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This study explores the application of federated learning in

demand forecasting for decentralized supply chains, focusing on
enhancing data privacy, forecasting accuracy, and computational
efficiency. Federated learning allows multiple nodes, such as
retailers and warehouses, to collaboratively train machine learning
models without sharing sensitive data. The integration of active
learning further improves the model’s accuracy by prioritizing the
most informative data points, thereby reducing training time and
communication costs. The results demonstrate that the federated
learning model significantly outperforms traditional centralized
models in terms of accuracy, with a 45% improvement in Mean
Absolute Error (MAE) and a 31% improvement in Root Mean
Square Error (RMSE). Moreover, the federated model reduces
computational overhead by 35% and enhances privacy, achieving
lower epsilon (g) values, indicating stronger privacy guarantees.
These findings suggest that federated learning is a viable and
effective solution for real-time demand forecasting in complex and
decentralized supply chains. Future work can build on this
approach by integrating additional privacy-preserving techniques
and expanding its application to other areas of supply chain
management. The study contributes to the growing body of
knowledge on the use of artificial intelligence in supply chain
optimization, offering a scalable and privacy-preserving
alternative to traditional forecasting methods. ©authors.
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1. Introduction

In recent years, artificial intelligence (Al)
has become a transformative force across
various industries, with significant impacts
on supply chain management and marketing
strategies. The ability to predict supply and
demand in dynamic market environments is
crucial for businesses aiming to optimize
operations, minimize costs, and improve
customer satisfaction (Zarei et al., 2024).
Efficient demand forecasting not only
reduces the risk of overstocking and
understocking but also enhances the overall
responsiveness of the supply chain (Aamer et
al., 2020). One of the advanced techniques
gaining traction in this area is federated
learning. Unlike traditional machine learning
models, which rely on centralized data
collection, federated learning enables
decentralized learning across multiple
devices while preserving the privacy of
customer data (McMahan et al., 2017). This
decentralized approach is particularly
advantageous in industries such as retail,
where privacy and data security are critical
concerns (Kshetri et al., 2023). By
leveraging local data at individual nodes,
federated learning models can
collaboratively improve prediction accuracy
without exposing sensitive information (Li et
al., 2019).

In today’s highly competitive and
globalized markets, supply chains face
increasing uncertainty and volatility due to
dynamic customer demand, disruptions in
supply, and external shocks such as
geopolitical conflicts, pandemics, or natural
disasters (Niu et al., 2024). Traditional
forecasting approaches, which largely rely
on centralized data collection and static
statistical methods, often fail to capture the
complexity and rapidly changing patterns of
demand and supply. Consequently, supply
chain managers struggle to align production,
inventory, and distribution decisions with
actual market conditions, leading to
inefficiencies, higher costs, stockouts, or
excess inventories. This problem highlights
the urgent need for advanced forecasting
techniques that can adapt to real-time
conditions and learn continuously from
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distributed and diverse sources of data
(Fahimnia et al, 2024)

A significant challenge in modern supply
chain forecasting is the fragmentation and

sensitivity —of data across multiple
stakeholders.  Retailers,  manufacturers,
suppliers, and logistics providers each

generate large volumes of valuable data on
sales, customer preferences, inventory levels,
and operational constraints. However, due to
competitive concerns, regulatory restrictions,
and privacy issues, these stakeholders are
often reluctant or unable to share their raw
data with one another. Centralized machine
learning models, which require access to
pooled data, are therefore limited in their
applicability to real-world supply chains.
The inability to leverage distributed data
effectively creates gaps in forecasting
accuracy and undermines the collaborative
potential of supply chain ecosystems (Rao et
al, 2023).

Federated learning (FL) has emerged as a
promising solution to this data-sharing
dilemma by enabling multiple organizations
to collaboratively train machine learning
models without exposing their raw data (Yan
et al, 2024). Instead, only model updates are
exchanged and aggregated, preserving data
privacy  while  enhancing  collective
intelligence. In the context of supply chain
forecasting, federated learning can integrate
insights from multiple partners while
respecting confidentiality, thereby generating
more accurate and holistic forecasts. Despite
its potential, however, federated learning
faces challenges such as communication
overhead, model heterogeneity, and uneven
data quality across participants. These issues
must be carefully addressed to ensure the
effectiveness of FL in practical supply chain
settings (Falatouri et al, 2022).

Another critical limitation of existing
forecasting models is their inability to
prioritize learning from the most informative
data. In traditional supervised learning, all
data points are treated equally, even though
some samples provide much more useful
insights for improving predictive
performance. This is where active learning
(AL) becomes valuable: by selectively
querying the most relevant and uncertain
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data points for model training, AL reduces
the labeling burden and enhances the
efficiency of learning. For supply chains,
where data labeling and preparation can be
resource-intensive and time-sensitive, active
learning offers a mechanism to focus on the
most critical demand and supply signals,
improving both speed and accuracy (Peng et
al, 2024).

The integration of federated learning with
active learning—referred to as federated
active learning (FAL)—provides a novel
paradigm for addressing the dual challenges
of data privacy and efficient learning in
supply chain forecasting (Zhu et al., 2024).
FAL not only allows organizations to
collaborate without compromising sensitive
data but also ensures that the joint model
prioritizes the most informative and
uncertain data samples across distributed

nodes. This synergy can enable more
adaptive, robust, and  cost-effective
forecasting  systems  that  outperform
traditional ~models.  Nevertheless, the

application of FAL in supply chain contexts
remains  underexplored, with  limited
empirical studies or industry adoption to date

(Javanmard et al., 2023).

The lack of research in this area creates a
critical gap: although federated active
learning has been studied in fields such as
healthcare, finance, and autonomous
systems, its application to demand and
supply forecasting in supply chains poses
unique challenges and opportunities. Supply
chains are characterized by temporal
dependencies,  seasonality, = multi-tiered
networks, and heterogeneous data sources
ranging from structured (e.g., ERP data) to
unstructured  (e.g., customer reviews).
Applying FAL in such environments
requires novel strategies for model
coordination, active query selection, and
communication  optimization.  Without
addressing these challenges, the full potential
of FAL for supply chain forecasting cannot
be realized (Das et al., 2023).

Moreover, there is a practical need to
evaluate how FAL can impact decision-
making across different supply chain
functions. For instance, demand forecasts
directly  influence  procurement  and

production planning, while supply forecasts
affect logistics scheduling and supplier
coordination. If forecasting models are
inaccurate, the cascading effects can disrupt
entire supply networks, resulting in financial
losses and reputational damage. By contrast,
more reliable forecasting enabled by FAL
could significantly  enhance  agility,
resilience, and sustainability across supply
chains (Zhou et al., 2023). This underscores
the importance of advancing research into
how federated active learning can be
effectively designed, implemented, and
validated within the supply chain domain.

In conclusion, the problem lies in the
inadequacy of traditional  centralized
forecasting methods to handle distributed,
sensitive, and complex data environments,
combined with the inefficiency of treating all
data equally in model training. Federated
active learning presents a promising yet
underutilized approach that addresses both
privacy and efficiency concerns while
enabling adaptive forecasting. However, the
lack of domain-specific studies,
methodological frameworks, and empirical
validation in supply chain applications
creates a pressing research gap. Addressing
this gap is essential to wunlock new
opportunities for demand and supply
forecasting that can better support decision-
making, optimize resource allocation, and
enhance the resilience of global supply

chains in an era of unprecedented
uncertainty.
Furthermore, federated learning, when

combined with active learning, enhances the
efficiency of training by focusing on the
most informative data points, leading to
faster and more accurate results (Wei et al.,
2022). This method holds significant
potential for real-time demand forecasting in
complex supply chains, allowing businesses
to swiftly adapt to market fluctuations and
consumer behavior (Wu & Monfort, 2023).
This paper aims to explore the application
of federated learning in supply chain demand
forecasting, emphasizing its potential to
improve accuracy, protect data privacy, and
enhance  operational  efficiency. By
examining existing literature and case
studies, this research contributes to the
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ongoing discussion on Al-driven innovations
in supply chain management.

2. Literature Review
2.1 Machine Learning
Forecasting

Machine learning (ML) methods—such as
neural networks, support vector machines,
and hybrid models—are increasingly used
for demand forecasting in supply chains.
Seyedan and Mafakheri (2020) categorized
predictive big-data analytics methods in
supply chain management (SCM), ranging
from time-series forecasting and clustering
to neural networks and regression
approaches, and emphasized their potential
to enhance forecasting accuracy. Feizabadi
(2020) demonstrated that hybrid ML models,
particularly those combining ARIMAX with
neural networks, can effectively mitigate
inefficiencies such as the bullwhip effect in
multi-stage supply chains. Other reviews
have also highlighted the growing use of
artificial intelligence (Al) for supply chain
forecasting, including deep learning models
like LSTM and hybrid ARIMA-NN models,
which outperform traditional statistical
methods in capturing nonlinear demand
patterns (Lei et al, 2025).

in  Supply Chain

2.2 Federated Learning: Foundations and
Supply Chain Applications

Federated learning (FL) has emerged as a
solution for collaborative model training
across decentralized data silos while
protecting privacy. As defined by Yang et al.
(2019), FL allows local models to be trained
independently and then aggregated to form a
global model. A subsequent survey by Liu et
al. (2021) extended this understanding by
categorizing FL into horizontal, vertical, and
transfer variants, each suited for different
data distribution scenarios. In SCM, FL is
still an emerging application but shows
significant promise. For example, Lo et al.
(2023) showed how FL-based decision
support systems can reduce information
asymmetry and protect privacy across supply
chain partners, particularly in demand
forecasting and risk prediction. In the textile
industry, an FL framework called CFL was
found to enhance delivery-risk prediction,
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especially for small and medium-sized
enterprises (SMEs) with limited datasets
(Mdpi, 2023).

2.3 Theoretical Frameworks in Supply Chain
Management

Supply chain management theory provides
valuable perspectives for understanding
collaboration and forecasting. Channel
coordination theory emphasizes alignment
among partners to reduce inefficiencies,
where models such as Collaborative
Planning, Forecasting and Replenishment
(CPFR) highlight the role of joint visibility
and synchronized replenishment practices
(Wikipedia Contributors, 2025a, 2025b).
These approaches show that coordinated
forecasting across firms leads to reduced
costs and better responsiveness. Broader
theoretical perspectives, such as the
relational view and the resource-based view,
have also been used to explain how
collaborative forecasting and knowledge
sharing generate competitive advantages
(Wikipedia Contributors, 2025c).

2.4 Synthesizing Federated Learning, Active
Learning, and SCM Theory

While FL addresses privacy and
collaboration challenges, active learning
(AL) enhances model efficiency by

prioritizing the most informative data points
for training. This approach reduces labeling
costs and accelerates learning. Although both
FL and AL have been studied in domains
such as healthcare and finance, their
integration—federated  active  learning
(FAL)—remains underexplored in SCM. As
noted in existing reviews (Seyedan &
Mafakheri, 2020; Lo et al., 2023), the SCM
environment is characterized by temporal
dependencies, heterogeneous data, and
multi-tier networks. Embedding FAL within
theoretical frameworks such as CPFR and
channel  coordination could improve
collaborative forecasting while safeguarding
sensitive data and focusing model training on
the most critical demand and supply signals.
The supply chain sector has undergone
significant transformations due to rapid
advancements in information technology,
making effective supply chain management



Gheiratmand et al./ The Application of Federated Active Learning in Supply Chain Demand and Supply
Forecasting

essential in modern economies. The ability
to forecast demand and manage supply
efficiently has become a critical factor for
maintaining competitiveness in the global
marketplace (Zarei et al., 2024). As
businesses aim to meet customer needs while
optimizing costs, predictive techniques have
emerged as indispensable tools for decision-
making processes within supply chains
(Syntetos et al., 2016).

One of the primary techniques that has
garnered attention in this field is machine
learning. Machine learning models, which
learn from historical data to predict future
outcomes, have been widely adopted for
demand forecasting in supply chains (Aamer
et al., 2020). Among the various machine
learning approaches, federated learning
stands out due to its ability to preserve data
privacy while enabling collaborative learning
across multiple entities without the need to
centralize sensitive information (Li et al.,
2019).

Federated learning allows models to be
trained on decentralized data sources,
ensuring that private data remains localized.
This is particularly beneficial in contexts
such as retail and e-commerce, where
customer data security is a major concern
(Kshetri et al., 2023). Federated learning
leverages local computation at the client
level and only transmits model updates to a
central server, minimizing the risk of data
breaches (McMahan et al., 2017).

Moreover, the combination of federated
learning with active learning enhances the
efficiency of the learning process. Active
federated learning prioritizes data instances
that are most informative for model training,
thus reducing the overall computational cost
while maintaining high model accuracy (Wei
et al., 2022). This method has proven to be
especially useful in complex supply chains,
where real-time decision-making is crucial
(Wu & Monfort, 2023).

In addition to preserving privacy, federated
learning significantly enhances supply chain
efficiency by improving demand prediction
models. Research has demonstrated that
federated learning-based systems can
achieve high accuracy in forecasting supply
and demand, with models performing at

precision levels as high as 99% in certain
experimental settings (Wei et al., 2022).

The present study builds upon this
foundation by exploring the integration of
federated learning within supply chain
management systems, particularly focusing
on its potential to enhance privacy, accuracy,
and operational efficiency. By analyzing the
theoretical and empirical evidence from prior
studies, this paper contributes to the growing
body of knowledge on innovative machine
learning applications in supply chain
optimization (Kshetri et al., 2023).

3. Method

This section provides a comprehensive
description of the methodology used in
evaluating the application of federated
learning in supply chain demand forecasting.
The methodology consists of two main
phases: the development of the federated
learning model and its application in
predicting demand and supply within a
decentralized supply chain system. Detailed
steps and processes, along with key
parameters, are outlined below to ensure
transparency and reproducibility.

This section provides a comprehensive
description of the methodology employed to
evaluate the application of federated learning
in supply chain demand forecasting. The
methodology is designed not only to test the
feasibility of federated learning in handling
decentralized and sensitive supply chain data
but also to demonstrate its effectiveness in
enhancing forecasting accuracy while
preserving data privacy. To ensure a
systematic approach, the methodology is
divided into two main phases: (1) the
development and training of the federated
learning model, and (2) its implementation
and evaluation for predicting demand and
supply within a decentralized supply chain
system. Each phase is carefully structured
with  detailed steps, processes, and
parameters to guarantee both transparency
and reproducibility.

In the first phase, the federated learning
model is designed using a client—server
architecture, where multiple supply chain
nodes (e.g., retailers, manufacturers,
suppliers, and logistics providers) act as
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local clients. Each client retains its dataset,
which  may include sales transactions,
inventory records, production schedules, or
order histories. Instead of sharing raw data,
each client trains a local model using its
dataset and then transmits only the model
updates—such as weights and gradients—to
a central aggregator. The central server
applies a secure aggregation algorithm (e.qg.,
Federated Averaging) to combine the
updates and create a global model. This
iterative process continues until convergence
criteria are met, ensuring that knowledge is
shared across the network  without
compromising individual data privacy. Key
design parameters in this phase include the
number of training rounds, batch sizes,
learning  rates, and  communication
frequency.

The second phase involves applying the
trained federated learning model to predict
demand and supply patterns within the
supply chain. The global model generated in
the first phase is distributed back to all
participating clients, enabling them to benefit
from collective intelligence while still
operating in decentralized environments. The
model is evaluated using real or simulated
supply chain datasets that reflect diverse
conditions, such as seasonal demand
fluctuations, sudden disruptions, and multi-
tier interactions between suppliers and
distributors. Performance is assessed by
comparing the federated model’s predictions
with those of traditional centralized models
and  baseline  statistical  forecasting
techniques, using evaluation metrics such as
Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE).

To strengthen the robustness of the
methodology, additional steps are integrated.
These include data preprocessing
procedures—such as normalization, missing-
value handling, and feature engineering—to
ensure consistency across heterogeneous
datasets. Moreover, strategies for addressing
client heterogeneity, such as weighting
updates based on data volume or model
quality, are incorporated into the aggregation
process. Attention is also given to
communication efficiency, as federated
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learning models may require frequent
exchanges of updates. Techniques such as
compression, partial model updates, and
asynchronous aggregation are considered to
reduce overhead.

Furthermore, the methodology incorporates
a comparison between standard federated
learning and federated active learning (FAL).
In the FAL setup, clients are enabled to
identify and prioritize the most informative
or uncertain data samples for local training.
This enhances the learning process by
focusing computational resources on high-
value data points, thereby improving
accuracy and reducing training time. The
comparison between FL and FAL provides
deeper insights into the relative benefits of
integrating active learning in decentralized
forecasting environments.

Finally, ethical and security considerations
are embedded within the methodology to
address concerns related to data sensitivity
and potential vulnerabilities in federated
systems. Techniques such as differential
privacy, secure multi-party computation, and
homomorphic encryption are considered to
enhance trust among participants. By
outlining these steps in detail, the
methodology ensures that the experimental
design can be replicated or extended by
future researchers, and that the findings
contribute to advancing knowledge on
privacy-preserving forecasting in supply
chain management.

3.1 Model Development
3.1.1 Data Collection and Preprocessing

The first step involves the collection of
decentralized data from various nodes in the
supply chain, such as retailers, distributors,
and warehouses. The types of data collected
include:

» Sales transactions: Historical sales data
for different products across various
regions.

« Inventory levels: Data on available stock
at each node.

« Customer demand patterns: Historical and
real-time purchase trends for predicting
future demand.

« External factors: Seasonal trends, market
shifts, and pricing fluctuations.
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« Each node stores and processes its local
data independently to ensure privacy
(McMahan et al., 2017). To prepare the
data for model training, the following
preprocessing steps are taken:

» Data cleaning: Handling missing values,
outliers, and noise in the dataset. For
instance, any missing entries in the sales
data are imputed using the mean or
median of historical data.

» Normalization: The data is normalized to
ensure that features like sales quantity,
time of purchase, and customer
demographics are on the same scale.

« Data segmentation: Time series data is
segmented into appropriate windows
(e.g., weekly or monthly) for more
accurate demand predictions.

3.1.2 Federated Learning Setup
Federated learning is implemented as the
core method for decentralized training,

where each node in the supply chain trains a

local model using its dataset without sharing

raw data with a central server (McMahan et
al., 2017). The key steps are as follows:

» Local model training: Each node trains its
own machine learning model based on its
local data. The models use algorithms
such as Gradient Boosting Machines
(Natekin & Knoll, 2013) or LSTM (Long
Short-Term Memory) networks to capture
time-series demand patterns.

» Model updates: Instead of transmitting the
raw data, each node sends model updates
(gradients or weights) to the central
server.

» Global aggregation: The central server
aggregates the updates from all nodes to
create a global model. This aggregated
model is then shared back with the nodes
for further refinement, ensuring that no
sensitive data is transferred during the
process (Li et al., 2019).

3.13 Active Learning Integration

To improve the efficiency and performance
of the federated learning model, active
learning is incorporated. Active learning
allows the system to identify the most
informative data points that contribute to the

learning process (Wei et al., 2022). The steps

are:

» Data sampling: Instead of training on the
entire dataset, the model focuses on a
subset of data instances that have the
highest uncertainty or are most likely to
improve the model’s accuracy.

» Reduced communication cost: By focusing
on key data points, the system reduces the
volume of data transmitted between nodes
and the central server, leading to faster
convergence and lower computational
costs.

3.1.4 Model Evaluation

The model is evaluated based on several
key metrics to ensure its accuracy and
efficiency:

* Prediction accuracy: The global model’s
ability to forecast demand at each node is
measured. Accuracy is calculated using
metrics like Mean Absolute Error (MAE)
or Root Mean Square Error (RMSE).

e Data privacy: The system’s ability to
protect sensitive data is validated through
the use of techniques like differential
privacy (Wei et al., 2025). This ensures
that no individual node’s data can be
reverse-engineered from the model
updates.

« Efficiency: The computational efficiency
is assessed by measuring the total time
taken to train the model and the
communication overhead between nodes
and the server.

3.2 Application in Supply Chain Forecasting
3.2.1 Real-Time Data Monitoring

The system is designed to operate in real-
time, with each node continuously
monitoring local demand and supply
conditions. Data collected includes:

+ Daily sales data from retail points.

» Inventory levels at distribution centers.

» External data such as weather patterns,
holidays, and promotional events that may
influence demand.

» Real-time updates are incorporated into
the model to continuously refine demand
forecasts.
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3.2.2 Demand Prediction and Optimization
The global federated learning model is used
to generate demand forecasts for the entire
supply chain, enabling the following
optimizations:
* Inventory management: Forecasting helps
to optimize stock levels by adjusting

inventory orders based on predicted
demand.
« Supply chain  flexibility:  Real-time

forecasting allows the supply chain to adapt
quickly to fluctuations in consumer
demand, minimizing delays and reducing
the bullwhip effect (Lee et al., 1997).

» Cost reduction: The model helps in
reducing holding costs by preventing
overstocking, and at the same time,
minimizes stockouts, which reduces lost
sales.

3.2.3 Evaluation Metrics
The performance of the federated learning

model is measured against traditional

centralized demand forecasting models. Key
performance indicators (KPIs) include:

» Accuracy improvements: Comparison of
forecasting accuracy between the federated
model and traditional methods using
metrics such as MAE and RMSE.

» Data privacy preservation: Evaluation of
the system’s ability to safeguard customer
and operational data.

» Cost efficiency: Analysis of how the
federated model reduces operational costs
through improved demand predictions.

3.3 Proposed Block Diagram

The following block diagram visually
represents the federated learning framework
used in this study:

Figure 1. Block Diagram, Federated Learning Process for Supply Chain Demand Forecasting

Node 1

(Retailer)

Local Data
+ Model

'

Node N
{Warehouze)

Local Data
+ Model

.

Central Server (Global Model)
hggregates Local Models

Glokal Model Update and Feedback
Updated Glocbal Model Sent to R11 Nodes

This diagram represents the flow of data
and model updates in a federated learning
system for decentralized supply chain
demand forecasting.

3.4 System Flow Diagram

The following flowchart outlines the
overall process of the federated learning
system within the supply chain:

The proposed federated learning model
provides an efficient and privacy-preserving
approach  for supply chain demand
forecasting. By leveraging decentralized
data from multiple nodes and integrating
active learning techniques, the model
improves both prediction accuracy and
computational efficiency. This methodology
can be further expanded by integrating more
advanced privacy-preserving techniques and
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testing its scalability across larger supply

chains.
Figure 2. Process of the federated learning system
within the supply chain
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4. Findings

The results of applying the federated
learning approach to supply chain demand
forecasting are presented in this section. This
methodology was evaluated based on its
accuracy, efficiency, privacy preservation,
and computational cost compared to
traditional centralized methods. The findings
are summarized in the following tables and
figures, which highlight key performance
metrics and demonstrate the effectiveness of
the federated learning model.

4.1 Accuracy of Demand Forecasting

The accuracy of demand predictions is a
critical factor in assessing the success of any
forecasting model. The federated learning
model was evaluated using Mean Absolute
Error (MAE) and Root Mean Square Error
(RMSE) as performance metrics, compared
to a centralized learning approach. The table
below presents the comparison of both
models in terms of these metrics.

Table 1. Comparison of forecasting accuracy between federated and centralized models.

Model MAE RMSE

(Lowver is better) (Lower is better)
Federated Learning Model 0.031 0.045
Centralized Learning Model 0.057 0.065

From Table 1, it is evident that the
federated learning model consistently
outperforms the centralized model in both
MAE and RMSE. The federated approach
yields a 45% improvement in MAE and a
31% improvement in RMSE, indicating
higher precision in predicting supply chain
demand.

4.2 Efficiency and Communication Overhead

One of the key advantages of federated
learning is its ability to reduce
communication overhead, as raw data does
not need to be shared between nodes.
Instead, only model updates are exchanged.
The following figure illustrates the
communication costs for federated learning
compared to a centralized approach over 100
training iterations.

Figure 2. Communication Cost per Training Iteration (Federated vs. Centralized)

Communication cost per traiming iteration
vss. Centrated s. Centralized

Trainated iterations

@ Tranniration
@ Federaten
S001 @ Ceduraized

@ Centralzed

B0

5 =8
<

TrenmiinninoDs
nn z

0.0-

> )

Centuraized cost

@ Communication
O ficers.

© Centralized
@ eanirgmoden

00 00 20 000 5.00
Cormunication cost

In Figure 2, the federated learning model
shows significantly lower communication
costs per iteration compared to the
centralized model. This reduction is due to
the fact that in federated learning, only
model updates are shared, rather than entire

10 120 100
Communication cost

datasets. This leads to substantial savings in
bandwidth and computing resources.

4.3 Privacy Preservation

The privacy preservation capabilities of the
federated learning model were tested using
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Differential Privacy (DP), which measures
the degree of privacy achieved by the model.
The following table presents the comparison
of privacy risk between federated and
centralized models based on epsilon (g)
values, which indicate the level of privacy
risk (lower values represent stronger privacy
guarantees).

Table 2. Privacy comparison between federated and
centralized models.

Epsilon (g) (Lower is
Model better)
Federated Learning Model 0.45
Centralized Learning
Model 115

As shown in Table 2, the federated learning

model provides a much stronger privacy
guarantee, with an epsilon (g) value
significantly lower than that of the
centralized model. This indicates that the
federated model effectively protects sensitive
data during the learning process.

4.4 Model Convergence and Training Time

The convergence speed and training time of
the federated model were compared to the
centralized model over the course of 100
epochs. The following figure illustrates the
convergence rate of both models.

Figure 3. Model Convergence Comparison (Federated vs. Centralized)
Model Convernsce Comparation

Federated vsinod
The Federated v. learning model

& learning

In Figure 3, the federated model converges
more quickly than the centralized model,
reaching  optimal  performance  after
approximately 75 epochs, whereas the
centralized model requires over 100 epochs
to converge. This faster convergence is due
to the use of active learning, which allows
the model to prioritize the most informative
data instances, leading to  quicker
improvements in performance.

4.5 Computational Efficiency

The computational efficiency of both
models was evaluated by measuring the time
taken to complete the training process. The
results are summarized in the following
table.
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Table 3. Training time comparison between
federated and centralized models.
Training Time
(seconds)
120

185

Model

Federated Learning Model

Centralized Learning Model

From Table 3, it is clear that the federated
learning model is more computationally
efficient, with a 35% reduction in training
time compared to the centralized model. This
efficiency gain is primarily due to the
distributed nature of the federated learning
system, where computations are performed
locally at each node.

4.6 Impact of Active Learning on Accuracy

The incorporation of active learning into
the federated learning model significantly
improves its performance by selecting the



Gheiratmand et al./ The Application of Federated Active Learning in Supply Chain Demand and Supply
Forecasting

most informative data points for model
updates. The following table presents the
accuracy improvements (measured by MAE)
with and without active learning.

Table 4. Impact of active learning on federated

learning model accuracy.

MAE (With MAE (Without
Active Learning) | Active Learning)

Model

Federated
Learning
Model

0.031 0.043

As shown in Table 4, the use of active
learning reduces the MAE by 28%,
demonstrating that the selection of the most
relevant data points significantly enhances
the accuracy of the federated

5. Discussion

This study explored the application of
federated active learning (FAL) in supply
chain demand and supply forecasting. The
review of existing literature confirms that
traditional forecasting methods struggle to
adapt to the increasing complexity and
uncertainty of supply chains. Although
machine learning (ML) methods have
enhanced accuracy in demand prediction
(Seyedan & Mafakheri, 2020; Feizabadi,
2020), they often rely on centralized data,
which creates privacy concerns and limits
scalability. Federated learning (FL) offers a
paradigm shift by enabling distributed
learning  while  protecting  sensitive
organizational data (Yang et al., 2019; Liu et
al., 2021).

At the same time, active learning (AL)
addresses inefficiencies in model training by
selecting the most informative data points,
reducing labeling costs and computational
overhead (Lei et al, 2024). Integrating FL
and AL as FAL creates a unique opportunity
to enhance both  privacy-preserving
collaboration and learning efficiency in
supply chains. Although promising, the
literature shows that the application of FAL
in SCM s still limited, with only a few
studies examining its impact on forecasting
and decision-making (Lo et al., 2023; Mdpi,
2023). Theoretical perspectives, such as
channel coordination and CPFR, suggest that
collaborative forecasting benefits all supply
chain members when information sharing is
enabled (Wikipedia Contributors, 2025a,

2025b). Thus, embedding FAL into these
frameworks could significantly improve
agility, resilience, and sustainability in
modern supply chains. By following these
directions, both academia and industry can
unlock the potential of federated active
learning in supply chain forecasting.

6. Conclusion

This study has demonstrated the significant
potential of federated learning in improving
supply chain demand forecasting while
addressing critical issues such as data
privacy, computational efficiency, and
accuracy. By decentralizing the learning
process, federated learning enables multiple
nodes across the supply chain (e.g., retailers,
warehouses) to collaboratively improve
demand forecasting without sharing sensitive
data. This not only enhances privacy
preservation but also reduces communication
and computational costs. The results of the
study reveal that the federated learning
model outperforms traditional centralized
models in several key aspects. First, in terms
of forecasting accuracy, the federated model
achieved significantly lower Mean Absolute
Error (MAE) and Root Mean Square Error
(RMSE), indicating more precise demand
predictions. Second, the use of active
learning within the federated framework
further improved accuracy by selecting the

most informative data points, reducing
training time and ensuring  faster
convergence. Additionally, the federated

model’s ability to preserve privacy was
evidenced by lower epsilon (g) values,
offering  stronger privacy  guarantees
compared to centralized approaches. Another
major advantage of federated learning is its
computational efficiency. The distributed
nature of the learning process led to a 35%
reduction in training time compared to
centralized models. Furthermore, the reduced
communication costs between nodes and the
central server resulted in lower resource
consumption, making the approach more
scalable for real-time applications in large
and complex supply chains. In conclusion,
the federated learning model provides an
innovative solution for demand forecasting
in decentralized supply chain environments.
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By ensuring privacy, improving forecasting
accuracy, and reducing computational
overhead, federated learning has the
potential to become a standard approach for
real-time supply chain optimization. Future
work could focus on integrating additional
privacy-preserving techniques, such as
homomorphic encryption, and extending the
model to address other supply chain
challenges such as production planning and
logistics management.

Doing so would enable more reliable
decision-making, better resource allocation,
and stronger resilience against disruptions in
an increasingly complex global market.

Based on the findings, several
recommendations are proposed for both
practitioners and researchers:

1. Researchers should design federated
active learning models tailored to
SCM contexts, accounting for
heterogeneous data sources, temporal
demand patterns, and multi-tier
supply networks

2. Managers  should  explore  the
integration of FAL within CPFR
practices to  balance  privacy
protection with the need for shared
forecasting insights

3. Organizations need to establish secure
digital platforms that facilitate
distributed training and
communication, reducing overheads
while ensuring trust among partners.

4. Combining FAL with advanced ML
techniques, such as LSTM and hybrid
ARIMA-NN models, may Yyield
superior forecasting performance in
volatile environments

5. Future empirical studies should
implement FAL in real supply chain
settings—such as retail,
manufacturing, or  logistics—to
validate theoretical claims and
measure performance improvements.
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