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ABSTRACT: The growing complexity and volatility of global supply chains necessitate advanced, adaptable
answers for efficient management. Traditional, rules-based approaches do not effectively respond to real-world,
dynamic challenges, such as demand fluctuations, supplier delays, and disruptions in logistics. In this paper, we
describe the development of a multi-agent artificial intelligence (AI) approach to streamline analysis of supply chain
data over forecasting customer demand, optimizing inventory, planning logistics, and monitoring risk. The overall
framework consists of layers that run from data sources, data preprocessing, coordination of the Al agents, decision
support and continual learning. The AI agents focus on methodologies that leverage machine learning models such as
Long Short-Term Memory (LSTM) for demand time-series forecasting; reinforcement learning for inventory and
routing decision-making; and decision support to recognize risk through anomaly detection capabilities, all applied
through a cloud-based microservices architecture and real-time streaming of data. Finally, we can build on
experiments completed with real-world supply chain datasets, with potential significant gains in performance for the
future, particularly around customizing a decision support system and the learning aspect of the agents. The Demand
Forecasting Agent demonstrated a mean absolute percentage error (MAPE) of 6.8%, which is more accurate than
both the ARIMA and Prophet models. The Inventory Optimization Agent successfully reduced holding costs by 14%
and stock-outs from 23% down to 21%. The Logistics Agent improved the customer's delivery efficiency by 18% and
reduced fuel costs by 12%. The Risk Monitoring Agent was able to detect disruptions in the reaction time with 92%
accuracy and rerouted 87% of the delayed shipments within four hours. Altogether, the framework grew forecast
accuracy by 32 percent, reduced inventory costs by 14 percent, increased delivery efficiency by 18 percent, and
boosted response time to disruptions by 40 percent beyond conventional approaches. Finally, this research shows that
Al agents can assist supply chain operations in uncertain situations and provide an efficient, resilient, flexible,
scalable, and repeatable process. The research also suggests tactical implementation approaches of applying Al-
enabled technologies to enhance the supply chain and serves as a springboard for further researching and fixture
investigations concerning autonomous, collaborative agent systems in complex industrial environments.
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LINTRODUCTION

The global supply chain is becoming more complicated in
involving numerous stakeholders, changing market
expectations, and uncertain disrupted [1][11]. Traditional
supply chain management has relied heavily on "static"
forecasting and rule-based decision-making, which do not
change quickly with real-time changes, such as demand
changes, transportation delays, and input supply risks [2]. As
a result, organizations struggle to achieve efficiency,
resilience, and transparency in their supply chain activities

[3][12].

Artificial Intelligence (AI) has emerged as a powerful
technology in optimizing supply chain operations via Al
agents [4]. Al agents are autonomous, adaptive, and capable
of continual learning - all of which sets them apart from
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traditional algorithms [5]. Al agents have the unique
advantage of monitoring significantly larger data sets via
data streams from sensors, enterprise resource planning
(ERP) systems, market feeds, and logistics platforms, all of
which can recognize patterns, predict potential risks, and
facilitate an effective optimal decision-making process [6].
Therefore, Al agents offer a flexible and expedited
mechanism for analyzing supply chain data with predictive
analytics, anomaly detection, demand forecasting, and real-
time decision support [7].

This study examines using Al agents for supply chain data
analysis, and shows the use of agent-based systems in supply
chain processes to improve visibility, effectiveness, and
resilience. With the ubiquitous use of multi-agent
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coordination, reinforcement learning, and natural-language
processing (NLP)-based decision support, the paper explains
how Al agents not only automate repetitive tasks, but
communicate with one another to optimize the entire value
chain [8]. Our discussion is supported by a prototype

IL.SYSTEM ARCHITECTURE

The suggested system architecture for supply chain data
analytics through AT agents represents a multi-layered agent-
based architecture that brings together heterogeneous data
sources, allows data processing via Al modules, and enables
intelligent  decisions  across the supply chain
network.[13][14]

1. Data Layer
e Sources: ERP systems, IoT sensors (RFID, GPS
trackers), supplier databases, market demand feeds,
and customer orders.
e Function: Data collection and integration in
structured and unstructured formats.
o Tools: APIs, message queues, and data lakes for
scalable ingestion.[15][16]
2. Preprocessing & Storage Layer
e Cleaning & Transformation: Handles missing
data, outliers, and normalization.
e Data Warehouse: Stores historical supply chain
data for trend analysis.
e Real-Time Data Streams: Kafka or MQTT
brokers for streaming sensor/logistics data.
3. Al Agent Layer
This is in the centre of the architecture where autonomous
agents operate:
e Demand Forecasting Agent: ML models (LSTM,
ARIMA, or Prophet) to predict demand trends.

III. METHODOLOGY

The implementation methodology for data analysis in supply
chain using Al agents is structured into six phases:

1. Data Acquisition

Data acquisition refers to the act of gathering information
from various sources including historical sales, times of
supplier leads, records of logistics activity, [oT (internet of
things) sensor streams (temperature, GPS, RFID, etc), and
market trends. The data is collected via ERP (enterprise
resource planning) system APIs, market price scraping, and
IoT brokers (e.g. MQTT, Kafka) to collect streams of real-
time data.[17][18]

2. Data Preprocessing
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implementation focused on Al agents analysing real-world
supply chain datasets, analysing performance measures
related to cost-reduction, accuracy of delivery and lead-time,
and allowed the Al agents to adapt to disruptions with
minimum human involvement [9], [10].

e Inventory Optimization Agent: Reinforcement
learning to suggest optimal stock levels and reorder
points.

o Logistics Agent: Graph-based algorithms and RL
for route optimization and delivery scheduling.

e Risk Monitoring Agent: Detects disruptions
(supplier delays, transport bottlenecks) through
anomaly detection models.

¢ Coordination Mechanism: Agents share insights
and negotiate using multi-agent frameworks
(JADE, SPADE, or custom APIs).

4. Decision Support & Visualization Layer

¢ Dashboard: Provides real-time supply chain KPIs
such as lead time, stock-out probability, and
transport cost.

e Explainable AI (XAI): Enhances trust by
providing human-readable reasons behind agent
decisions.

o What-If Simulations: Allows managers to test
scenarios like demand surge, supplier failure, or
fuel cost increase.

5. Feedback & Learning Layer

¢ Reinforcement Loop: Agents refine strategies
based on real-time outcomes.

e Continuous Learning: Models are retrained
periodically using updated data

e Cleaning: Removal of duplicates, handling of
missing values using imputation, and anomaly
filtering.

o Transformation: Normalization of continuous
variables (e.g., lead time, costs), one-hot encoding
for categorical attributes (e.g., supplier type,
transport mode).

e Storage: Integration of structured data in SQL data
warehouse and unstructured logs in NoSQL
(MongoDB/HDFS).

3. Agent Design & Implementation

e Demand Forecasting Agent: Implemented using
LSTM networks for time-series demand prediction.

page ~ 33~



Md Waheduzzaman Tuhin al. International Journal of Recent Research Aspects ISSN: 2349-7688, Special
Issue: International Conference on Intelligent Systems for Complex, Chaotic, & Connected Environments Sept
2025, pp. 32-46

e Inventory Optimization Agent: Uses
reinforcement learning (Q-learning or Deep Q-
Network) to determine reorder levels, balancing
holding and shortage costs.[19][20]

e Logistics Agent: Employs graph-based shortest
path and RL for dynamic routing, considering
traffic and delivery deadlines.

e Risk Monitoring Agent: Implements anomaly
detection (Isolation Forest, Autoencoder) for
supplier delays or transport failures.[21]

e Coordination Mechanism: Multi-agent
communication  built using JADE/SPADE
framework with message-passing protocols.

4. Model Training & Testing

e Training: Models trained on 70% of historical
supply chain data; 30% used for testing.

e Validation: Cross-validation to prevent overfitting.

IV EXPERIMENTAL RESULT

The multi-agent framework that was suggested was
validated by a real-life supply chain dataset that has three
years of historical sales, supplier delivery data, and logistics
data for a retail network. IoT sensor data (GPS tracking,
temperature logs) was mimicked for testing real-time
adaptability.

1. Demand Forecasting Performance
e  Models Tested: LSTM, ARIMA, Prophet.

e Result: LSTM achieved the lowest MAPE of
6.8%, compared to ARIMA (11.4%) and Prophet
(9.2%).

e Insight: The Demand Forecasting Agent enabled
better alignment between procurement and actual
sales, reducing stock-outs.

2. Inventory Optimization

e Baseline: Traditional EOQ (Economic Order
Quantity) method.

e Result: The RL-based Inventory Agent reduced
holding cost by 14% and stock-out events by
21% compared to EOQ.

e Insight: The adaptive learning mechanism helped
balance safety stock levels with dynamic demand.
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e Hyperparameter Tuning: Grid search and
Bayesian optimization for model fine-tuning.

5. Deployment & Integration

The deployment and integration employ a cloud-based
microservices architecture using Docker and Kubernetes to
host the agents. The dashboard is developed using a Flask or
Django backend and providing visualization using a React or
Angular frontend. Agents are deployed as services that can
consume and process real-time data streams.

6. Evaluation Metrics

The evaluation metrics include demand predictions accuracy
based on Mean Absolute Percentage Error (MAPE),
inventory utilization will be evaluated based on both service
level improvements, and reductions in holding costs;
logistics performance will be assessed based on reductions
in delivery time and transport costs; system resilience will be
based on the time the agents took to detect and address
disruptions.

3. Logistics Optimization

o Test Setup: Delivery route planning across 50
nodes (warehouses and retailers).

e Baseline: Dijkstra’s static shortest path.

e Result: The RL-driven Logistics Agent reduced
average delivery time by 18% and fuel cost by
12%.

e Insight: The system dynamically rerouted vehicles
in response to traffic congestion and delays.

4. Risk Monitoring and Resilience

e Scenario Simulated: Supplier delay of 2 days and
transport failure on 10% of shipments.

e Result:

o Anomaly detection identified disruptions
with 92% accuracy.

o The system successfully rerouted 87% of
affected shipments within 4 hours.

e Insight: The Risk Monitoring Agent enhanced
supply chain resilience and minimized cascading
failures.

5. Overall System Improvement
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Compared to baseline (rule-based supply
management), the Al-agent-based system showed:

e Forecast accuracy improvement: +32%

chain .

Inventory cost reduction: -14%
e Delivery efficiency improvement: +18%

e Disruption response time reduction: -40%

Comparison of Supply Chain Performance Metrics
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Fig 1: Performance Metrics

V. CONCLUSION

This research shows how Al agents can impact supply
chain management by providing decision making
capabilities that are intelligent, autonomous, and
adaptive. Through demand forecasting, inventory
optimization, logistics planning, and risk monitoring, the
agent-based framework proposed here, resulted in
improved accuracy, efficiency, and resilience for supply
chain initiatives over traditional models. Testing showed
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