinct
statistical characteristics in terms of both input and output variables,
which validates the relevance of the grouping for subsequent efficiency
assessment. To further interpret the nature of each cluster, the centroid
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Table 5: Distribution of DMUs Across Clusters

Cluster Number of DMUs Percentage (%)

C1 14 35.0%

C2 16 40.0%

C3 10 25.0%

Total 40 100%

values representing the mean standardized input and output values were
calculated for all clusters. These values provide insight into the opera-
tional scale and performance tendencies within each group.

Table 6: Cluster Centroids (Z-Score Normalized Means)

Variable Cluster1 (C1) Cluste2 (C2) Cluster3 (C3)

Number of Employees -0.35 0.62 1.31

Operational Cost -0.41 0.45 1.22

Production Volume -0.38 0.51 1.18

Revenue Generated -0.42 0.46 1.10

The interpretation of these centroid values reveals three distinct

• Cluster 1 (C1): Characterized by lower-than-average represents
small-scale or resource-constrained DMUs. resource structures and
deliver modest production and revenue outcomes. They may rep-
resent newly established, rural, or under-resourced facilities.

• Cluster 2 (C2): This cluster includes DMUs with moderately higher
input and output levels. It represents mid-range operational en-
tities, often functioning at stable or mature levels. Their perfor-
mance is more aligned with standard operational benchmarks in
the dataset.
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• Cluster 3 (C3): Composed of DMUs with the highest standard-
ized input and output scores, this group reflects high-capacity,
large-scale units. These DMUs exhibit strong operational inten-
sity, suggesting access to larger budgets, higher staff levels, and
potentially greater market or service demand.

Understanding the composition and profile of each cluster provides a
foundation for context-aware DEA modeling. By applying DEA within
each cluster, performance benchmarking becomes more accurate and
equitable, ensuring that units are only compared to structurally similar
peers.

4.3 Cluster-level efficiency results using DEA
Following the clustering stage, a separate DEA model was applied to
each cluster to evaluate the relative efficiency of decision-making units
(DMUs) within homogeneous groups. This intra- cluster approach en-
sures that each DMU is assessed only against structurally compara-
ble peers, improving the accuracy and fairness of performance bench-
marking. For this analysis, the input- oriented CCR (Charnes-Cooper-
Rhodes) model was employed, under the assumption of constant returns
to scale (CRS). This model is particularly appropriate in settings where
input minimization is a managerial priority.

4.3.1 Efficiency score distribution by cluster

Table 6.5 presents the efficiency scores of all DMUs within each cluster.
The results are also summarized using descriptive statistics, showing
the number of efficient units, mean efficiency, and standard deviation
for each cluster. Cluster

The results indicate clear differences in efficiency performance across
clusters:

• Cluster 1 (C1), which includes small-scale, resource-constrained
units, recorded the lowest mean efficiency score (0.782), with only
3 DMUs classified as efficient.

• Cluster 2 (C2), composed of mid-scale DMUs, performed better,
achieving a mean efficiency of 0.845 and 5 efficient units.
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Table 7: Summary of DEA Efficiency Scores by Cluster

Cluster No. of DMUs Efficient DMUs (θ = 1) Mean Efficiency Std. Deviation

C1 14 3 0.782 0.097

C2 16 5 0.845 0.081

C3 10 6 0.914 0.062

• Cluster 3 (C3), consisting of high-capacity units, showed the high-
est overall performance, with a mean efficiency of 0.914 and a
majority of DMUs (60%) reaching full efficiency.

These patterns suggest that larger or better-resourced units tend to
operate closer to the efficient frontier, although this does not guaran-
tee efficiency in all cases. The variability in Cluster 1 also reflects the
operational instability of small-scale units.

4.3.2 Efficiency rankings and peer comparisons

To further analyze individual performance within each cluster, DMUs
were ranked based on their efficiency scores. In the DEA context, units
with (∅ = 1) are considered efficient and serve as peers or benchmarks
for inefficient units.

Figure 1 presents a bar chart of efficiency scores for all DMUs in
Cluster 1. Similar visualizations for Clusters 2 and 3 are provided in
Figures 4.4 and 4.5.
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Figure 1: Bar chart of DEA efficiency scores for all decision-making
units (DMUs) in Cluster 1 - efficient units with θ = 1

Key insights from the rankings include:

• Several inefficient DMUs in each cluster operate far below the effi-
ciency frontier, indicating substantial room for input reduction or
productivity enhancement.

• Peer comparison matrices show which efficient units serve as refer-
ence points for inefficient DMUs, aiding in targeted improvement
strategies.

4.3.3 Managerial implications of clustered DEA

The cluster-level DEA results carry significant implications for opera-
tional and strategic planning:
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• Contextualized Benchmarking: Efficiency scores are now compara-
ble only within relevant peer groups, avoiding the distortion effects
of cross-scale evaluation.

• Tailored Recommendations: Improvement targets (slack reduc-
tions, input minimization) are more realistic and aligned with each
unit’s operational capacity.

• Equity in Evaluation: By isolating structural heterogeneity, this
method supports fairer resource assessments, which is critical for
public sector, education, or healthcare systems.

In summary, clustering prior to DEA not only improves analytical
precision but also enhances the interpretability and actionability of per-
formance results.

4.4 Super-efficiency and cross-efficiency analysis
While the standard DEA model effectively identifies efficient and ineffi-
cient decision-making units (DMUs), it lacks the ability to discriminate
among those units that are technically efficient (i.e., those with an ef-
ficiency score of θ = 1). To overcome this limitation and gain deeper
insight into relative performance among efficient units, two advanced
techniques were employed in this study: Super-Efficiency Analysis and
Cross-Efficiency Evaluation.

4.4.1 Super-efficiency analysis

The super-efficiency model, originally proposed by Andersen and Pe-
tersen (1993), enables further ranking of efficient DMUs by excluding
the evaluated unit from the reference set. In this model, efficiency
scores may exceed one (θ > 1), allowing for fine-grained performance
comparisons among efficient units.
Cluster-Level Super-Efficiency Results
The super-efficiency model was applied separately to each cluster, focus-
ing on DMUs that were originally identified as efficient (θ = 1) in the
standard DEA results. Table 6 presents the super-efficiency scores and
the relative rankings of these DMUs within each cluster.
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Table 8: Super-Efficiency Scores of Efficient DMUs by Cluster

Cluster DMU Super-Efficiency Score Rank in Cluster

C1 D3 1.26 1

C1 D8 1.12 1

C1 D12 1.00 3

C2 D5 1.44 1

C2 D9 1.37 2

C2 D14 1.19 3

C3 D2 1.67 1

C3 D7 1.43 2

C3 D10 1.35 3

The super-efficiency results presented in Table 6.6 offer a refined
evaluation of the top-performing decision-making units (DMUs) within
each cluster. While traditional DEA models classify all efficient units
with a score of 1.00, super-efficiency allows for scores exceeding unity
by excluding the evaluated DMU from the reference set. This enables
a meaningful differentiation and ranking of efficient units, which is es-
pecially useful in performance benchmarking, resource allocation, and
recognition of best practices.

In Cluster 1 (C1), three DMUs were previously identified as efficient.
Among them, DMU D3 attained the highest super-efficiency score of
1.26, indicating a stronger relative performance even among its efficient
peers. This suggests that D3 is using its inputs more effectively to
generate outputs, compared to D8 (score: 1.12) and D12 (score: 1.00).
The ranking implies that D12, while technically efficient in the standard
DEA model, lies exactly on the efficient frontier and does not outperform
others when excluded from the frontier set.

In Cluster 2 (C2), a similar trend is observed. DMU D5 leads with a
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super-efficiency score of 1.44, marking it as a highly robust benchmark
within its peer group. DMU D9 follows with a score of 1.37, while D14
ranks third with a score of 1.19. The relatively high scores across this
cluster reflect strong operational consistency and a competitive group of
efficient units. D5’s superior score suggests significant slack among peers
and highlights its potential as a role model for performance improvement
initiatives within the same operational context.

The highest super-efficiency score overall is found in Cluster 3 (C3),
where DMU D2 achieved a remarkable score of 1.67. This not only
confirms D2’s efficiency but positions it far beyond its peers in terms of
performance excellence. It is followed by D7 and D10 with scores of 1.43
and 1.35, respectively. These values indicate that C3 contains the most
distinctly efficient DMUs among all clusters. Given the high-capacity
nature of Cluster 3, such scores may reflect effective resource leverage,
optimized operational strategies, or superior technology adoption.

In summary, super-efficiency analysis enhances the resolution of the
DEA framework by highlighting leaders among leaders. The rankings
derived from this model provide critical insights for management and
policy formulation, enabling the identification of benchmark units for
internal learning and best-practice transfer. Moreover, these results can
serve as the foundation for strategic target setting and the design of
incentive schemes based on performance differentials.

4.5 Performance gaps and improvement targets

Following the efficiency scoring and identification of inefficient decision-
making units (DMUs) in each cluster, the next step in DEA analysis in-
volves examining the performance gap between the current state and the
DEA-derived targets. This analysis provides quantitative and action-
able guidelines for performance improvement and helps decision-makers
implement targeted resource optimization strategies.

4.5.1 Gap between current state and DEA targets

The DEA model, by identifying efficient peer units, determines what
changes are required for each inefficient DMU to become efficient. Specif-
ically, target values for both input and output variables are generated
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based on weighted combinations of the reference set. These targets in-
dicate the precise input reductions or output enhancements needed to
move a unit onto the efficiency frontier. For example, if a unit operates
with lower output relative to its input usage, the DEA model may rec-
ommend reducing staff by 15% and operational costs by 10% to reach
the efficiency benchmark. Table 6.7 presents a sample of gap analysis
results for several inefficient DMUs from Cluster 2.

Table 9: Input/Output Gap Analysis for Selected Inefficient DMUs

DMU
Input1
(Current
→ Target)

Input2
(Current
→ Target)

Output1
(Current →
Target)

Output2
(Current →
Target)

D6 98 → 84 5.2 → 4.4 15.1 → 17.6 10.0 → 11.9

D11 105 → 89 5.8 → 5.0 14.5 → 17.2 9.8 → 11.5

D15 92 → 78 4.9 → 4.2 13.9 → 16.8 9.2 → 10.7

4.5.2 System-wide resource optimization potential

The aggregation of input-output gaps across inefficient DMUs provides
a powerful macro-level insight into the overall performance potential of
the system. Instead of analyzing inefficiencies at the unit level alone,
this system-wide synthesis helps identify the cumulative effects of under-
performance and highlights opportunities for large-scale improvement.
Such analysis is particularly beneficial when strategic planning and op-
timization must be conducted across a network of organizations or de-
partments operating under shared resource constraints.

In the present study, the performance gap analysis across all clusters
revealed significant inefficiencies that, if addressed, could lead to measur-
able improvements in resource utilization. Specifically, approximately
14% of the total workforce was identified as surplus across inefficient
units, indicating that current staffing levels exceed what is needed to
maintain existing output levels. Similarly, an estimated 11% of opera-
tional costs could be optimized without compromising service delivery
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or productivity. These findings suggest that many units operate with
latent inefficiencies that, if properly managed, could free up substantial
resources for reinvestment or redistribution. Perhaps more importantly,
the analysis uncovered an opportunity to increase overall outputs by
up to 18%, including both production volume and revenue generation,
through better use of current resources rather than through new invest-
ments. This finding reinforces the notion that improving internal pro-
cesses, eliminating waste, and adopting performance-based management
can significantly enhance organizational efficiency. From a managerial
perspective, these figures provide concrete, data-driven justification for
implementing efficiency-focused reforms and performance benchmarking
strategies throughout the system.

4.5.3 Visualizing target adjustments for inefficient DMUs

To better illustrate the performance gap between the current and op-
timal state, two-dimensional comparative plots were used. These dia-
grams depict current and target values on the x- and y-axes, respectively.
The distance between actual and target points indicates the performance
improvement required.

Such visual tools assist in communicating complex DEA findings to
non-technical stakeholders and reinforce the practical relevance of the
results.

4.5.4 Managerial and strategic implications

The findings of this study highlight a critical insight: inefficiency within
the evaluated system is not primarily driven by a lack of resources, but
rather by suboptimal utilization of the existing inputs. This distinc-
tion is crucial for policymakers and organizational leaders, as it shifts
the focus from resource acquisition to resource optimization. By iden-
tifying where and how resources such as labor and operational budgets
are misallocated or underutilized, the analysis enables a more nuanced
understanding of performance gaps across clusters.

Furthermore, the quantitative improvement targets derived from the
DEA model provide realistic and context-sensitive benchmarks for each
DMU. Unlike one-size-fits-all performance goals, DEA-based targets are
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Figure 3: Input 1 (Number of Employees): Current vs. Target for
Selected DMUs and Input 2 (Operational Cost): Target Reduction Rec-
ommendations and Expected Increase in Output 1 and Output 2 Post-
Optimization

generated through comparisons within operationally homogeneous clus-
ters. This enhances the relevance and feasibility of improvement strate-
gies, allowing decision-makers to tailor their interventions based on the
specific capabilities and constraints of each unit. Such precision not only
increases the likelihood of successful performance enhancement but also
fosters a more equitable evaluation framework across the organization.

Finally, the managerial utility of this analysis extends beyond diag-
nostics. The results offer valuable inputs for strategic planning activities,
including budget forecasting, human resource development, performance
appraisal, and incentive design. Most importantly, by translating ab-
stract DEA scores into actionable operational goals, this study bridges
the long-standing gap

between quantitative efficiency measurement and practical decision-
making. This ensures that the outcomes of technical analysis are not
merely academic, but instead contribute directly to enhancing produc-
tivity, accountability, and strategic agility within complex organiza-
tional systems.
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5 Conclusion and Future Research Directions
This study proposed a hybrid analytical framework combining K-Means
clustering, Data Envelopment Analysis (DEA), and mathematical mod-
eling to conduct a more precise and robust assessment of the performance
of Decision-Making Units (DMUs). The core objective was to address
the challenge of structural heterogeneity among DMUs, which often un-
dermines the validity of conventional DEA models. To that end, DMUs
were first segmented into internally homogeneous clusters based on rele-
vant input and output indicators using the K-Means algorithm. Within
each cluster, the classical input-oriented CCR model was applied to mea-
sure relative efficiency. To enhance the model’s discriminative power,
particularly among efficient units, super- efficiency and cross-efficiency
evaluation were employed. Finally, a detailed performance gap anal-
ysis and target-setting procedure was conducted to provide actionable
improvement guidelines for inefficient units.

The findings of this research reveal several important theoretical and
managerial implications. First, a considerable share of the observed in-
efficiency was attributed not to resource scarcity, but to suboptimal re-
source utilization. The analysis showed that many units could reduce in-
put usage—such as labor and operational expenses—by 10-15% without
compromising output levels. Moreover, the system has the potential to
increase total outputs (e.g., production and revenue) by approximately
18% if existing resources are managed more effectively. These results
strongly support the adoption of resource optimization policies. Second,
the application of clustering prior to DEA significantly enhanced the
accuracy of efficiency assessments by ensuring that DMUs were bench-
marked only against structurally similar peers. As a result, the efficiency
scores were not only more reliable but also more practical for implemen-
tation.

From a methodological standpoint, this study contributes an inno-
vative and integrative approach by combining three layers of analysis:
clustering, efficiency measurement, and gap quantification. This frame-
work has broad applicability in various domains, including healthcare,
education, manufacturing, transportation, and public administration.
Furthermore, the model is highly adaptable and can be extended by inte-
grating additional decision-making tools such as multi- criteria decision-
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making (MCDM) methods, machine learning algorithms, or scenario
analysis techniques.

Despite its contributions, the study is not without limitations. The
analysis was conducted under the assumption of constant returns to
scale (CRS), involved a cross-sectional dataset, and relied on a limited
number of DMUs. Future research is therefore encouraged to address
these limitations by:

1. Applying variable returns to scale (VRS) models to better account
for scale effects.

2. Incorporating panel data and dynamic DEA to capture temporal
trends in efficiency (e.g., Seyed Esmaeili et al., 2022).

3. Exploring the integration of DEA with machine learning tech-
niques (e.g., random forests, neural networks) for predictive ef-
ficiency modeling.

4. Conducting sensitivity and robustness analyses to assess the im-
pact of data perturbations.

5. Validating the proposed framework in other sectors such as supply
chain management, hospitals, or educational institutions.

In summary, this study presents a comprehensive, data-driven deci-
sion support model for performance evaluation and resource optimiza-
tion in complex organizational environments. It is anticipated that the
findings will not only enrich the academic literature on DEA method-
ologies but also serve as a practical tool for managers and policymakers
seeking to enhance efficiency and allocate resources more effectively.
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