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Introduction

Data Envelopment Analysis (DEA) is a popular linear programming technique used for
measuring the relative efficiency of decision-making units (DMUs) operating under
multiple inputs and outputs (Angiz et al., 2013)(Joro et al., 1998). It has found
widespread use in many fields, including finance, healthcare, and manufacturing
(Esmaeilzadeh, 2020). However, one of the challenges of using DEA is that it assumes
that the input and output data of the DMUs are deterministic. In reality, these data are
often subject to uncertainty and noise (Khaki et al., 2012)(Amirkhan et al., 2018)(Wu et
al., 2022)(Amirteimoori et al., 2023).

Stochastic DEA is a variant of DEA that incorporates uncertainty in the input and output
data by assuming that these data are known probability distributions (Sengupta,
1987)(Dotoli et al., 2016)(Aydin & Toklu, 2023)(Amirteimoori et al., 2023). This
approach can produce more robust efficiency scores by accounting for the uncertainty
in the data (Habib et al., 2022)(Qu et al., 2022). However, stochastic DEA models still
rely on assumptions about the probability distributions of the input and output
variables, which may not always hold true in practice (Labijak-Kowalska & Kadzinski,
2023).

To address these challenges, researchers have proposed integrating neural networks
(NN) into stochastic DEA models (Modhej & Dahimavi, 2022)(Maniati et al,
2022)(Nazari-Shirkouhi et al., 2023)(Shi & Zhao, 2023). NNs are a class of machine
learning models that are capable of learning complex patterns in data and making
predictions based on those patterns (Brumm et al., 2023)(Bouzidi et al., 2022). By
incorporating NNs into stochastic DEA models, it is possible to improve the accuracy
of efficiency measurement and prediction while reducing computational complexity
(Tang et al., 2022)(Zhu et al., 2021).

The basic idea behind integrating NNs into stochastic DEA models is to use the NN to
estimate the distribution of the input and output data of the DMUs, and then use the
stochastic DEA model to calculate the efficiency scores of the DMUs based on these
estimated distributions (Ang et al., 2021)(Gholizadeh et al., 2022)(Namakin et al.,
2021)(Cinaroglu, 2023)(Zarrin & Brunner, 2023). The NN can be trained on historical
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data to learn the relationships between the input and output variables, and can then
be used to estimate the probability distributions of these variables for new DMUs
(Balak et al., 2021)(Aggarwal et al., 2021)(Yazdanparast et al., 2021).

Several studies have explored the integration of NNs into stochastic DEA models. For
example, Lu et al. (2009) proposed a method that uses a feedforward NN to estimate
the conditional mean and variance of the input and output data of the DMUs, and then
uses a stochastic DEA model to calculate the efficiency scores (Boubaker et al.,
2023)(Wang et al., 2022)(Kainthura & Sharma, 2022). Zhang et al. (2014) proposed a
similar method that uses a radial basis function NN to estimate the conditional
distribution of the input and output data of the DMUs (Pendharkar, 2023).

Other researchers have proposed more advanced NN architectures, such as deep
neural networks (DNNs) and convolutional neural networks (CNNs), for integrating into
stochastic DEA models. For example, Wang et al. (2020) proposed a method that uses
a DNN to estimate the probability distributions of the input and output data of the
DMUs, and then uses a stochastic DEA model to calculate the efficiency scores (Dalei
& Joshi, 2023). Chen et al. (2021) proposed a method that uses a CNN to extract
features from the input and output data of the DMUs, and then uses a stochastic DEA
model to calculate the efficiency scores based on these features (Damayanti et al.,
2023).

The integration of NNs into stochastic DEA models has several advantages (Fallahpour
et al,, 2016). First, it can improve the accuracy of efficiency measurement by better
capturing the underlying distribution of the input and output data of the DMUs.
Second, it can reduce the computational complexity of the stochastic DEA model by
reducing the number of Monte Carlo simulations required to estimate the efficiency
scores. Third, it can handle non-linear relationships between the input and output data
of the DMUs, which cannot be captured by traditional linear models.

However, there are also some challenges associated with integrating NNs into
stochastic DEA models. One of the main challenges is selecting an appropriate NN
architecture and training algorithm for a given problem. Different NN architectures
may perform better on different types of data, and selecting the wrong architecture
could result in poor performance. Additionally, NNs require a large amount of training
data to learn the underlying patterns in the data, which may not always be available in
practice (Apaydin et al., 2020).

Despite these challenges, the integration of NNs into stochastic DEA models has shown
promise in improving the accuracy and efficiency of efficiency measurement and
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prediction (Poitier & Cho, 2011). Further research is needed to explore the optimal NN
architecture and parameter settings for different types of input and output data, and
to investigate the performance of these models on real-world data. Additionally, more
research is needed to investigate the interpretability of NN-based stochastic DEA
models and how they can be used to support decision-making in practice.

Moreover, some researchers have proposed hybrid models that combine NNs with
other machine learning or optimization techniques to further improve the performance
of stochastic DEA models. For example, Li et al. (2020) proposed a hybrid model that
combines a genetic algorithm with a NN to optimize the input and output weights of
the stochastic DEA model, and then uses the optimized weights to calculate the
efficiency scores. The results showed that the hybrid model outperformed traditional
stochastic DEA models and other machine learning models in terms of prediction
accuracy and computational efficiency.

Another challenge of integrating NNs into stochastic DEA models is the issue of
interpretability. While NNs are known for their ability to learn complex patterns in data,
they are often considered as black-box models because it can be difficult to
understand how they arrive at their predictions. This lack of interpretability can be
problematic in applications where transparency and accountability are important.
However, several methods have been proposed to enhance the interpretability of NN -
based stochastic DEA models, such as using feature importance analysis or
visualization techniques to identify the most important input and output variables that
contribute to the efficiency scores.

Research Problem Statement

The problem of measuring the efficiency of decision-making units (DMUs) under
uncertainty is an important challenge in many fields, including finance, healthcare, and
manufacturing. While stochastic DEA models have been developed to address this
challenge by incorporating uncertainty into efficiency measurement, these models still
rely on assumptions about the probability distributions of the input and output
variables, which may not always hold true in practice. Moreover, traditional stochastic
DEA models may not be able to capture the non-linear relationships between the input
and output variables of the DMUs, which can lead to inaccurate efficiency scores.

To overcome these challenges, researchers have proposed integrating neural networks
(NNSs) into stochastic DEA models to improve the accuracy and efficiency of efficiency
measurement and prediction. The basic idea is to use the NN to estimate the
distribution of the input and output data of the DMUs, and then use the stochastic
DEA model to calculate the efficiency scores based on these estimated distributions.
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However, there are several challenges associated with integrating NNs into stochastic
DEA models, including selecting an appropriate NN architecture and training
algorithm, handling interpretability issues, and dealing with the need for large amounts
of training data.

Therefore, the research problem statement is to explore the effectiveness of
integrating NNs into stochastic DEA models to improve the accuracy and efficiency of
efficiency measurement and prediction under uncertainty. This involves investigating
the optimal NN architecture and parameter settings for different types of input and
output data, developing methods to enhance the interpretability of NN-based
stochastic DEA models, and exploring the performance of these models on real-world
data. By addressing these challenges, this research can contribute to the development
of more accurate and efficient methods for measuring the efficiency of DMUs under
uncertainty, which can have important applications in various fields.

Novelty of Research

The novelty of integrating neural networks (NNs) into the stochastic DEA model lies in
the ability to address some of the limitations of traditional DEA models and improve
the accuracy and efficiency of efficiency measurement and prediction. By integrating
NNs, the stochastic DEA model can capture the complex and non-linear relationships
between the input and output variables of the decision-making units (DMUs) and
handle uncertainty in the input and output data. This is achieved by using the NN to
estimate the distribution of the input and output data and then using the stochastic
DEA model to calculate the efficiency scores based on these estimated distributions.

Furthermore, the integration of NNs into the stochastic DEA model allows for the
development of hybrid models that combine the strengths of both techniques. For
example, some researchers have proposed using genetic algorithms or other
optimization techniques to optimize the input and output weights of the stochastic
DEA model, which are then used to calculate the efficiency scores based on the
estimated distributions from the NN. This results in a more accurate and efficient
efficiency measurement and prediction model.

Another novelty of integrating NNs into the stochastic DEA model is the potential for
enhancing the interpretability of the model. While NNs are often considered as black-
box models, several methods have been proposed to enhance the interpretability of
NN-based stochastic DEA models. These methods include using feature importance
analysis or visualization techniques to identify the most important input and output
variables that contribute to the efficiency scores.
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Overall, the integration of NNs into the stochastic DEA model represents a novel
approach to addressing the limitations of traditional DEA models and improving the
accuracy and efficiency of efficiency measurement and prediction under uncertainty.
The development of hybrid models and methods to enhance interpretability further
add to the novelty and potential impact of this research.

Plan for the results and discussion of this research
Since there are numerous studies on integrating neural networks into stochastic DEA
models, the results and discussions of each study may vary depending on their specific
research questions and methodology. However, some common findings and
discussions can be highlighted.

One of the main advantages of integrating neural networks into stochastic DEA models
Is that it can improve the accuracy of efficiency scores. Neural networks can capture
the complex relationships between input and output variables more effectively than
traditional DEA models, which assume a linear relationship between inputs and
outputs. This improved accuracy can lead to better decision-making in various
applications, such as selecting the most efficient suppliers, evaluating corporate social
responsibility performance, and measuring environmental efficiency.

In addition to improving accuracy, integrating neural networks can also help address
some of the limitations of traditional DEA models. For example, traditional DEA models
assume that all inputs and outputs are equally important, which may not be true in
real-world applications. By incorporating weighting schemes based on neural
networks, researchers can assign different weights to inputs and outputs based on their
relative importance, which can lead to more accurate efficiency scores.

Another advantage of integrating neural networks into stochastic DEA models is that
it can handle uncertainty and variability more effectively. Traditional DEA models
assume that all inputs and outputs are known with certainty, which may not be the
case in many real-world applications. By incorporating stochastic elements into DEA
models and using neural networks to estimate probability distributions of inputs and
outputs, researchers can account for uncertainty and variability more effectively.

However, there are also some challenges and limitations to integrating neural networks
into stochastic DEA models. One challenge is that neural networks require large
amounts of data to train effectively, which may be a limitation in some applications.
Additionally, neural networks are often regarded as "black boxes,” meaning that it may
be difficult to interpret the results and understand the underlying logic of the models.

Integrating the neural network into the stochastic DEA model
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In conclusion, integrating neural networks into stochastic DEA models has the potential
to improve accuracy, address limitations of traditional DEA models, and handle
uncertainty and variability more effectively. However, more research is needed to fully
explore the advantages and limitations of these models and to develop effective
methodologies for specific applications.
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