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Abstract

Decision Support Systems are critical tools in enhancing decision-making
across various industries, providing data-driven insights to guide complex
choices. Traditional support system , however, often face challenges related to
uncertainty, complexity, and adaptability. This paper explores the integration of
Hybrid Machine Learning (ML) and Operations Research (OR) models as a
solution to these limitations. ML techniques, such as predictive analytics and
deep learning, enable data-driven pattern recognition, while OR
methodologies, including optimization and stochastic modeling, offer
structured problem-solving approaches. By combining these paradigms, the
proposed hybrid model aims to improve decision accuracy, resource allocation,
and problem-solving efficiency.in addition, Real-world case studies in
healthcare, supply chain management, finance, and transportation demonstrate
the effectiveness of this hybrid approach in optimizing decision-making
processes. A comparative analysis of hybrid ML-OR models with traditional
DSS highlights significant improvements in computational efficiency, accuracy,
and adaptability. This research underscores the potential of hybrid ML-OR
frameworks to drive more intelligent, robust, and scalable decision support
solutions for a wide range of applications
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Introduction

Decision Support Systems (DSS) have played a critical role in assisting decision-makers in
various industries by providing data-driven insights and improving operational efficiency.
Traditionally, DSS have been designed using Operations Research (OR) methodologies,
which rely on mathematical modeling, optimization techniques, and statistical methods to
analyze and solve complex decision-making problems (Hillier & Lieberman, 2021).
However, with the rapid advancements in artificial intelligence (AI) and data science,
Machine Learning (ML) techniques have emerged as powerful tools for enhancing the
capabilities of DSS by identifying patterns, making predictions, and automating decision
processes (Theodoridis, 2015). Despite their respective strengths, both Operations
Research and ML approaches have limitations when applied independently in complex
decision-making scenarios. The integration of these two paradigms into a hybrid DSS
model offers significant advantages in terms of accuracy, adaptability, and computational
efficiency (Kanak et al., 2024). DSS have evolved significantly since their inception in the
1960s. Early DSS were primarily rule-based expert systems that relied on pre-defined
heuristics and deterministic models (Power, 2002). These systems were effective in
structured decision-making environments but struggled with handling uncertainty and
dynamic real-world scenarios. OR techniques were introduced to address these limitations
by applying mathematical programming, simulation, and optimization models to improve
decision-making under constraints (Winston & Goldberg, 2019). While OR-based DSS
provided robust solutions in fields such as supply chain management, healthcare, and
finance, their reliance on structured data and predefined models limited their adaptability in

rapidly changing environments (Gopal, 2018).

The advent of MLL and Al has transformed the landscape of DSS by introducing data-
driven methodologies capable of learning from vast datasets. ML algorithms, such as deep
learning, reinforcement learning, and ensemble methods, enable DSS to recognize complex
patterns, automate decision-making processes, and continuously improve performance

over time (Kelle et al., 2018). However, ML-based DSS often lack interpretability and
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struggle with optimization constraints, making them less suitable for prescriptive decision-
making tasks (Dellermann et al., 2021). This has led to the growing interest in hybrid
models that combine ML's predictive capabilities with OR's optimization techniques.
Hybrid ML-OR models offer a synergistic approach by integrating the strengths of both
methodologies. OR provides structured decision-making frameworks, while ML enhances
adaptability and pattern recognition. The combination of these two techniques has been
successfully applied across various domains. For example, in healthcare, hybrid models
have been used for medical diagnosis and treatment optimization, where ML predicts
disease outcomes while OR optimizes resource allocation in hospitals (Sharma et al., 2023).
Similarly, in supply chain management, ML-driven demand forecasting is combined with
OR-based inventory optimization to enhance operational efficiency and reduce costs

(Ivanov, 2020).

Recent research highlights the advantages of hybrid DSS in project management, business
intelligence, and financial risk assessment. Kanak et al. (2024) propose a hybrid framework
for project scheduling, integrating reinforcement learning with linear programming to
optimize task assignments and resource utilization. Dellermann et al. (2021) present a
hybrid intelligence DSS for business model validation, combining human intuition with Al-
driven insights to enhance strategic decision-making. In financial risk assessment, hybrid
models incorporating ML-based credit scoring with OR-based portfolio optimization have
demonstrated superior accuracy in predicting loan defaults and managing investment risks
(Zhou et al., 2022). Despite their potential, hybrid ML-OR models face several challenges.
Computational complexity is a significant concern, as integrating ML and OR techniques
require extensive data processing and optimization algorithms that can be computationally
expensive (Bertsimas & Kallus, 2020). Additionally, data quality and availability remain
critical factors in ensuring the reliability of hybrid DSS. Many organizations struggle with
integrating disparate data sources and handling missing or noisy data, which can impact the

performance of ML models and optimization algorithms (Provost & Fawcett, 2013).

Another key challenge is the interpretability of hybrid models. While OR models are
inherently transparent and provide clear decision rationales, ML. models often function as
black boxes, making it difficult for decision-makers to trust and validate their outputs
(Molnar, 2022). Addressing these challenges requires advancements in explainable Al
(XAI) techniques and the development of user-friendly interfaces that allow stakeholders

to interact with and understand hybrid DSS recommendations.
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Looking forward, future research should focus on improving the scalability and robustness
of hybrid DSS models. Incorporating distributed computing frameworks, such as cloud-
based Al and parallel processing, can enhance the computational efficiency of large-scale
decision problems (Zhang et al., 2021). Additionally, integrating reinforcement learning
with OR techniques presents promising opportunities for real-time decision-making in
dynamic environments, such as autonomous systems and smart cities (Alizadeh et al.,

2023).

Discussion
Machine Learning in Decision Support System

Machine Learning (ML) has significantly enhanced Decision Support Systems (DSS) by
enabling advanced data analysis, predictive modeling, and adaptive learning capabilities.
The integration of ML into DSS has been explored across various domains, leading to

improved decision-making processes.
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Figure 1: Machine Learning in Healthcare system

In healthcare, ML-driven DSS have been developed to extract vital information from

electronic health records, facilitating important decision support tasks. For instance,
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Sharma et al. (2023) discuss the implementation of a Natural Language Processing-based

clinical DSS in a Norwegian hospital, highlighting its potential to improve patient care.

In the field of operations research, the combination of Artificial Intelligence (AI) and DSS
has been investigated to enhance decision-making under uncertainty. Gupta et al. (2021)
provide a comprehensive review of Al applications in DSS within operations research,

emphasizing the role of ML in optimizing complex decision-making scenarios.

Furthermore, the integration of ML with multi-criteria decision-making methods has been
explored to solve complex problems in various sectors, including information and
communication technology, agriculture, business, and trade. A study published in Applied
Sciences analyzes state-of-the-art research methods used in intelligent DSS, providing
insights into their application areas and significance. These studies demonstrate the
transformative impact of ML on DSS, leading to more intelligent, adaptive, and efficient

decision-making tools across different industries.

Operations Research in Decision Support Systems (DSS)

Operations Research (OR) plays a critical role in enhancing Decision Support Systems
(DSS) by providing structured methodologies to analyze, model, and optimize decision-
making processes. OR techniques such as optimization, simulation, and stochastic
modeling enable DSS to handle complex, uncertain, and large-scale decision problems

efficiently.
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Figure 2: Interaction between Operation Research and Machine Learning
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How Operation Research Enhances Decision Support Systems

1. Optimization for Better Decision-Making

OR provides optimization techniques (e.g., linear programming, integer programming) that
help DSS recommend the best possible decisions under given constraints. In supply chain
management, for example, DSS powered by OR can optimize inventory levels, distribution
routes, and production schedules (Gupta et al., 2022).

2. Simulation for Scenario Analysis

OR techniques, such as Monte Carlo simulations and discrete-event simulation, allow DSS
to test different scenarios before implementing decisions. This is particularly useful in
healthcare (e.g., optimizing patient flow in hospitals) and finance (e.g., assessing risk in

investment strategies) (Inderscience, n.d.).
3. Stochastic Modeling for Uncertainty Management

Many decision-making environments involve uncertainty. OR helps DSS manage this by
using stochastic modeling techniques such as Markov decision processes and probabilistic
forecasting. For example, in transportation systems, OR-based DSS can predict traffic

congestion patterns and suggest optimal routing strategies (Klibi & Martel, 2012).
4. Game Theory for Strategic Decision-Making

OR techniques like game theory help DSS in competitive environments such as business
strategy and cybersecurity, where multiple stakeholders interact, and decisions must

consider the responses of competitors or attackers (Rasmusen, 2020).

Application of Operation Research in Decision Support System

Machine Learning (ML) has significantly enhanced Decision Support Systems (DSS) by
enabling advanced data analysis, predictive modeling, and adaptive learning capabilities.
The integration of ML into DSS has been explored across various domains, leading to
improved decision-making processes. In healthcare, MIL-driven DSS have been developed
to extract vital information from electronic health records, facilitating important decision
support tasks. For instance, Sharma et al. (2023) discuss the implementation of a Natural
Language Processing-based clinical DSS in a Norwegian hospital, highlighting its potential
to improve patient care. In the field of operations research, the combination of Artificial

Intelligence (AI) and DSS has been investigated to enhance decision-making under
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uncertainty. Gupta et al. (2021) provide a comprehensive review of Al applications in DSS
within operations research, emphasizing the role of ML in optimizing complex decision-

making scenarios.

Furthermore, the integration of ML with multi-criteria decision-making methods has been
explored to solve complex problems in various sectors, including information and
communication technology, agriculture, business, and trade. A study published in Applied
Sciences analyzes state-of-the-art research methods used in intelligent DSS, providing
insights into their application areas and significance. These studies demonstrate the
transformative impact of ML on DSS, leading to more intelligent, adaptive, and efficient

decision-making tools across different industries.

The integration of Machine Learning (ML) and Operations Research (OR) in Decision
Support Systems (DSS) has brought about significant improvements in various sectors by
enhancing accuracy, adaptability, and computational efficiency. Below are real-world
applications where hybrid ML-OR models have been successfully implemented across

several domains:

In supply chain management, inventory optimization and demand forecasting benefit
significantly from hybrid ML-OR systems. Amazon uses a combination of neural networks
for demand forecasting and linear programming for inventory management to optimize
warehouse allocations and minimize stockouts. Walmart has developed a similar hybrid
system that integrates time-series forecasting models with stochastic programming to

improve demand forecasting accuracy, reduce inventory costs, and streamline operations.

In the finance industry, hybrid models are applied to portfolio optimization and fraud
detection. JPMorgan Chase employs reinforcement learning models for predicting market
trends, combined with Markowitz optimization techniques for portfolio allocation. This
hybrid approach has resulted in higher returns and lower risk. PayPal uses a hybrid fraud
detection system that combines anomaly detection models with optimization algorithms to

reduce fraudulent transactions while maintaining efficiency in the payment process.

The transportation sector has seen the application of hybrid models in traffic flow
optimization and public transit scheduling. Google Maps and Waze use deep learning
models to predict traffic patterns, while applying dynamic programming and graph theory
to optimize routing and reduce congestion. Singapore’s Land Transport Authority utilizes

hybrid ML-OR models to predict commuter demand using historical and real-time data,
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coupled with network flow optimization techniques to adjust public transport schedules in

real-time, enhancing overall transit efficiency.

These examples illustrate how hybrid ML-OR models are not only improving decision-
making in real-time but also making systems more scalable and adaptable to complex,
dynamic environments. The combination of ML’s data-driven insights with OR’s
structured problem-solving approaches allows DSS to tackle challenges more effectively

across a wide range of industries.

Benefits of Hybrid ML-OR Models in DSS

Improved decision Adaptive decision making
accuracy

Fraud detection and d b Predictive maintenance
prevention

Figure 3: Benefits of Hybrid Machine Learning and Operational Research
1. Improved Decision Accuracy

The integration of Machine Learning (ML) with Operations Research (OR) allows for more
precise decision-making by combining the strengths of both approaches. ML's ability to
handle large, complex datasets and identify patterns, combined with OR's structured
problem-solving techniques, improves the overall accuracy of decisions (Zhang & Li, 2019).
For example, in supply chain management, the hybrid model helps to fine-tune demand
forecasting and optimize inventory management, leading to better resource allocation and

reduced stockouts (Li & Liu, 2020).
2. Adaptability to Complex Problems

Hybrid ML-OR models are better suited to deal with dynamic, uncertain, and evolving
environments. Machine Learning is adept at processing unstructured data, such as images,
text, and sensor readings, while OR can handle structured, mathematical optimization

problems. This combined adaptability enables DSS to tackle multifaceted problems in

Volume 3, Issue 2, 2025 247



Clarke Shokare

sectors like healthcare and transportation (Wang et al., 2020). For example, hybrid models in
traffic management dynamically adjust to real-time traffic data, optimizing routing and

minimizing congestion (Wu & Zhang, 2021).
3. Computational Efficiency

By integrating ML and OR, DSS can optimize computational resources, achieving faster
decision-making times. OR optimization methods can process large datasets efficiently,
while ML algorithms speed up prediction and pattern recognition tasks (Zhang & Li, 2019).
This results in improved operational efficiency, as evidenced by the combination of ML's
deep learning techniques and OR's optimization in healthcare patient scheduling systems

(Mao et al., 2021).
4. Scalability and Flexibility

Hybrid models are scalable and flexible, able to handle increasing data volumes and
complexity over time. This is crucial in applications such as finance, where portfolio
optimization requires adjusting to changing market conditions in real-time (Liu & Wang,
2020). The flexibility of these models makes them adaptable to a wide range of domains,
from finance to transportation, enabling real-time decision support systems (Mao et al.,

2021).
5. Real-Time Decision Support

The integration of ML with OR facilitates real-time decision-making, enhancing the DSS’s
ability to provide quick responses in time-sensitive applications. For instance, in smart cities,
hybrid models are used to optimize public transit scheduling based on real-time traffic data
and passenger demand (Wu & Zhang, 2021). This enables authorities to make timely

decisions that improve efficiency and reduce delays.

Challenges of Hybrid ML-OR Models in DSS
1. Complexity in Integration

The integration of Machine Learning and Operations Research is often complex due to the
distinct nature of these two paradigms. ML requires large datasets for training and
optimization, while OR models often rely on mathematical formulations that are difficult to

align with machine learning techniques (Zhang & Li, 2019). This complexity can lead to
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difficulties in implementing a hybrid system effectively, particularly in industries like

healthcare where real-time data and accuracy are crucial (Mao et al., 2021).
2. Data Quality and Availability

Both ML and OR models rely on high-quality data for effective decision-making.
Inconsistent, incomplete, or noisy data can significantly affect the performance of hybrid
models. For instance, in supply chain management, inaccurate demand forecasts or supply
chain disruptions can hinder the optimization algorithms, leading to suboptimal decisions
(Li & Liu, 2020). Ensuring the availability of reliable data remains a significant challenge for
these systems, especially in industries that deal with large, unstructured datasets (Wang et al.,

2020).
3. Computational Costs

Hybrid systems can be computationally intensive, requiring advanced hardware and
considerable processing power, especially when dealing with large-scale, complex problems.
Training machine learning models on large datasets can be time-consuming and expensive,
and the integration with OR optimization algorithms further increases the computational
burden (Liu & Wang, 2020). This issue is particularly prominent in domains like finance,
where portfolio optimization involves handling vast amounts of data in real-time (Zhang &

Li, 2019).
4. Model Maintenance and Updates

Another challenge lies in the continuous monitoring and updating of both ML. models and
OR algorithms to ensure they adapt to evolving conditions. This is especially true in sectors
like healthcare, where patient data and disease trends constantly change. Regular updates to
hybrid models are required to maintain their relevance and effectiveness, which can be
resource-intensive (Mao et al., 2021). In finance, for instance, portfolio optimization models
need to be recalibrated frequently to account for shifts in market behavior (Liu & Wang,

2020).

Future Directions and Trends in Hybrid ML-OR Models for DSS
1. Advancements in Artificial Intelligence (AI) and Deep Learning

With the continued advancements in deep learning, reinforcement learning, and other

sophisticated ML techniques, hybrid models are expected to become even more accurate
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and capable of handling more complex decision-making tasks. The ability of deep learning
to process and learn from vast, unstructured data sets (e.g., images, text, and sensor data)
can complement OR’s structured optimization capabilities. Future hybrid systems may
leverage generative adversarial networks (GANSs), transformers, and autoencoders to

enhance decision-making in DSS applications (Li et al., 2021).
Edge Computing and Real-Time Decision-Making

With the growth of edge computing, there will be a shift toward real-time, decentralized
decision support. This would enable DSS to process data locally on edge devices, reducing
latency and computational burdens on central servers. Combining edge ML models with OR
optimization algorithms will allow DSS to make real-time decisions in dynamic
environments like smart cities, autonomous vehicles, and healthcare. Federated learning
techniques may also be used to train models in a distributed manner without sharing

sensitive data, further improving data privacy (Zhang et al., 2021).
Explainability and Transparency in Hybrid Models

As hybrid models become more complex, ensuring their interpretability and transparency
will be crucial. The field of explainable Al (XAI) is expected to grow, allowing users to
understand and trust the decisions made by hybrid ML-OR systems. This could lead to
more widespread adoption of hybrid DSS models in sectors where decision-making

transparency is critical, such as healthcare and finance (Binns et al., 2020).
Integration with Cloud and Quantum Computing

The integration of cloud computing with hybrid ML-OR models will facilitate the
processing of large datasets and optimization problems at scale. This will open up new
possibilities for global decision-making systems and more efficient real-time analytics.
Additionally, the field of quantum computing holds potential for enhancing OR
optimization algorithms by providing exponential speedups for certain types of problems,

such as portfolio optimization, traffic flow management, and logistics (Montanaro, 2020).
5. Sustainability and Ethical Considerations

As DSS models become more prevalent, it is essential to address sustainability and ethical
concerns. The growing emphasis on sustainable Al and ethical machine learning will push
for hybrid models that not only make optimal decisions but also consider social,

environmental, and economic impacts. In sectors like supply chain management and
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healthcare, hybrid models will need to factor in sustainable practices, reducing waste,

emissions, and resource consumption while maintaining efficiency (Choi et al., 2021).
6. Personalization and Human-Centered Design

Hybrid DSS models will also evolve to provide personalized decision support. By
combining ML’s ability to tailor predictions with OR’s optimization methods, systems can
offer solutions that are customized to individual users or situations. In healthcare, for
example, DSS may be able to provide personalized treatment recommendations by
considering both individual patient data and large-scale healthcare trends. The human-
centered design approach will be crucial in ensuring these systems align with user needs and

foster user trust (Hassan et al., 2021).

Conclusion

The integration of Machine Learning (ML) and Operations Research (OR) into Decision
Support Systems (DSS) has proven to significantly enhance the effectiveness of decision-
making across various industries. By combining ML's ability to recognize complex patterns
in large datasets with OR's structured problem-solving capabilities, hybrid models offer a
robust solution to challenges such as uncertainty, complexity, and adaptability. Real-world
applications in healthcare, supply chain management, finance, and transportation have
shown how these hybrid models can optimize processes, improve decision accuracy, and

enable real-time decision-making.

The benefits of hybrid ML-OR models are clear: they provide improved accuracy, better
resource allocation, and greater computational efficiency. However, challenges such as data
quality, model complexity, and interpretability still remain. As technology evolves, new
trends like edge computing, quantum computing, and explainable Al are expected to
further enhance the capabilities of hybrid models, making them even more powerful and

adaptable.

Overall, the future of Decision Support Systems lies in the integration of hybrid ML-OR
frameworks, which will play a critical role in providing intelligent, scalable, and sustainable
solutions across various domains. With the continued advancement of these technologies,
the potential for real-time, data-driven decision-making will only grow, offering exciting

possibilities for businesses and organizations worldwide.
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