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 Efficiency assessment is vital to assessing decision-making units (DMUs) 
in numerous sectors. DEA is a prominent non-parametric efficiency 
assessment tool. Traditional DEA models assume deterministic inputs 
and outputs, ignoring real-world uncertainties and variability. To improve 
efficiency estimation, stochastic and robust optimization approaches can 
be integrated into DEA models. To improve efficiency estimation, we 
present a stochastic and robust optimization framework incorporating 
DEA. Probabilistic inputs and outputs allow stochastic optimization to 
account for uncertainty. The model can capture data variability and 
create stochastic DMU efficiency scores by adding probability 
distributions. For data uncertainties and outliers, the DEA model uses 
robust optimization. Robust optimization considers worst-case scenarios 
and minimizes extreme observations on efficiency estimation. This makes 
efficiency scores more resilient to data outliers and noise.  DEA models 
benefit from stochastic and resilient optimization. First, considering data 
uncertainties and fluctuations improves DMU efficiency representation. 
Second, eliminating outliers and extreme observations improves efficiency 
estimation. Third, efficiency scores help decision-makers make better, 
more informed choices. A case study in a specific industry shows the 
framework's efficacy. We compare classic and integrated stochastic-
robust DEA model outcomes. The integrated model provides more 
accurate and dependable efficiency estimates, helping decision-makers 
understand DMU performance. DEA models with stochastic and resilient 
optimization increase efficiency estimation. By considering uncertainties 
and outliers, this paradigm helps decision-makers evaluate DMUs in 
many sectors more accurately and reliably. 
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1. Introduction 
Data Envelopment Analysis (DEA) is a widely used methodology for measuring the efficiency of 
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decision-making units (DMUs) in various industries [1], [2],[3]. DEA is a non-parametric technique that 
compares the input-output relationship of DMUs to generate efficiency scores, which can be used to 
identify best practices and benchmark performance [4],[5],[6]. DEA models often assume that the input 
and output data are deterministic and free of errors. In reality, the data are often uncertain, noisy, and 
incomplete, which can lead to biased and inefficient efficiency estimates [7],[8]. This limitation has led 
to the development of Robust Stochastic Data Envelopment Analysis (RSDEA), which integrates both 
stochastic and robust optimization techniques into DEA models [9]. Stochastic DEA allows for the 
consideration of uncertainties in input and output data, such as measurement errors, random 
fluctuations, and missing data [10],[11],[12],[13]. It uses probabilistic models to generate efficiency scores 
that reflect the likelihood of achieving optimal performance under different scenarios of uncertain data 
[14],[15]. 

Robust optimization, on the other hand, aims to provide solutions that are insensitive to 
uncertainties and deviations from the data's assumptions [16],[17]. It uses worst-case scenario analysis 
to generate efficient and robust solutions that are immune to any possible deviation from the assumed 
model. By integrating both stochastic and robust optimization techniques into DEA models, RSDEA 
can generate more accurate and reliable efficiency estimates that reflect the uncertainties and variability 
in the data [18]. RSDEA models can be used to evaluate the performance of DMUs in various industries, 
such as finance, healthcare, and energy, where the data are often uncertain and noisy. The application 
of RSDEA can provide decision-makers with more robust and accurate information, leading to more 
informed decision-making and improved performance. 

RSDEA can be applied in different ways depending on the specific characteristics of the data 
and the problem at hand. One common approach is to use interval data, which defines a range of 
possible values for each input and output variable [19]. This allows for a more realistic representation of 
the uncertainties in the data, and RSDEA models can be used to generate efficient and robust solutions 
that are immune to any possible deviation from the assumed model. Another approach is to use a Monte 
Carlo simulation to generate multiple scenarios of uncertain data and apply a robust optimization 
approach to generate efficient and robust solutions that are insensitive to any possible deviations from 
the assumed model [20],[21]. RSDEA has been applied in various industries, such as healthcare, energy, 
finance, and education, to evaluate the efficiency and performance of DMUs under uncertain and 
variable conditions. For example, in healthcare, RSDEA has been used to evaluate the efficiency of 
hospitals and healthcare systems under different scenarios of uncertain data, such as patient volume, 
staffing levels, and medical supply availability. In finance, RSDEA has been applied to evaluate the 
efficiency of investment portfolios under different scenarios of uncertain data, such as stock prices, 
interest rates, and currency fluctuations. This can help investors and fund managers make more 
informed decisions and optimize their investment strategies. 

The integration of stochastic and robust optimization techniques into DEA models can lead to 
more accurate and reliable efficiency estimates, making RSDEA a promising approach for decision-
makers in various fields. The application of RSDEA can provide decision-makers with more robust and 
accurate information, leading to more informed decision-making and improved performance. 
We address this need by conducting an SLR on the use of stochastic and robust optimization techniques 
into DEA models to generate efficiency estimates. SLRs can provide a valuable summary of the current 
knowledge in the research area and allow the identification of existing knowledge gaps and, 
consequently, avenues for future research. 

This study contributes to the current literature on how stochastic and robust optimization 
techniques into DEA models can generate efficiency estimates by adding SLR to the prior in two ways. 
First, this study provides a thematically organized and up-to-date classification of previous studies with 
respect to their application areas, limitations, and recommendations. Second, based on the findings of 
the SLRs, we propose a synthesis framework to detail potential themes that require scientific attention 
to advance current knowledge. 

The field of Robust Stochastic Data Envelopment Analysis (RSDEA) is relatively new and 
rapidly evolving, with ongoing research aimed at improving the methodology and its applications. Here 
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are some potential themes that require scholarly attention to advance the current body of knowledge in 
RSDEA: Model development: There is still much room for innovation in developing new RSDEA models 
that can handle more complex and dynamic decision-making problems. For example, the development 
of models that can handle non-linear relationships between inputs and outputs, dynamic changes in 
the data, and multiple decision-makers or stakeholders. 

Model selection: The choice of RSDEA model and its parameters can have a significant impact 
on the efficiency estimates and decision-making outcomes. Further research is needed to develop 
guidelines and best practices for selecting the most appropriate RSDEA model for specific decision-
making problems. Data quality: The accuracy and reliability of the efficiency estimates depend on the 
quality of the input and output data. There is a need for further research on data pre-processing 
techniques, such as imputation, cleaning, and normalization, to improve the quality of the data and 
reduce the impact of outliers and missing data. 

Interpretability: RSDEA models generate complex and often high-dimensional results, making 
it challenging to interpret and communicate the efficiency estimates to decision-makers. There is a need 
for further research on visualization and communication techniques to improve the interpretability of 
RSDEA results and support informed decision-making. Application areas: While RSDEA has been 
applied in various industries, such as healthcare, finance, and energy, there is a need for further research 
on its applicability in other fields, such as environmental sustainability, social welfare, and public policy. 
Additionally, there is a need for comparative studies that evaluate the effectiveness and efficiency of 
RSDEA compared to other decision-making tools and techniques. Integration with other decision-
making tools: RSDEA is often used in combination with other decision-making tools and techniques, 
such as Multi-Criteria Decision Analysis (MCDA), to provide more comprehensive and robust decision-
making support. Further research is needed to explore the synergies and complementarities between 
RSDEA and other decision-making tools and techniques and develop integrated decision-making 
frameworks. These themes represent potential areas for future research that can contribute to advancing 
the current body of knowledge in RSDEA and improving its applications in real-world decision-making 
problems. 
 

Announcements 
The topic of this article is being carried out research on Computer Science Doctoral dissertation 
research at the University of North Sumatra, by Hengki Tamando Sihotang who will propose a new 
method, namely RSDEA (Robust Stochastic Data Envelopment Analysis). 
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