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This research explores the use of Al-driven techniques to optimize supply
chain decision-making by integrating demand forecasting, inventory
management, and logistics optimization. The main objective is to enhance
predictive accuracy while minimizing overall supply chain costs through
the application of machine learning and reinforcement learning methods.
The research design involves the development of a comprehensive
mathematical model that combines Al-based demand forecasting with
cost optimization in inventory and transportation. A machine learning
model is employed to predict demand, while optimization techniques are
used to minimize inventory and logistics costs. Reinforcement learning is
introduced as a method for real-time decision-making, allowing the
system to continuously adapt and improve. The methodology involves
testing the model through a numerical example, where predicted demand
is used to optimize inventory and logistics costs. The main results show
that the Al-based model achieves a demand forecasting accuracy with a
Mean Squared Error (MSE) of 50, resulting in a total supply chain cost of
760 units, which includes both inventory and transportation costs.
Despite the initial prediction error, the model demonstrates the potential
for cost savings and operational efficiency through better alignment of
supply chain components. The research concludes that while the Al-
driven approach offers significant improvements in supply chain
management, further refinement of the predictive model and the practical
application of reinforcement learning are necessary to fully realize its
benefits. Future research should focus on enhancing model accuracy and
scalability in real-world supply chain environments.
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1. Introduction

The increasing complexity of global supply chains—driven by globalization, digital transformation,
and rising customer expectations—has made efficient supply chain management (SCM) crucial for
organizational success[1], [2]. While traditional decision-making approaches have worked well in
stable environments, they often fall short in the dynamic and uncertain conditions of modern supply
chains[3], [4]. The emergence of artificial intelligence (AI) has the potential to revolutionize supply
chain decision support systems (DSS) by enhancing predictive accuracy, optimizing operations, and
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improving overall responsiveness[s5][6]. This research aims to explore how Al can be effectively
leveraged to optimize decision-making in supply chains, focusing specifically on enhancing predictive
accuracy in demand forecasting, inventory management, and logistics.

As supply chains become increasingly data-driven, vast amounts of information are generated
at every stage—from procurement and production to distribution and customer service[7], [8], [9].
However, many companies struggle to effectively harness this data to make informed decisions[10].
Traditional supply chain optimization models and DSS, which rely on historical data and fixed
algorithms, often fail to adapt to real-time changes and unpredictable market trends[u], [12]. Al
technologies, such as machine learning (ML), deep learning (DL), and reinforcement learning (RL),
offer promising solutions by processing large datasets, identifying patterns, and making real-time
decisions with greater accuracy[13], [14]. Consequently, organizations are turning to Al-driven
solutions to gain a competitive edge as supply chains grow more complex[15].

Despite Al's potential to transform supply chain management, a significant gap remains in
understanding how to effectively integrate Al-driven models into decision-making processes to
optimize supply chain performance[16][17]. Traditional DSS and optimization models struggle with
real-time data and accurate predictive insights, often leading to inefficiencies such as stockouts, excess
inventory, suboptimal routing, and increased operational costs[18]. Although Al technologies offer
solutions to these challenges, enhancing predictive accuracy and achieving practical implementation
remain critical areas of exploration[19]. This research investigates how Al can be applied to optimize
supply chain decision support and improve predictive accuracy in dynamic environments.

Numerous studies have underscored Al’s role in optimizing supply chain functions, such as
machine learning algorithms in demand forecasting, which improve forecast accuracy by learning from
historical data and adjusting for various factors[20], [21], [22]. Al applications in inventory
management have demonstrated potential in reducing excess stock and minimizing stockouts by
optimizing reorder points and stock levels[23]. Likewise, Al-based logistics solutions have improved
transportation route optimization, reducing delivery times and costs[24]. However, many of these
studies have focused on specific aspects of the supply chain, with limited exploration of Al's holistic
application across multiple decision points to enhance overall predictive accuracy.

The primary objective of this research is to investigate how Al can enhance supply chain
decision support systems, particularly in improving predictive accuracy. To achieve this, the study will
focus on developing Al-driven models for demand forecasting, inventory management, and logistics
optimization, and evaluating their performance compared to traditional approaches. It will also
identify the challenges and opportunities associated with integrating Al into existing supply chain
decision-making frameworks.

This research holds significant potential for both academia and industry. For academia, it will
contribute to the growing body of knowledge on Al applications in supply chain management and
decision support systems. For industry, it offers practical insights into how Al can be used to enhance
predictive accuracy, optimize operations, and reduce costs. Organizations that successfully implement
Al-driven decision support systems will be better equipped to respond to market changes, improve
customer satisfaction, and gain a competitive advantage in the increasingly data-driven global
economy.

2. Research Methods

The research will be conducted in several stages. The first stage involves a comprehensive literature
review to identify existing Al models and frameworks used in supply chain optimization[25]. The
second stage will focus on data collection, which includes gathering real-world supply chain data from
industry partners and publicly available sources. The third stage involves developing Al-driven models
for specific supply chain functions, such as demand forecasting, inventory management, and logistics
optimization. These models will be tested using simulation techniques and real-world scenarios to
evaluate their effectiveness. The final stage will involve analyzing the results and formulating
recommendations for the practical implementation of Al in supply chain decision-making[26].
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The theoretical foundation for leveraging Al in supply chain decision support systems (DSS)
can be understood through several key concepts: optimization theory, predictive analytics, and
machine learning models. These theories, when combined with Al, provide a robust framework for
optimizing supply chain operations, enhancing predictive accuracy, and improving decision-making
capabilities. Below is a detailed breakdown of these components, supported by relevant formulas.

Optimization Theory

Optimization theory plays a key role in supply chain management by aiming to maximize or
minimize certain objectives, such as minimizing costs or maximizing service levels, subject to various
constraints (e.g., demand, production capacity, transportation costs)[27], [28], [29]. The most common
optimization problems in supply chains include inventory management, production scheduling, and
logistics planning.

Linear Programming (LP)
A typical linear programming model for supply chain optimization can be formulated as
follows[30], [31], [32], [33]:

m

n
Minimize: Z = Z CijXij (1)
i=1j=1
Where:
Z = total cost
¢;j = cost of transporting goods from node i to node j.
x;j = decision variable representing the quantity of goods transported from node i to node j.
n = number of sources
m = number of destinations
Subject to constraints:
a) Supply constraints: Y7L, x;; <s; Vi € {1,...,n} (the supply at each source must be greater
than or equal to the quantity shipped)
b) Demand constraints: Y7, x;; = d; Vj € {1,..,m} (the demand at each destination must be
met)

Non-Linear Programming (NLP)

Non-linear programming may be more appropriate when dealing with complex supply chain
problems involving economies of scale or other non-linear behaviors[34](35]. The objective function
can be non-linear in such cases:

n m
Minimize: Z = Z Zfij(xij) (2)
i=1j=1
Where f;;(x;;) represents a non-linear cost function, which could model things like transportation
costs that depend on volume.

Predictive Analytics

Predictive analytics, a key component of Al-driven DSS, involves forecasting future outcomes
using historical data[36], [37], [38]. In supply chain management, this is most commonly applied to
demand forecasting, where the goal is to predict customer demand for future periods[39], [40], [41].

Time Series Forecasting (ARIMA)

AutoRegressive Integrated Moving Average (ARIMA) is a widely used method for time-series
forecasting, especially in demand forecasting[42], [43], [44]:

Ve =C+ 01V 1+ PoVe o+ + Dpyep + 6161+ 0265+ + 664 +e (3)
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Where:

V¢ = observed value at time ¢t

¢ = constant

@1, D3, ... @, = coefficients of the autoregressive part

61,0, ... 8, = coefficients of the moving average part

e; = error term at time ¢t

ARIMA can be used to forecast future demand by analyzing past trends, seasonal patterns, and cyclic
behaviors.

Regression Analysis

Multiple linear regression is another key tool for predictive analytics[45][45]. It allows
forecasting of demand based on multiple influencing factors, such as price, seasonality, and economic
conditions.

Y= Bo+Pixs+ Poxy + o+ Ppxny + € (4)

Where:
y = predicted demand
Bo = intercept
Bi,Bas -, Bn = coefficients representing the influence of each variable x,x,,...,x, (e.g., price,
advertising spend)
€ = error term

Regression analysis can improve decision-making by enabling supply chain planners to understand
how various factors impact future demand.

Machine Learning Models for Supply Chain Optimization
Al-driven supply chain optimization relies heavily on machine learning models to predict
future demand and optimize operational decisions in real-time.

Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN) are particularly useful for identifying complex, non-linear
relationships in data[46], [47], [48]. In the context of supply chains, ANNs can predict demand based
on a wide range of input variables such as past sales, promotions, and external factors.

The structure of an ANN can be represented as:

y=fWy - f(Wy-X +by) +by) (5)
Where:
X = input features (e.g., historical demand, prices, seasonality)
W, W, = weight matrices for layers 1 and 2
b, b, = bias vectors for layers 1 and 2
f () = activation function (e.g., sigmoid, ReLU)
¥ = predicted output (demand)

Reinforcement Learning (RL)

Reinforcement learning (RL) is a powerful Al technique for optimizing decision-making in
dynamic environments[49], [50]. In supply chains, RL can be applied to areas such as inventory
management and logistics routing, where decisions are made sequentially over time.

In RL, an agent interacts with the environment and learns optimal policies by maximizing
cumulative reward. The Bellman equation is central to RL and is expressed as:

Q(s,@) = 7+ Y™ Q(s'a) (6)
Where:
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Q(s'a’) = action-value function, representing the expected cumulative reward of taking action a in
state s.

r = immediate reward

y = discount factor (determines the importance of future rewards)

s’ = next state

a' = next action

RL is effective for optimizing supply chain functions that involve multiple, interconnected decisions,
such as routing, inventory replenishment, and production scheduling.

Supply Chain Decision Support System (DSS)

A Decision Support System (DSS) in the context of supply chain management is a combination
of optimization and predictive analytics models embedded within a larger Al framework[36]. The Al-
driven DSS provides real-time recommendations and predictions for decision-makers[z1].

A general AI-DSS model in supply chains can be mathematically represented as [36][52]:

de = f(X,;6) (7)
Where:
d, = predicted demand at time t
X, = feature set at time t (historical demand, weather, promotions, etc.)
f(*) = Al model (e.g., ANN, RL)
0 = learned parameters from the model

The AI-DSS aims to minimize total cost:

T
Minimize: C = Z[H(dt —s)t 4+ P(s, —dp)*] (8)

Where:

C = total cost

H = holding cost per unit

P = penalty cost per unit (for stockouts)
d; = actual demand at time t

s; = supply at time t

This formula represents the trade-off between holding too much inventory and running out of stock,
which an AI-DSS seeks to optimize by accurately predicting demand and adjusting supply accordingly.

3. Results and Discussion
The goal of the new formulation is to create an integrated Al-driven model that addresses key problems
in supply chain optimization, such as demand forecasting, inventory management, and logistics, while
simultaneously enhancing predictive accuracy. This model should combine the strengths of predictive
analytics and optimization with machine learning, such as neural networks and reinforcement
learning, to continuously adapt and improve supply chain decisions.

We can break down this into two parts: demand prediction (using machine learning) and
optimization (inventory, transportation, and logistics based on predictions). The following
formulation integrates these elements to solve supply chain problems.

Predictive Model (AI-Enhanced Demand Forecasting)
The core of this model is an Al-driven demand forecasting function that predicts future
demand, d,, using a variety of input features X, at time t, such as historical sales, promotions,
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seasonality, economic indicators, and external events. The Al model can be a combination of neural
networks, regression models, and time-series forecasting.
The general machine learning-based predictive model is given by:
de = f(X,;6) (9)
Where:
d, = predicted demand at time t
X, vector of input features at time t (historical demand, prices, marketing campaigns, weather, etc.)
f (*) = machine learning model (e.g., neural network, ensemble model)
0 = set of learned parameters through training

The goal of the demand forecasting model is to minimize the prediction error, which can be written
as:

T
1w, .
Minimize £(9) = = > (d, - &)’ (10)
t=1

Where:

L(0) = loss function (mean squared error)
d, = actual demand at time t

T = total number of time periods

Optimization Model (Inventory and Logistics)

Once the demand d, is predicted, the next step is to optimize inventory and logistics. We
formulate an optimization model that minimizes total supply chain costs, including inventory holding,
stockout penalties, transportation costs, and order placement costs.

Inventory Optimization

We aim to minimize the total inventory cost, which includes holding costs, stockout penalties,
and order placement costs. Let:

Cinv=H-(d;—s)*+P-(d;—s)"+0-z (1)

Where:
Ciny = total inventory cost
H = unit holding cost
P = penalty cost for stockouts (shortages)
s; = supply at time ¢t
d; = actual demand at time ¢t
7, = binary variable (1 if a replenishment order is placed, o otherwise)
O = fixed cost per replenishment order

The goal is to minimize this cost over a given time horizon T
T
e . ~ N+ N +
Minimize: Cyora = z [H (ste—d;) +P-(d,—s;) +0 -zt] (12)
t=1

Where dt is the predicted demand from the Al model, which replaces the actual demand d; in the
traditional cost function.

Transportation and Logistics Optimization
In addition to inventory costs, we need to optimize transportation and logistics costs based

n m
Ciog = Z Z CijXij (13)

i=1 j=1

on the predicted demand d,. Let:
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Where:

Ciog = total transportation cost

¢;j = cost of transporting goods from source i to destination j
X;j = quantity of goods transported from i to j

n = number of sources

m = number of destinations

The objective is to minimize total transportation costs while satisfying the predicted demand cij. at

n m
Minimize: Cjog = Z Z CijXij (12)
Subject to:

a) YjLix;j <s; Vi€{l,..,n} (supply constraints at each source)
b) Yiix; < (2]- Vi € {1, ..., m} (demand constraints at each destination)

each destination:

Combined Objective Function
The total cost function for the supply chain, incorporating both inventory and transportation

optimization, can be expressed as:
T

n m
Minimize: Cipra = z H- (st—(it)+ + (dt - st)+ +0-z z Z CijXij (13)
t=1 i=1j=1
This function seeks to minimize the combined costs of inventory holding, stockouts, order placement,
and transportation over a given time horizon T, subject to supply chain constraints.

Incorporating AI and Machine Learning

To further enhance the model, we incorporate a reinforcement learning-based approach for
real-time optimization. The reinforcement learning agent learns the optimal policies for supply chain
decisions by interacting with the environment (i.e., supply chain data) and receiving rewards or
penalties based on the outcome.

The decision-making process at each time step t can be modeled using a Markov Decision
Process (MDP), where the objective is to maximize the cumulative reward R over time by minimizing
costs. The Bellman equation is used to determine the optimal policy:

Q(s,a) =r+y77 Qs a) (14)
Where:
Q(s, @) = action-value function, representing the expected cumulative reward of taking action a in state
s
r = immediate reward (negative cost)
y = discount factor (importance of future rewards)
s’ = next state
a' = next action

Reinforcement learning algorithms, such as Q-learning or Deep Q-Networks (DQN), can
be applied to solve this MDP and continuously optimize the supply chain decisions based on predicted
demand, inventory levels, and logistics.

Final Formulation Summary
The final Al-driven mathematical model for optimizing supply chain decision support can be
summarized as follows:
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Predict Demand:

dAt = f(Xs;0) (15)
Machine learning model predicts future demand d, based on input features X,.
Optimize Inventory:

T
ANt o +
CinVZZ[H'(St_dt) +P'(dt_5t) +0'Zt] (16)
t=1
Optimize Logistics:
n m
Minimize: Cy,q = Z Z CijXij
i=1 j=1 (17)

Subject to supply and demand constraints.
Combined Objective:
Minimize: Ciotal = Ciny + Ciog (18)
Reinforcement Learning:
Q(s,a) =r+ymi*Q(s',a")
Reinforcement learning optimizes real-time decision-making, continuously improving the (18)
supply chain based on outcomes.

This new formulation integrates predictive analytics, optimization theory, and Al to create a
comprehensive decision support system that enhances predictive accuracy and optimizes supply chain
operations.

Numerical Example: Testing the AI-Driven Supply Chain Optimization Model

To test the new formulation using a simple numerical example. We will focus on demand
forecasting using machine learning and optimization of inventory and transportation, followed by the
integration of reinforcement learning. For simplicity, we assume a one-period optimization model, but
this can be extended to multiple periods.

Example Scenario

A company needs to forecast demand and optimize inventory and transportation decisions for
a product at three distribution centers (DCs). The product is shipped from a central warehouse. We
want to predict the demand at the three DCs using an Al-enhanced model and optimize costs,
including inventory holding, stockout, and transportation costs.

Input Parameters:
Demand Prediction (Al Model)
Predicted demand for each DC:
d, =120 units
d, =80 units
d; =100 units
Actual demand for each DC (for error calculation):
d; =130 units
d, =75 units
d3 =95 units
Cost Parameters:
Holding cost per unit (H) : $1
Stockout penalty per unit (P) : $5
Fixed cost per order (O) : $10
Transportation costs from the warehouse to DCs:

Leveraging Al for optimization in supply chain decision support: Enhancing predictive accuracy (Loso Judijanto, et
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¢, =2 (for DC1)
¢, =3 (for DC 2)
¢35 =2.5 (for DC 3)
Supply Constraints:
Total supply available at the central warehouse: 350 units.

Demand Forecasting Model
We will first compute the loss (error) for the Al demand forecasting model. Using a simple
squared error loss function:

1p, . A A
L) =5 |(dy = dy)* + (dy = d2)" + (ds — ds)’]
Substituting the predicted and actual demand values:

L(O) = % [(120 — 130)2 + (80 — 75)% + (100 — 95)?]
£6) = 5 [(-10? + 51+

1 1
L(6) =§[100+25+25] =3X 150 =50
Thus, the mean squared error is 50.

Inventory Optimization
The inventory cost is composed of holding costs, stockout penalties, and order placement
costs. Let's compute the inventory cost for each DC using the following formula:
Cow=H (si—d) +P-(di—s)" +0z
Where s; is the supply allocated to each DC. Assume we allocate supply exactly equal to predicted
demand, so s; = 120, s, = 80,and s; = 100.
DC1:
Holding cost: H - (s; —d;)" = 1- (120 — 120)* = 0
Stockout penalty: P - (d; — 5;)" = 5+ (120 — 120)* = 0
Fixed order cost: 0 = 10
Total inventory cost for DC 1: Cj,, =0+ 0+ 10 = 10
DC 2:
Holding cost: H - (100 — 100)* =0
Stockout penalty: P - (100 — 100)* = 0
Fixed order cost: 0 = 10
Total inventory cost for DC 2: Cj,y, =04+ 0+ 10 = 10
DC3:
Holding cost: H - (100 — 100)* =0
Stockout penalty: P - (100 — 100)* =0
Fixed order cost: 0 = 10
Total inventory cost for DC 3: Cj,, =0+ 0+ 10 = 10
Thus, the total inventory cost for all DCs is:
Cotaliny = 10 + 10 + 10 = 30

Transportation Optimization
Now, we calculate transportation costs based on the predicted demand and transportation
costs for each DC. The transportation cost is given by:
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3
Ciog = Z ¢ - d;

i=1
Substituting the predicted demands and transportation costs:
ForDC1:c, - d; = 2-120 = 240
For DC2: ¢, d, = 3-80 = 240
For DC 2: ¢3+ d3 = 2.5 100 = 250
Thus, the total transportation cost is:

Crotallog = 240 + 240 + 250 = 730
Combined Objective Function
Finally, we compute the total cost, combining inventory and transportation costs:

Ctotal = Ctotal_inv + Ctotal_log ==30+730=760
Thus, the total cost of the supply chain optimization, given the predicted demand, is 760 units of cost.

Reinforcement Learning for Real-Time Optimization

In real-time, a reinforcement learning agent would update inventory and transportation
decisions based on the evolving environment. For simplicity, let's assume the agent receives a reward
of R = —Ciora = —760 for this time period. The goal of the agent would be to continuously adjust
predictions and supply allocations to maximize this reward (i.e., minimize total cost).

Interpretation of Results

The numerical example demonstrates the effectiveness of an Al-driven approach in optimizing
supply chain decision-making, specifically in demand forecasting, inventory management, and
transportation logistics. The Al-based demand forecasting model, despite an initial Mean Squared
Error (MSE) of 50, provides reasonably accurate predictions that help align inventory and logistics
decisions. The total inventory cost of 30 units indicates efficient management of stock, with no
significant holding costs or stockout penalties, largely due to the model's demand prediction aligning
well with the supply allocation. However, fixed order costs contribute to the overall inventory cost,
suggesting room for improvement in optimizing order frequency and lot sizes. The transportation
costs, which amount to 730 units, constitute the largest portion of the total cost, highlighting the
importance of optimizing logistics, especially in multi-distribution operations. The combined supply
chain cost of 760 units reflects the overall efficiency of the system, demonstrating that the Al-driven
model, even with initial prediction errors, manages costs effectively. The integration of reinforcement
learning has the potential to further enhance decision-making, as it would allow the system to
dynamically adjust predictions and operational strategies in real-time, improving accuracy and
reducing costs over time. This example shows the significant potential of Al in supply chain
optimization, with future iterations likely to improve performance further as the models are refined
and continuously trained on real-world data.

Discussion

The numerical example showcases how Al-driven methods, particularly machine learning
models and reinforcement learning, can enhance supply chain optimization by improving predictive
accuracy and operational efficiency. The integration of demand forecasting with inventory
management and logistics optimization highlights the value of a comprehensive approach in
minimizing supply chain costs. The Mean Squared Error (MSE) of 50 indicates that the predictive
model is reasonably accurate, but there remains room for improvement. Previous research in supply
chain optimization has demonstrated the potential of Al and machine learning to predict demand and
streamline operations, but many studies have focused on one specific area, such as demand forecasting
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or logistics, rather than a fully integrated system. This numerical example builds on earlier research by
combining these elements into a cohesive model that addresses multiple facets of the supply chain
simultaneously.

In the literature, studies such as Kourentzes et al. (2020) and Babai et al. (2021) have explored
the use of machine learning models for demand forecasting, showing that Al models can outperform
traditional statistical methods in terms of accuracy[s3]. However, these studies often examine the
forecasting aspect in isolation and do not incorporate the downstream effects of prediction accuracy
on inventory or logistics. On the other hand, research by Ivanov et al. (2019) and Aras et al. (2021) has
explored the optimization of logistics and inventory using mathematical models but with limited focus
on how Al-enhanced forecasting can improve overall supply chain performance. While previous work
recognizes the potential of Al in supply chain management, there is still a lack of integrated models
that combine predictive analytics with optimization techniques across the entire supply chain, from
forecasting to logistics.

This gap becomes evident when comparing the numerical example with previous research.
Unlike earlier studies, which often silo supply chain functions, this example integrates predictive
modeling with optimization, creating a dynamic system that adapts based on Al-driven insights.
Moreover, the example introduces reinforcement learning (RL) for continuous improvement, a
relatively underexplored area in supply chain optimization research. While reinforcement learning has
been applied in related fields like robotics and finance, its potential for real-time supply chain decision-
making remains largely untapped.

The research gap lies in the development of fully integrated Al-driven supply chain decision
support systems that combine demand forecasting, inventory management, and logistics optimization.
While existing studies have successfully applied Al and machine learning to individual components of
the supply chain, there is limited work that brings these components together into a unified
framework. Additionally, the potential of reinforcement learning for real-time decision-making and
continuous improvement in supply chain management has not been extensively studied. Most
research focuses on static models that optimize supply chain parameters based on historical data, but
they do not adapt dynamically as new data becomes available.

This gap opens up opportunities for further research in two main areas. First, developing more
accurate and adaptable machine learning models that can predict demand with lower error rates and
integrate seamlessly with inventory and logistics optimization. Second, incorporating reinforcement
learning into these models to enable real-time adjustments and continuous learning from operational
outcomes. Bridging this gap would result in a more robust, adaptive, and cost-efficient supply chain
management system capable of responding to the complexities and uncertainties of modern supply
chains.

4. Conclusion

This research demonstrates the effectiveness of an Al-driven approach in optimizing supply chain
decision-making by integrating demand forecasting, inventory management, and logistics optimization
into a cohesive model. The main findings show that while the machine learning-based demand
forecasting model achieved a Mean Squared Error (MSE) of 50, the overall system was still able to align
inventory and logistics decisions efficiently, leading to a manageable total supply chain cost of 760 units.
The integration of reinforcement learning offers further potential for real-time optimization, allowing
the system to continuously adapt and improve based on dynamic supply chain conditions. The research
implications suggest that leveraging Al in supply chains can enhance predictive accuracy and
operational efficiency, resulting in cost reductions across multiple areas, such as inventory holding,
transportation, and stockout penalties. Companies that adopt Al-driven decision support systems stand
to benefit from a more agile and adaptive supply chain that responds effectively to demand fluctuations

JTI C.LT, Vol. 16, No. 3 July 2024: 171-184



JTICLT p-ISSN 2337-8646  e-ISSN 2721-561X m 182

and external disruptions. However, the research also highlights certain limitations, particularly in the
accuracy of the demand forecasting model. The relatively high MSE suggests that further refinement of
the model and the inclusion of more diverse input features are necessary to improve prediction
performance. Additionally, while reinforcement learning is introduced conceptually, its full potential in
a real-time supply chain environment remains underexplored, and its practical implementation poses
challenges related to computational complexity and data availability. For future research, several key
directions emerge. First, improving the predictive accuracy of machine learning models by
incorporating more granular data and external factors (such as competitor behavior and market trends)
will be essential. Second, the practical implementation of reinforcement learning in live supply chains
should be studied, particularly in terms of scalability and real-world applicability. Lastly, further
investigation is needed into how Al-driven models can better adapt to volatile market conditions and
global disruptions, such as pandemics or geopolitical instability, to create truly resilient and flexible
supply chain systems. These areas of research hold promise for developing more robust, cost-efficient,
and responsive supply chains in the future.
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