Jurnal Teknik Informatika C.I.T Medicom, 18 (1) (2026) 26-37

LIOCSCIENCE

Published by: Institute of Computer Science (IOCS)

Jurnal Teknik Informatika C.I.T Medicom

Journal homepage: www.medikom.iocspublisher.org

A Unified Artificial Intelligence and Stochastic Optimization
Framework for Decision-Making in Highly Complex Systems

Hengki Tamando Sihotang’, Galih Prakoso Rizky A2

1Sains Data, Universitas Pembangunan Nasional Veteran Jakarta
2 Sistem Informasi, Universitas Pembangunan Nasional Veteran Jakarta

Article Info

Abstract

Article history

Received : Feb 23, 2026
Revised : March 17, 2026
Accepted : Apr 13, 2026

Keywords:

Artificial Intelligence;

Stochastic Optimization;
Decision-Making Under Uncertainty;
Reinforcement Learning;

Monte Carlo Simulation.

Decision-making in highly complex systems is increasingly challenged by
uncertainty, dynamic environments, and the availability of large-scale,
high-dimensional data. Traditional optimization methods often lack
adaptability, while standalone Artificial Intelligence models struggle to
explicitly handle uncertainty in a principled manner. To address these
limitations, this research proposes a unified framework that integrates
Artificial Intelligence with Stochastic Optimization for enhanced decision-
making in complex and uncertain environments. The proposed framework
combines data-driven learning and probabilistic optimization within a
closed-loop architecture consisting of data input, Al-based prediction,
stochastic decision-making, and continuous feedback. Advanced Al
models, including deep learning and reinforcement learning, are employed
to extract patterns and generate predictive insights from real-time and
historical data. These outputs are then incorporated into stochastic
optimization models, which evaluate decisions under uncertainty using
probabilistic constraints and scenario-based analysis. The framework is
further strengthened by an adaptive feedback mechanism that
continuously updates both learning and optimization components.
Experimental evaluation demonstrates that the proposed approach
outperforms traditional optimization and pure AI models in terms of
decision accuracy, robustness under uncertainty, and adaptability to
dynamic environments. The framework also shows improved stability and
computational efficiency when applied to large-scale systems. Practical
applications in domains such as finance, logistics, and smart city
management highlight its real-world relevance. Overall, this research
contributes to decision science by bridging the gap between learning and
uncertainty modeling, providing a scalable and integrated solution for
intelligent decision-making in highly complex systems.
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The increasing complexity of modern systems has created significant challenges in decision-making
processes across various domains(Filip, 2008). Highly complex systems are typically characterized by
nonlinear interactions, interdependencies among multiple components, and continuous evolution
over time. These systems often generate large volumes of heterogeneous data and operate in
environments where uncertainty is unavoidable. Examples of such systems include financial markets,
where asset prices fluctuate unpredictably; smart grids, which require real-time balancing of energy
supply and demand; supply chain networks, involving multiple stakeholders and dynamic logistics;
and healthcare systems, where patient conditions and treatment outcomes are inherently uncertain.

Traditional decision-making methods are often inadequate in handling the demands of these
environments. One of the primary limitations is their inability to effectively manage high levels of
uncertainty, which may arise from incomplete information, stochastic processes, or external
disturbances(Grote, 2009). Additionally, these systems are highly dynamic, requiring continuous
adaptation to changing conditions, something that static or rule-based models fail to achieve. The
presence of large-scale and high-dimensional data further complicates the problem, as conventional
approaches struggle to extract meaningful insights efficiently and accurately.

To address these challenges, two major paradigms have emerged: Artificial Intelligence and
Stochastic Optimization. Artificial Intelligence focuses on enabling machines to learn from data,
identify patterns, and make predictions or decisions with minimal human intervention. Techniques
such as machine learning and deep learning have proven highly effective in processing large datasets
and adapting to new information(Boppiniti, 2020). In contrast, Stochastic Optimization provides a
mathematical framework for making decisions under uncertainty by incorporating probabilistic
models into optimization problems. While both approaches offer significant advantages, their
independent application often falls short in addressing the full complexity of real-world systems.

Decision-making in highly complex systems is fundamentally challenged by the presence of
uncertainty, incomplete information, and high-dimensional data. Uncertainty arises due to random
variations and unpredictable external factors, making it difficult to determine optimal decisions with
confidence. In many real-world scenarios, decision-makers must operate with incomplete or imperfect
information, further complicating the process(Hipel & Ben-Haim, 2002). Additionally, the high
dimensionality of the data involved introduces computational complexity and limits the effectiveness
of traditional analytical methods.

Existing approaches based solely on Artificial Intelligence or Stochastic Optimization are
insufficient to fully address these challenges. Pure Al models, although powerful in learning patterns
and making predictions, often lack explicit mechanisms to model uncertainty in a principled way. This
limitation can result in decisions that are sensitive to noise and less reliable in uncertain environments.
On the other hand, traditional optimization techniques, including stochastic optimization, are
effective in handling uncertainty but are limited in their ability to learn from large-scale data and adapt
to dynamic changes in real time.

This gap underscores the need for a unified approach that integrates the strengths of both
paradigms(Kaehne, 2017). Without such integration, decision-making systems will continue to face
limitations in accuracy, robustness, and adaptability when applied to highly complex and uncertain
environments.

The primary objective of this research is to develop a unified framework that combines Artificial
Intelligence and Stochastic Optimization for improved decision-making in highly complex systems.
This framework aims to leverage the data-driven learning capabilities of Al alongside the uncertainty-
handling strengths of stochastic optimization.

Specifically, this research seeks to enhance decision accuracy by utilizing Al models to extract
meaningful patterns and insights from large-scale data. It also aims to improve robustness under
uncertainty by incorporating stochastic optimization techniques that explicitly account for variability
and randomness in system behavior. Furthermore, the proposed framework is designed to increase
adaptability in dynamic environments, enabling continuous learning and real-time adjustment to
changing system conditions. Ultimately, this research aspires to bridge the gap between learning-based
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and optimization-based approaches, providing a more comprehensive and effective solution for
decision-making in complex systems.

Over the past decade, significant research efforts have been directed toward integrating data-
driven learning approaches with optimization techniques to improve decision-making in complex and
uncertain environments. Early foundational work by Warren B. Powell (2019) introduced a unified
framework for stochastic optimization, which consolidated multiple fragmented approaches into a
single modeling paradigm. This framework emphasized decision-making as a policy optimization
problem and highlighted the importance of sequential learning under uncertainty, thereby bridging
concepts from operations research and machine learning.

Building on this foundation, research has increasingly focused on combining Artificial
Intelligence with stochastic decision-making models. For instance, Saeid Sadeghi et al. (2021) explored
the application of Artificial Intelligence in optimization under uncertainty, demonstrating how
machine learning models can enhance predictive capabilities while improving optimization
performance in uncertain environments. Their work highlighted the complementary roles of Al and
stochastic methods but also noted the lack of fully integrated frameworks.

In the context of sequential decision-making, Igor Halperin (2022) proposed approaches
combining reinforcement learning with stochastic optimization, particularly in financial systems. This
research demonstrated how reinforcement learning can be used to approximate optimal policies in
high-dimensional environments, while stochastic optimization ensures robustness to uncertainty.
However, the integration remains domain-specific and computationally intensive.

Further advancements were made by Utsav Sadana et al. (2023), who conducted a comprehensive
survey on contextual optimization methods. Their study formalized the concept of data-driven
decision-making under uncertainty, identifying frameworks such as decision-focused learning and
predictive optimization. The authors emphasized the growing convergence between machine learning
and stochastic programming but pointed out challenges related to scalability, generalization, and real-
time applicability.

In applied domains, Razan A. H. Al-Lawati et al. (2020) developed two-stage stochastic
optimization frameworks for energy markets, demonstrating improved decision-making under
uncertainty through scenario-based modeling. Their work showed the effectiveness of stochastic
methods but also revealed limitations in adaptability when new data becomes available dynamically.

Existing research on decision-making in complex systems can be broadly categorized into two
main areas: Al-based decision systems and stochastic optimization methods. In the domain of Al-
based decision systems, techniques such as Reinforcement Learning, Deep Learning, and Explainable
Al have gained considerable attention(Mohseni et al., 2021). Reinforcement Learning enables agents
to learn optimal decision policies through interactions with the environment, making it particularly
suitable for sequential decision-making problems. Deep Learning, on the other hand, has
demonstrated exceptional performance in handling high-dimensional data and extracting complex
patterns. Meanwhile, Explainable Al aims to improve the transparency and interpretability of Al
models, which is crucial for building trust in automated decision systems. Despite these advancements,
Al-based approaches often lack robust mechanisms to explicitly handle uncertainty, limiting their
effectiveness in highly stochastic environments.

Stochastic optimization methods provide a complementary perspective by focusing on decision-
making under uncertainty. Techniques such as Markov Decision Process, Monte Carlo Simulation, and
robust optimization have been widely used to model and solve problems involving randomness and
variability(Rubinstein & Kroese, 2016). Markov Decision Processes offer a mathematical framework for
sequential decision-making under uncertainty, while Monte Carlo Simulation allows for the evaluation
of system performance through repeated random sampling. Robust optimization, meanwhile, focuses
on generating solutions that remain effective under worst-case scenarios. However, these methods
often rely on predefined models and assumptions, and they may struggle to scale effectively with large
datasets or adapt to rapidly changing environments.

A Unified Artificial Intelligence and Stochastic Optimization Framework for Decision-Making in Highly Complex
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Despite significant progress in both areas, several gaps remain in the existing literature (Miiller,
2016). One major limitation is the lack of integration between data-driven learning and uncertainty
modeling, which prevents the development of truly adaptive and robust decision-making systems.
Additionally, scalability remains a challenge, particularly when dealing with high-dimensional data
and complex system structures. Real-time decision-making is another critical issue, as many existing
methods are computationally intensive and not suitable for time-sensitive applications. Ultimately,
this research aspires to bridge the gap between data-driven intelligence and uncertainty-aware
optimization, contributing to more reliable and efficient decision-making processes across various
complex domains.

2. Research Methodology

2.1 Proposed Framework
The proposed framework represents a unified approach that integrates Artificial Intelligence and
Stochastic Optimization to enable robust and adaptive decision-making in highly complex systems.
The framework is designed to combine data-driven learning with uncertainty-aware optimization in a
closed-loop system, ensuring continuous improvement and responsiveness to dynamic environments.
a. Architecture of the Unified Framework

The architecture of the proposed framework consists of four main components: the input
layer, the Al component, the optimization component, and the feedback loop(Benardos &
Vosniakos, 2007). The input layer serves as the foundation of the framework by collecting and
preprocessing data from various sources. These data may include historical records, real-time
streaming data, sensor outputs, and external environmental variables. Given the complexity of
the systems under consideration, the input layer must be capable of handling high-dimensional,
heterogeneous, and potentially noisy data.

The Al component functions as the learning engine of the framework. It employs advanced
machine learning techniques, such as deep learning or reinforcement learning, to extract patterns,
generate predictions, and estimate system states. This component transforms raw data into
meaningful representations, such as forecasts, feature embeddings, or probabilistic estimates,
which are then utilized by the optimization module. The adaptability of the Al component allows
the system to continuously learn from new data and improve its predictive accuracy over time.

The optimization component acts as the decision engine. It leverages stochastic optimization
techniques to determine optimal or near-optimal decisions under uncertainty(Gupta, 2019). This
component incorporates probabilistic models and constraints to ensure that decisions remain
robust against variability in system behavior. By considering multiple possible scenarios, the
optimization engine produces decisions that balance performance objectives with risk
considerations.

The feedback loop connects the output of the optimization component back to the input
and Al layers. This mechanism enables continuous learning and adaptation by updating the Al
model based on the outcomes of previous decisions. It also allows the system to refine its
understanding of uncertainty and improve decision quality over time. The feedback loop is
essential for maintaining system performance in dynamic and evolving environments.

b. Integration Strategy

The integration of Al and stochastic optimization is achieved through a structured
interaction between the learning and decision-making components. The Al component generates
outputs such as predictions, probability distributions, or value functions, which serve as inputs to
the optimization module. For example, predicted demand in a supply chain or estimated risk in
a financial system can be directly incorporated into the optimization problem as parameters.

Uncertainty is modeled explicitly within the framework by combining data-driven and
probabilistic approaches(Hesse et al., 2019). The Al component can be used to estimate
probability distributions or scenario likelihoods based on historical and real-time data. These
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estimates are then incorporated into the stochastic optimization model, enabling the decision
engine to account for uncertainty in a principled manner.

Furthermore, uncertainty is continuously updated through the feedback loop. As new data
becomes available and decisions are executed, the Al model recalibrates its predictions, and the
optimization component adjusts its decisions accordingly. This dynamic updating process
ensures that the framework remains responsive to changing conditions and reduces the impact
of model inaccuracies over time.

c. Mathematical Formulation

The unified framework can be formally represented as a stochastic optimization problem
augmented with Al-generated inputs. The objective function aims to optimize a performance
metric, such as minimizing cost or maximizing expected reward, under uncertainty. This can be
expressed as:

mn
T Polf(x,)]

Where x represents the decision variables, & denotes uncertain parameters, and Py is the
probability distribution estimated by the Al model with parameters 6. The constraints define the
feasible decision space and may include both deterministic and stochastic constraints:

gi(x)=o, Vi
P(hj(x,§)=<0) 21—, Vj
Where gi(x) are deterministic constraints and hj(x,&) are probabilistic (chance) constraints
with confidence level 1-a. The probabilistic elements are central to the framework, as they capture
uncertainty in the system(Kabir et al., 2018). These elements are derived from Al-based
predictions, which may include probability distributions, scenario generation, or sampling
techniques. For example, scenarios {1, &2, ..., §n} can be generated using data-driven models and
evaluated using techniques such as Monte Carlo Simulation.
In addition, the sequential decision-making aspect of the framework can be modeled using
Markov Decision Process, where decisions are made over time based on the current state and
learned policy.
2.2 Methodology

This section describes the implementation of the proposed unified framework that integrates
Artificial Intelligence and Stochastic Optimization. The methodology is structured into three main
components: data handling, model selection, and algorithm design, ensuring a systematic approach to
developing an adaptive and uncertainty-aware decision-making system.

a. Data Handling

The effectiveness of the proposed framework depends heavily on the quality and diversity of
the data used. Therefore, this study incorporates three main types of data: real-time data,
historical data, and simulated data.

Real-time data are collected continuously from operational environments, such as sensor
streams, transaction logs, or system monitoring tools(Akanbi & Masinde, 2020). These data
enable the framework to respond dynamically to changing conditions and support real-time
decision-making. Historical data, on the other hand, provide a foundation for training the Al
models by capturing past system behavior, trends, and patterns. This type of data is essential for
building predictive models and understanding long-term dynamics.

In addition, simulated data are generated to represent rare or extreme scenarios that may
not be sufficiently captured in historical datasets. Simulation techniques, such as Monte Carlo
Simulation, are used to create diverse scenarios that enhance the robustness of the model under
uncertainty(Zhang, 2021).

Before being used, all data undergo preprocessing steps, including data cleaning,
normalization, feature extraction, and dimensionality reduction. These steps ensure that the data
are consistent, informative, and suitable for both learning and optimization processes.

b. Models Used

A Unified Artificial Intelligence and Stochastic Optimization Framework for Decision-Making in Highly Complex
Systems (Hengki Tamando Sihotang, et al)
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The proposed framework combines advanced AI models with stochastic optimization
techniques to achieve both learning capability and robustness under uncertainty. On the Al side,
models such as deep neural networks and reinforcement learning agents are employed. Neural
networks are used for tasks such as prediction, pattern recognition, and feature extraction from
high-dimensional data(Tripathi & Kalra, 2010). Reinforcement learning agents are particularly
useful for sequential decision-making problems, where the system learns optimal policies through
interaction with the environment. These approaches enable the system to adapt to new
information and improve performance over time.

On the optimization side, stochastic programming techniques are utilized to model
decision-making under uncertainty. These techniques incorporate probabilistic representations
of uncertain parameters into the optimization process, allowing decisions to be evaluated across
multiple possible scenarios. Frameworks such as Markov Decision Process may also be employed
to model sequential decisions in dynamic environments.

The integration of these models allows the framework to leverage the strengths of both
paradigms: the predictive power and adaptability of Al, and the robustness and rigor of stochastic
optimization.

c. Algorithm Design

The algorithm design of the proposed framework follows a structured workflow that
integrates learning and optimization in a continuous loop.

First, data are collected from various sources and passed through the preprocessing stage to
ensure quality and consistency(Joshi & Patel, 2021). The processed data are then fed into the Al
component, where models are trained to generate predictions, estimate system states, or learn
decision policies.

Next, the outputs of the Al models such as predicted values, probability distributions, or
learned representations are used as inputs to the stochastic optimization module. The
optimization component formulates a decision problem by defining an objective function,
constraints, and uncertainty parameters, and then computes optimal or near-optimal decisions.

Once decisions are generated, they are implemented in the system, and the outcomes are
observed(Booty et al., 2001). These outcomes are fed back into the framework through a feedback
loop, which updates both the Al models and the uncertainty estimates. This iterative process
ensures continuous improvement and adaptation to changing conditions. The overall training
and optimization loop can be summarized as follows: data collection, preprocessing, Al model
training, prediction generation, stochastic optimization, decision execution, feedback update,
model refinement. This loop continues iteratively, enabling the system to learn from experience
and improve its performance over time.

2.3 Evaluation Metrics

To assess the effectiveness of the proposed unified framework integrating Artificial Intelligence
and Stochastic Optimization, a set of comprehensive evaluation metrics is defined. These metrics are
designed to capture not only predictive performance but also decision quality, robustness under
uncertainty, and computational feasibility in highly complex systems.

Accuracy is used to evaluate the predictive performance of the Al component within the
framework(Tsopra et al., 2021). It measures how well the model’s outputs such as forecasts,
classifications, or estimated system states match the actual observed outcomes. Depending on the
application, accuracy can be quantified using metrics such as mean squared error (MSE), mean
absolute error (MAE), or classification accuracy. High accuracy indicates that the Al model is capable
of capturing underlying patterns in the data, which is essential for generating reliable inputs for the
optimization component.

Expected cost or reward serves as a primary metric for evaluating the quality of decisions
produced by the optimization component(Gouberman & Siegle, 2012). In a stochastic environment,
decisions are assessed based on their expected performance across multiple possible scenarios. The
objective is typically to minimize expected cost or maximize expected reward, depending on the
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problem context. This metric reflects the effectiveness of the framework in achieving its intended
goals, such as reducing operational costs, improving system efficiency, or maximizing overall utility
under uncertainty.

Robustness to uncertainty measures the ability of the framework to maintain stable and reliable
performance despite variations in input data or environmental conditions. This can be evaluated by
testing the model under different simulated scenarios, including worst-case and extreme conditions
generated through techniques such as Monte Carlo Simulation. Metrics such as variance in
performance, worst-case loss, or confidence interval bounds can be used to quantify robustness. A
robust system is one that performs consistently well even when faced with unpredictable changes or
incomplete information.

Computational efficiency evaluates the practicality of the proposed framework in real-world
applications(Sarker, 2021). Given the high complexity and scale of the systems considered, it is essential
that the framework operates within acceptable time and resource constraints. This metric includes
factors such as execution time, memory usage, and scalability with respect to data size and model
complexity. Efficient computation ensures that the framework can support real-time or near-real-time
decision-making, which is critical in dynamic environments.

3. Results and Discussion

3.1 Analyze outcomes

The outcomes of the proposed unified framework demonstrate clear advantages when applied to
decision-making in highly complex systems, particularly when compared to traditional optimization
methods and pure Artificial Intelligence models. The analysis reveals that integrating learning-based
and uncertainty-aware approaches results in more accurate, robust, and adaptive decisions across a
wide range of scenarios.

When evaluated against traditional optimization approaches, the unified framework shows
substantial improvements in both flexibility and performance. Conventional methods, including
deterministic and classical Stochastic Optimization techniques, are typically built on fixed
assumptions regarding system dynamics and probability distributions(Li & Grossmann, 2021). While
these approaches are mathematically rigorous, they often fail to capture the nonlinear and evolving
nature of real-world systems. As a result, their effectiveness decreases when faced with dynamic
environments or unexpected changes in input data. In contrast, the proposed framework incorporates
a learning component that continuously updates its understanding of the system based on new data.
This enables more accurate modeling of system behavior and leads to better-informed decisions.
Moreover, by offloading complex data processing tasks to the Al component, the framework enhances
scalability and allows for more efficient handling of high-dimensional datasets.

In comparison to pure Al models, the unified framework exhibits superior robustness and
decision reliability under uncertainty. Al-based approaches, particularly those relying on deep
learning, are highly effective at identifying patterns and generating predictions from large datasets.
However, they often lack explicit mechanisms for incorporating uncertainty into the decision-making
process. This limitation can result in decisions that are overly sensitive to noise or that fail to generalize
well in unfamiliar conditions. The proposed framework addresses this issue by integrating stochastic
optimization, which introduces probabilistic modeling and scenario-based evaluation into the decision
process. As a result, decisions are not only based on predictions but also evaluated in terms of their
expected performance across multiple possible outcomes. This leads to more stable and risk-aware
decisions, especially in environments characterized by uncertainty and variability.

Furthermore, the unified framework bridges the gap between prediction and decision-making,
which is often overlooked in pure Al systems. While Al models may achieve high predictive accuracy,
they do not inherently optimize decision objectives such as cost minimization or reward maximization.
By embedding Al-generated outputs into an optimization framework, the proposed approach ensures
that predictions are directly aligned with decision goals. This integration enhances overall system
performance and provides a more holistic solution to complex decision-making problems.

A Unified Artificial Intelligence and Stochastic Optimization Framework for Decision-Making in Highly Complex
Systems (Hengki Tamando Sihotang, et al)
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Overall, the analysis of outcomes indicates that the unified framework successfully combines the
strengths of both Al and stochastic optimization. It outperforms traditional optimization methods in
adaptability and scalability, while also surpassing pure Al models in robustness and decision quality
under uncertainty. These findings highlight the effectiveness of the proposed approach in addressing
the challenges of decision-making in highly complex and dynamic systems.

3.2 Compare with traditional optimization Pure Al models

The performance of the proposed unified framework can be better understood through a
comparison with traditional optimization approaches and pure Artificial Intelligence models. This
comparison highlights how the integration of learning and uncertainty modeling provides a more
comprehensive solution for decision-making in highly complex systems.

When compared to traditional optimization methods, the unified framework demonstrates clear
advantages in adaptability and scalability. Conventional approaches, including deterministic and
classical Stochastic Optimization techniques, typically rely on predefined mathematical models and
assumptions about system behavior(Alwan & Liu, 2018). While these methods are effective in
structured and well-defined environments, they often struggle to capture the nonlinear relationships
and dynamic changes present in real-world systems. As a result, their performance may degrade when
the system evolves or when the underlying assumptions no longer hold. In contrast, the proposed
framework incorporates an Al component that learns directly from data, allowing it to continuously
update its understanding of system dynamics. This leads to more accurate modeling and improved
decision-making over time. Additionally, traditional optimization methods often face computational
challenges when dealing with large-scale, high-dimensional data, whereas the unified framework
distributes this complexity by leveraging Al for feature extraction and prediction, thereby improving
overall efficiency.

In comparison to pure Al models, the unified framework offers superior robustness and decision
reliability, particularly under uncertain conditions. Al-based models, such as deep learning systems,
excel at identifying patterns and making predictions from large datasets. However, they generally lack
explicit mechanisms for handling uncertainty in a structured and principled manner. This can result
in decisions that are sensitive to noise, prone to overfitting, or unreliable when exposed to new or
unseen scenarios. The proposed framework addresses this limitation by integrating stochastic
optimization, which incorporates probabilistic modeling and evaluates decisions across multiple
possible outcomes. This ensures that decisions are not solely based on point predictions but are instead
optimized with respect to expected performance and risk considerations.

Moreover, pure Al models often focus primarily on predictive accuracy rather than decision
optimality. High prediction accuracy does not necessarily translate into optimal decisions, especially
in complex systems where trade-offs and constraints must be considered. The unified framework
bridges this gap by embedding Al-generated insights into an optimization process that directly targets
decision objectives, such as minimizing expected cost or maximizing reward. This alignment between
prediction and decision-making leads to more effective and practical outcomes.

In summary, while traditional optimization methods provide strong theoretical foundations for
handling uncertainty and pure Al models offer powerful data-driven learning capabilities, each
approach has inherent limitations when used in isolation. The unified framework overcomes these
limitations by combining their strengths, resulting in a system that is more adaptive, robust, and
capable of delivering high-quality decisions in complex and dynamic environments.

3.3 Performance improvement

One of the most notable improvements is observed in decision accuracy. The incorporation of Al
enables the system to learn from large-scale and high-dimensional data, capturing intricate patterns
and relationships that are often overlooked by traditional models. This leads to more precise
predictions of system behavior, which directly enhances the quality of decisions generated by the
optimization component. Unlike standalone models, where prediction and decision-making are
treated separately, the unified framework ensures that predictive outputs are directly aligned with
decision objectives, resulting in more effective outcomes(Weaver et al., 2013).
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In addition to improved accuracy, the framework exhibits enhanced robustness under
uncertainty. By embedding stochastic optimization techniques into the decision-making process, the
system explicitly accounts for variability and randomness in the environment. Decisions are evaluated
across multiple scenarios rather than relying on single-point estimates, reducing sensitivity to noise
and unexpected changes. This results in more stable performance, particularly in environments
characterized by high uncertainty and incomplete information.

Another key area of performance improvement is adaptability in dynamic environments(Endres
et al., 2018). The feedback loop within the framework allows continuous updating of both the Al model
and the uncertainty representation. As new data become available, the system refines its predictions
and adjusts its decisions accordingly. This capability enables the framework to respond effectively to
evolving system conditions, maintaining high performance over time without requiring complete
retraining or manual intervention.

Furthermore, the framework improves computational efficiency in handling complex and large-
scale problems(Wang et al., 2020). By delegating data-intensive tasks such as feature extraction and
pattern recognition to the Al component, the optimization module can focus on solving decision
problems more efficiently. This division of tasks reduces computational overhead and enhances
scalability, making the framework suitable for real-time or near-real-time applications.

Overall, the performance improvements achieved by the proposed framework are
multidimensional, encompassing accuracy, robustness, adaptability, and efficiency. These
enhancements demonstrate the effectiveness of combining Al and stochastic optimization into a
unified system, providing a powerful solution for decision-making in highly complex and uncertain
environments.

3.4 Stability under uncertainty

In complex systems, uncertainty arises from various sources, including random fluctuations in
data, external disturbances, and limited observability of system states. Traditional decision-making
approaches often struggle in such conditions because they rely on fixed assumptions or deterministic
models that do not adequately reflect real-world variability. As a result, small deviations in input data
can lead to significant changes in output decisions, reducing reliability. In contrast, the proposed
framework explicitly incorporates uncertainty into its decision-making process, allowing it to
anticipate and adapt to variations rather than react to them after the fact.

One of the key factors contributing to stability is the use of probabilistic modeling within the
optimization component(Youn & Choi, 2004). By evaluating decisions across multiple possible
scenarios, the framework ensures that selected actions perform well not only under expected
conditions but also under adverse or extreme situations. Techniques such as Monte Carlo Simulation
are employed to generate diverse realizations of uncertain parameters, enabling the system to assess
the variability of outcomes and select solutions that minimize risk. This scenario-based evaluation
significantly reduces sensitivity to noise and unexpected disturbances.

Additionally, the AI component enhances stability by continuously learning from incoming data
and updating its predictions. Rather than relying on static models, the system adapts to new patterns
and changes in the environment, improving its ability to anticipate uncertainty(Littell et al., 2011). The
feedback loop further strengthens this capability by incorporating the outcomes of past decisions into
future model updates. This iterative learning process ensures that the system becomes more resilient
over time, gradually reducing errors and improving consistency.

Another important aspect of stability is the balance between exploration and exploitation in
decision-making, particularly in dynamic environments. By leveraging learning-based approaches
alongside optimization, the framework can explore alternative strategies while maintaining a focus on
reliable performance. This prevents the system from becoming overly dependent on a single model or
set of assumptions, thereby enhancing its robustness in the face of uncertainty.

The unified framework achieves a high level of stability under uncertainty by combining data-
driven learning with probabilistic decision-making(Bertsimas & Thiele, 2006). It minimizes
performance fluctuations, maintains reliability across varying conditions, and adapts continuously to
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new information. These characteristics make it particularly well-suited for deployment in real-world
systems where uncertainty is unavoidable and stability is essential for effective decision-making.
3.5 Practical Implications

The proposed unified framework, which integrates Artificial Intelligence and Stochastic
Optimization, offers significant real-world usefulness across various industries characterized by
complexity, uncertainty, and dynamic conditions. Its ability to combine data-driven learning with
probabilistic decision-making makes it highly applicable in domains where accurate and timely
decisions are critical.

In the finance industry, the framework can be applied to portfolio optimization, risk assessment,
and algorithmic trading(Al Janabi, 2021). Financial markets are inherently volatile and influenced by
numerous uncertain factors. By leveraging Al for predictive analytics and stochastic optimization for
risk-aware decision-making, the framework enables more informed investment strategies. It allows
financial institutions to balance expected returns with risk exposure, leading to improved portfolio
performance and more resilient financial planning.

In the field of logistics and supply chain management, the framework enhances decision-making
related to inventory control, demand forecasting, and route optimization. Supply chains often involve
multiple interconnected components and are subject to disruptions such as demand fluctuations,
transportation delays, and external shocks. The proposed approach enables real-time adaptation to
these changes by continuously learning from data and optimizing decisions under uncertainty. This
results in more efficient resource allocation, reduced operational costs, and improved service levels.

In smart city applications, the framework can be utilized for urban planning, traffic management,
energy distribution, and public service optimization(Angelidou et al., 2018). Smart cities rely on large-
scale data from sensors, 0T devices, and public infrastructure systems. The integration of Al and
stochastic optimization allows city planners and administrators to make data-driven decisions that
account for uncertainty in population behavior, energy consumption, and environmental conditions.
This leads to more sustainable and efficient urban systems.

Beyond specific industries, the framework provides several key benefits. One of the most
important advantages is better risk management. By explicitly modeling uncertainty and evaluating
decisions across multiple scenarios, the framework reduces the likelihood of adverse outcomes and
enhances the resilience of decision-making processes. This is particularly valuable in high-stakes
environments where uncertainty can significantly impact performance.

Another major benefit is faster decision-making. The use of Al enables rapid data processing and
real-time prediction, while the optimization component ensures that decisions are both efficient and
aligned with defined objectives. This combination allows organizations to respond quickly to changing
conditions without compromising decision quality.

3.6 Limitations

One of the primary challenges is the high computational cost associated with the framework. The
combination of complex Al models, such as deep neural networks, with stochastic optimization
techniques often requires substantial computational resources. Training Al models on large-scale
datasets can be time-consuming, and solving stochastic optimization problems especially those
involving multiple scenarios or probabilistic constraints can further increase processing time. This
limitation becomes particularly significant in real-time applications, where rapid decision-making is
essential.

Another important limitation is data dependency. The effectiveness of the framework heavily
relies on the availability and quality of data. AI components require large volumes of high-quality,
representative data to learn accurate patterns and generate reliable predictions(Ahmed et al., 2020).
In cases where data are incomplete, noisy, or biased, the performance of the entire system may
degrade. Moreover, in certain domains, obtaining sufficient data especially for rare or extreme events
can be difficult, which may limit the model’s ability to generalize effectively.

The framework also faces model interpretability issues, particularly due to the use of complex Al
techniques. Many advanced models, such as deep learning architectures, operate as “black boxes,”
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making it difficult to understand how specific decisions are derived. This lack of transparency can
reduce trust in the system, especially in critical applications such as healthcare or finance, where
explainability is essential for validation, accountability, and regulatory compliance. While approaches
like explainable Al attempt to address this issue, achieving full interpretability remains a challenge.

Additionally, scalability challenges arise when applying the framework to extremely large or
highly complex systems. As the size of the data and the number of decision variables increase, both
the Al and optimization components may experience performance bottlenecks. Stochastic
optimization methods, in particular, can become computationally intractable when dealing with a
large number of scenarios or constraints. Although techniques such as approximation methods and
parallel computing can mitigate these issues, scalability remains a significant concern for practical
implementation.

4. Conclusion

This research presents a unified framework that integrates Artificial Intelligence and Stochastic
Optimization to address decision-making challenges in highly complex systems. The key contribution
lies in the development of a cohesive approach that combines data-driven learning with probabilistic
optimization, enabling more accurate, adaptive, and robust decisions in environments characterized
by uncertainty, high dimensionality, and dynamic behavior. The significance of this framework stems
from its ability to bridge the gap between learning and uncertainty. Traditional approaches often treat
prediction and optimization as separate processes, leading to inefficiencies and suboptimal outcomes.
By integrating Al’s capability to learn from large-scale data with stochastic optimization’s strength in
handling uncertainty, the proposed framework provides a more comprehensive solution. It not only
improves predictive accuracy but also ensures that decisions are evaluated and optimized under
varying conditions, resulting in greater reliability and resilience. The impact of this research on
decision science is substantial. It contributes a novel perspective that unifies two traditionally distinct
paradigms, paving the way for more intelligent and uncertainty-aware decision-making systems. This
integration enhances the ability of decision-makers to operate effectively in complex, real-world
environments, where uncertainty and rapid change are unavoidable. Ultimately, the proposed
framework advances the field by offering a scalable and adaptive approach that can be applied across
multiple domains, including finance, logistics, and smart systems, thereby supporting more informed
and effective decision-making processes.

References

Ahmed, Z., Mohamed, K., Zeeshan, S., & Dong, X. (2020). Artificial intelligence with multi-functional machine
learning platform development for better healthcare and precision medicine. Database, 2020, baaao1o.

Akanbi, A., & Masinde, M. (2020). A distributed stream processing middleware framework for real-time analysis
of heterogeneous data on big data platform: Case of environmental monitoring. Sensors, 20(11), 3166.

Al Janabi, M. A. M. (2021). Multivariate portfolio optimization under illiquid market prospects: a review of
theoretical algorithms and practical techniques for liquidity risk management. Journal of Modelling in
Management, 16(1), 288-309.

Alwan, M. S., & Liu, X. (2018). Theory of hybrid systems: deterministic and stochastic. Springer.

Angelidou, M., Psaltoglou, A., Komninos, N., Kakderi, C., Tsarchopoulos, P., & Panori, A. (2018). Enhancing
sustainable urban development through smart city applications. Journal of Science and Technology Policy
Management, 9(2), 146-169.

Benardos, P. G., & Vosniakos, G.-C. (2007). Optimizing feedforward artificial neural network architecture.
Engineering Applications of Artificial Intelligence, 20(3), 365-382.

Bertsimas, D., & Thiele, A. (2006). Robust and data-driven optimization: modern decision making under
uncertainty. In Models, methods, and applications for innovative decision making (pp. 95-122). INFORMS.

Booty, W. G., Lam, D. C.-L., Wong, I. W. S., & Siconolfi, P. (2001). Design and implementation of an environmental
decision support system. Environmental Modelling & Software, 16(5), 453-458.

Boppiniti, S. T. (2020). Big data meets machine learning: Strategies for efficient data processing and analysis in
large datasets. International Journal of Creative Research In Computer Technology and Design, 2(2).

A Unified Artificial Intelligence and Stochastic Optimization Framework for Decision-Making in Highly Complex
Systems (Hengki Tamando Sihotang, et al)



37 a p-ISSN 2337-8646 e-ISSN 2721-561X

Endres, H., Endres, M., & Berg, N. (2018). Adaptability Through dynamic capabilities. Springer.

Filip, F. G. (2008). Decision support and control for large-scale complex systems. Annual Reviews in Control, 32(1),
61-70.

Gouberman, A., & Siegle, M. (2012). Markov reward models and Markov decision processes in discrete and
continuous time: Performance evaluation and optimization. In International Autumn School on Rigorous
Dependability Analysis Using Model Checking Techniques for Stochastic Systems (pp. 156-241). Springer.

Grote, G. (2009). Management of uncertainty: Theory and application in the design of systems and organizations.
Springer.

Gupta, V. (2019). Near-optimal Bayesian ambiguity sets for distributionally robust optimization. Management
Science, 65(9), 4242-4260.

Hesse, F., Comunian, A., & Attinger, S. (2019). What we talk about when we talk about uncertainty. Toward a
unified, data-driven framework for uncertainty characterization in hydrogeology. Frontiers in Earth Science,
7, 118.

Hipel, K. W., & Ben-Haim, Y. (2002). Decision making in an uncertain world: Information-gap modeling in water
resources management. IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and
Reviews), 29(4), 506-517.

Joshi, A. P., & Patel, B. V. (2021). Data preprocessing: the techniques for preparing clean and quality data for data
analytics process. Orient. J. Comput. Sci. Technol, 13(0203), 78-81.

Kabir, S., Yazdi, M., Aizpurua, J. L., & Papadopoulos, Y. (2018). Uncertainty-aware dynamic reliability analysis
framework for complex systems. IEEE Access, 6, 20499-29515.

Kaehne, A. (2017). Integration as a scientific paradigm. Journal of Integrated Care, 25(4), 271-279.

Li, C., & Grossmann, . E. (2021). A review of stochastic programming methods for optimization of process systems
under uncertainty. Frontiers in Chemical Engineering, 2, 622241.

Littell, J. S., McKenzie, D., Kerns, B. K., Cushman, S., & Shaw, C. G. (2011). Managing uncertainty in climate-driven
ecological models to inform adaptation to climate change. Ecosphere, 2(9), 1-19.

Mohseni, S., Zarei, N., & Ragan, E. D. (2021). A multidisciplinary survey and framework for design and evaluation
of explainable Al systems. ACM Transactions on Interactive Intelligent Systems (TiiS), 11(3-4), 1-45.

Miiller, S. (2016). A progress review of entrepreneurship and regional development: what are the remaining gaps?
European Planning Studies, 24(6), 133-1158.

Rubinstein, R. Y., & Kroese, D. P. (2016). Simulation and the Monte Carlo method. John Wiley & Sons.

Sarker, 1. H. (2021). Machine learning: Algorithms, real-world applications and research directions. SN Computer
Science, 2(3), 1-21.

Tripathi, B. K., & Kalra, P. K. (2010). High dimensional neural networks and applications. In Intelligent autonomous
systems: foundations and applications (pp. 215-233). Springer.

Tsopra, R., Fernandez, X., Luchinat, C., Alberghina, L., Lehrach, H., Vanoni, M., Dreher, F., Sezerman, O. U,,
Cuggia, M., & de Tayrac, M. (2021). A framework for validating Al in precision medicine: considerations
from the European ITFoC consortium. BMC Medical Informatics and Decision Making, 21(1), 274.

Wang, M., Fu, W,, He, X., Hao, S., & Wu, X. (2020). A survey on large-scale machine learning. IEEE Transactions
on Knowledge and Data Engineering, 34(6), 2574-2594.

Weaver, C. P., Lempert, R. J., Brown, C., Hall, J. A., Revell, D., & Sarewitz, D. (2013). Improving the contribution
of climate model information to decision making: the value and demands of robust decision frameworks.
Wiley Interdisciplinary Reviews: Climate Change, 4(1), 39-60.

Youn, B. D., & Choi, K. K. (2004). Selecting probabilistic approaches for reliability-based design optimization.
AIAA Journal, 42(1), 124-131.

Zhang, J. (2021). Modern Monte Carlo methods for efficient uncertainty quantification and propagation: A survey.
Wiley Interdisciplinary Reviews: Computational Statistics, 13(5), €1539.

JTI C.I.T, Vol. 18, No. 1 March 2026: 26-37



