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echelon supply chains where goods move through
various stages, including manufacturers, wholesalers,
and retailers. Traditional time-series models like ARIMA
and SARIMA have been widely used for demand
forecasting, but their limitations in handling complex,
non-linear relationships and incorporating external
factors such as promotions and weather events have led
to the exploration of machine learning (ML) and deep
learning (DL) techniques. This study evaluates and
compares the performance of Al-driven demand
forecasting models, including ARIMA, SARIMA, Random
Forest (RF), Gradient Boosting Machines (GBM), and
Long Short-Term Memory (LSTM) networks. The results
demonstrate that the LSTM model
traditional

outperforms

methods and other machine learning
algorithms in terms of accuracy, as measured by lower
MAE, RMSE, and MAPE values across all echelons of the
supply chain (retailer, wholesaler, and manufacturer).
The superior performance of LSTM highlights its ability
to capture long-term dependencies and handle the
complexity of multi-echelon supply chains. This study
provides valuable insights into the effectiveness of Al-
driven forecasting models for real-world supply chain
applications, particularly in managing dynamic demand

patterns and optimizing operations.

Keywords: Demand forecasting, multi-echelon supply
chain, Machine learning, Deep learning, Long Short-
Term Memory (LSTM), Random Forest, Gradient
Boosting Machines, ARIMA, SARIMA, Supply chain
optimization, Forecasting accuracy.

Introduction

Demand forecasting is a critical component of supply

chain management, impacting inventory control,

production planning, procurement, and distribution. In
multi-echelon supply chains, where goods move

through various stages, from manufacturers to
wholesalers to retailers, accurately predicting demand
across these stages is essential for optimizing
operations. Traditional forecasting methods have often
relied on historical data analysis using techniques such
as

moving averages and exponential smoothing.

However, these methods struggle to handle the
complexity of modern supply chains, where non-linear
relationships, external factors (such as promotions,
holidays, and weather), and interdependencies between
different supply chain stages must be taken into

account.
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Recent advancements in machine learning and artificial
intelligence (Al) have provided new opportunities for
improving demand forecasting. These techniques are
capable of learning complex, non-linear relationships in
large datasets, making them well-suited for supply chain
deep
particularly Long Short-Term Memory (LSTM) networks,

forecasting. Among these, learning models,
have demonstrated significant promise in capturing
temporal dependencies and learning from sequential
data. The goal of this research is to evaluate the
effectiveness of Al-driven demand forecasting models,
focusing on multi-echelon supply chains, and compare
their
methods.

performance against traditional forecasting

This paper presents a comprehensive methodology for
the
integration of machine learning techniques, such as

Al-driven demand forecasting, focusing on
Random Forests, Gradient Boosting Machines, and
LSTMs, for improving demand predictions at different
supply chain echelons. The subsequent sections
describe the dataset collection, data preprocessing,
model and evaluation

development, processes,

followed by a comparative analysis of the results.
Literature Review

Demand forecasting has been a widely studied topic in
supply (SCMm).
forecasting techniques, such as time-series analysis,

chain  management Traditional
have long been used in practice. The AutoRegressive
Integrated Moving Average (ARIMA) model is one of the
most well-known and widely applied methods for
forecasting demand in time-series data (Box & Jenkins,
1976). ARIMA and its seasonal extension, SARIMA, have
been successfully applied in many supply chain contexts,
particularly where demand patterns exhibit seasonality
2018).

However, these models face limitations in capturing

and trends (Hyndman & Athanasopoulos,

non-linear relationships and incorporating external
variables, which are common in modern, dynamic
supply chains.

The introduction of machine learning techniques has
significantly advanced the field of demand forecasting.
Decision tree-based models, such as Random Forest (RF)
and Gradient Boosting Machines (GBM), have gained
attention for their ability to model complex, non-linear
relationships and interactions between variables. These
models can effectively capture the impact of external
factors like weather and

promotions, patterns,
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economic indicators (Breiman, 2001; Friedman, 2001).
Several studies have demonstrated the effectiveness of
RF and GBM models in demand forecasting for supply
chains (Bai et al., 2019; Chong et al., 2017).

However, despite their effectiveness in handling non-
linear relationships, decision tree-based models still
struggle to capture the temporal dependencies present
in time-series data. This limitation has been addressed
by the development of deep learning models,
particularly Recurrent Neural Networks (RNNs), which
are designed to process sequential data. Among RNNSs,
Long Short-Term Memory (LSTM) networks have shown
superior performance in modeling long-term
dependencies in time-series forecasting (Hochreiter &
Schmidhuber, 1997). LSTMs have been successfully
applied in a wide range of forecasting tasks, including
stock price prediction, weather forecasting, and supply
chain demand forecasting (Xie et al., 2018; Shi et al.,

2019).

Recent studies have demonstrated that deep learning
models, particularly LSTMs, can outperform traditional
methods in demand forecasting, especially in complex,
multi-echelon supply chains. For example, Li et al. (2020)
proposed an LSTM-based model for demand forecasting
in a multi-echelon supply chain, demonstrating its ability
to capture dependencies across different levels of the
supply chain. Similarly, Chen et al. (2021) applied deep
learning models to forecast demand at various echelons
and found that LSTM outperformed traditional ARIMA
models in terms of accuracy and predictive power.

In addition to LSTMs, hybrid models that combine
traditional methods with machine learning techniques
have also been explored. For instance, Zhang et al.
(2018) integrated ARIMA with machine learning models,
such as support vector machines (SVM), to improve
forecasting accuracy. These hybrid models leverage the
strengths of both traditional and modern techniques,
improving their ability to capture both linear and non-
linear relationships in the data.

Despite the promising results of deep learning and
hybrid models, challenges remain in their practical
implementation, particularly in the context of multi-
echelon supply chains. These challenges include the
need for large datasets, computational resources, and
the ability to
Nonetheless,

interpret the models' predictions.

the potential of Al-driven demand

forecasting models in supply chain optimization is vast,
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and continued research is necessary to address these
challenges and further enhance their applicability in
real-world scenarios.

Methodology

In this study, we focus on Al-Driven Demand Forecasting
for Multi-Echelon Supply Chains, with the goal of
enhancing demand prediction

different of the supply
manufacturers, wholesalers, and retailers. Our approach

capabilities across

levels chain, including
combines several machine learning techniques, starting
from dataset collection and preprocessing, through to
model development, validation, and evaluation. In the
following sections, we provide a detailed account of
each step in the methodology we employed for this

research.
Dataset Collection

For this research, we gathered a comprehensive dataset
sourced from a variety of supply chain partners across
multiple echelons. These
wholesalers, and retailers, providing us with both

included manufacturers,

historical demand data and a range of supporting
variables. The dataset encompasses a wide array of
product categories, geographic locations, and supply
chain structures, making it both complex and realistic.

We collected data over several years to capture seasonal

trends, promotions, and economic variations. Key
information included product SKUs, sales quantities,
prices, inventory levels, lead times, and order quantities.
To ensure that our model was as robust as possible, we
incorporated external factors such as weather patterns,
public holidays, and broader economic indicators.
Additionally, we included both structured data (e.g.,
sales records, inventory data) and unstructured data
(e.g., promotional events or supply chain disruptions),
ensuring that all relevant factors were accounted for in

our forecasting model.
Data Preprocessing

The raw dataset required significant preprocessing
before it could be used for machine learning tasks. We
began by addressing any missing values through
imputation techniques. For numerical variables, we used
the median value to replace missing data, while
categorical variables were imputed using the mode. In
cases where the missing data was too extensive, we
examined the potential impact of removing such records

or treating them differently, depending on their
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importance.

Outlier detection and removal were also essential steps.
Extreme demand spikes, often caused by promotional
events or system errors, were identified and removed
like
interquartile range (IQR). These outliers could have

using statistical techniques Z-scores and

skewed our model, making it less effective.

We then applied normalization and scaling to the data,
which was crucial for improving model performance.
Numerical features were scaled to a range between 0
and 1 using Min-Max scaling. This ensured that all
features contributed equally to the model, preventing
larger range features from dominating the learning
process. For categorical variables, we utilized one-hot
encoding, transforming them into binary features, which
allowed us to include them in the machine learning
algorithms without introducing any bias.

Additionally, we transformed the time-series data into a
format suitable for forecasting by creating temporal
features. These included day of the week, month,
quarter, and holiday indicators, all of which provided the
model with important seasonal and periodic patterns.
Given the multi-echelon nature of the supply chain, we
also developed hierarchical features to capture demand
at different supply chain levels, such as the retailer,
wholesaler, and manufacturer stages.

Feature Extraction

Feature extraction was a critical part of our
methodology. We employed a mix of domain knowledge
and data-driven techniques to create features that
would allow our machine learning models to make
To

dependencies in the data, we included lag variables,

accurate  predictions. capture  temporal
such as demand from the previous day, week, and
month. This was particularly important as demand
patterns often exhibit delayed effects, which needed to

be captured for effective forecasting.

We also created rolling window features, including
moving averages, to smooth out any short-term
fluctuations in demand. These features allowed us to
focus on longer-term trends, which are crucial for
forecasting in supply chain management. To further
enrich the feature set, we calculated autocorrelation
and partial autocorrelation values for the time series,
which helped in identifying any recurring patterns or
dependencies at different time lags.
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Recognizing the impact of external factors on demand,
we engineered features related to promotions, holidays,
and weather conditions. For example, we included
binary indicators for whether a product was on
promotion during a given period, and continuous
features indicating how many days remained until the
next public holiday.

Finally, we considered the multi-echelon nature of the
supply chain. We developed cross-echelon features to
capture the dependencies between demand at different
supply chain stages. By doing so, we accounted for the
fact that demand at one echelon, such as the retailer,
often influences demand at upstream echelons, such as
wholesalers and manufacturers.

Model Development

The model development phase involved experimenting
with several machine learning algorithms to identify the
most suitable approach for forecasting demand. Initially,
we used traditional time-series models like ARIMA
(AutoRegressive Integrated Moving Average) and
SARIMA (Seasonal ARIMA) as a baseline for comparison.
While these models are effective for capturing basic
seasonal patterns and trends, they have limitations
non-linear

when it comes to modeling complex,

relationships.

To address these limitations, we then moved on to
machine learning-based approaches. Random Forests
and Gradient Boosting Machines (GBM) were employed
for their ability to handle non-linear relationships and
These
methods are particularly well-suited for dealing with

interactions between variables. ensemble
high-dimensional data, such as the large set of features

we extracted.

In addition to these traditional machine learning
models, we explored deep learning techniques. Long
Short-Term Memory (LSTM) networks, a type of
recurrent neural network (RNN), were used to model
the time-series data. LSTMs are particularly effective at
capturing long-term dependencies in sequential data,
making them ideal for forecasting demand, where
historical demand has a significant impact on future
predictions.

During model development, we employed grid search
and cross-validation techniques for hyperparameter
tuning. This allowed us to optimize each model for its
Additionally,
selection and dimensionality reduction methods, such

best performance. we used feature

https://www.theamericanjournals.com/index.php/tajmei



as principal component analysis (PCA), to ensure that
our models were not overly complex and could
generalize well to new data.

Model Validation

Model validation was crucial for

robustness of the models we developed. To validate our

assessing the

models, we split the dataset into training and test sets.
The training set was used to fit the models, while the
test set served as a holdout to evaluate their predictive
performance. We employed a rolling forecast origin
approach for cross-validation, which is particularly well-
suited for time-series data. This method allowed us to
iteratively train and test the models on different
segments of the data, providing a more accurate
evaluation of their ability to forecast future demand.

Additionally, we performed holdout validation at
multiple supply chain levels, ensuring that our models
performed well not only for individual echelons but also
for the entire multi-echelon supply chain. This was
critical for ensuring that the models could handle both
local and global dependencies in the data.

Model Evaluation

Once the models were validated, we turned to a variety
of performance metrics to evaluate their accuracy.
Common metrics used for time-series forecasting, such
as Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and Mean Absolute Percentage Error
(MAPE), were applied. These metrics helped us quantify
the overall accuracy of the forecasts and provided a
basis for comparing the different models.

In addition to these standard metrics, we also evaluated
the models based on their ability to capture the seasonal
variations and respond to outliers or external shocks.
We closely examined the residuals of each model to
left
unexplained, indicating that the model was truly

ensure there were no significant patterns

capturing all relevant factors.

We also conducted sensitivity analysis to assess the

impact of different features and hyperparameters on
model performance. This allowed us to identify which
features contributed the most to the forecasting
accuracy and helped ensure that our models were not
overfitting to the training data.

In conclusion, our methodology emphasizes the
importance of data preprocessing, feature engineering,
and model selection in the development of an Al-driven
demand forecasting system for multi-echelon supply
chains. Through rigorous validation and evaluation, we
identified  the

demonstrated strong predictive capabilities across

best-performing  model, which
different supply chain echelons, ensuring its practical

applicability in real-world scenarios.
Results

In this section, we present the overall results of the
demand forecasting model, followed by a detailed
comparative study of the different machine learning
techniques and their performance. The performance of
the models was evaluated using various metrics,
including Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage
Error (MAPE). The models were tested on the historical
dataset across different echelons of the supply chain,
namely manufacturers, wholesalers, and retailers. The
results show that Al-driven models, particularly Long
Short-Term Memory (LSTM) networks, outperform
traditional time-series models and machine learning
methods like Random Forest and Gradient Boosting
Machines (GBM) in terms of accuracy and handling
complex dependencies within the data.

Overall Performance Table

The tablel below summarizes the key performance
metrics of the different models used in our study. The
models were trained and tested on the same dataset,
and the metrics were calculated based on their ability to
predict demand at different echelons in the supply
chain.

Table 1: performances the key performance metrics of the different models

Model MAE MAE MAE RMSE
(Retail = (Wholes (Manufac (Retail

er) aler) turer) er)

ARIMA 42.5 56.3 59.8 73.1
SARIMA = 40.3 53.7 57.1 70.2

The American Journal of Management and Economics Innovations

RMSE RMSE MAPE MAPE MAPE
(Wholes ' (Manufact | (Retail (Wholesa (Manufa
aler) urer) er) ler) cturer)
91.2 95.3 15.4% 18.9% 20.5%
88.5 93.4 14.7% 17.5% 19.8%
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Random 32.1 41.5 45.2 58.9

Forest

Gradien | 29.8 39.2 43.4 54.6
t

Boostin
g

Machin

e

LSTM 24.7 32.8 36.5 44.1

As seen from the table, the LSTM model consistently
outperforms all other models across all echelons in the
supply chain. It achieves the lowest MAE, RMSE, and
MAPE, indicating its superior ability to capture complex
demand patterns and dependencies across multiple
levels of the supply chain. The Random Forest and

74.4 81.2 11.2% 14.2% 16.1%
71.8 78.9 10.3% 13.4% 15.6%
58.2 65.4 8.9% 12.1% 13.2%

Gradient Boosting Machine models also show strong
performance, especially when compared to traditional
ARIMA and SARIMA models, which struggle to handle
the non-linear relationships in the data.

Performance Comparison of Different Models

100

80

Values

a0t

20

SARIMA

Comparative Study

In this section, we conduct a detailed comparative study
of the models used in this research, discussing their
strengths and weaknesses, and highlighting their real-
world applicability in supply chain demand forecasting.

ARIMA and SARIMA: Traditional Time-Series Models

ARIMA and SARIMA models are classical approaches
widely used for time-series forecasting. These models
focus primarily on capturing temporal trends and
seasonality in the data, making them useful for
forecasting demand in relatively stable environments. In
the context of supply chain demand forecasting, these
models can work well when demand patterns are

The American Journal of Management and Economics Innovations

Random Forest Gradient Boosting Machine
Models

MAE (Retailer)

MAE (Wholesaler)
MAE (Manufacturer)
RMSE (Retailer)
RMSE (Wholesaler)
RMSE (Manufacturer)

predictable and do not significant

disruptions.

experience

However, ARIMA and SARIMA have several limitations
when applied to complex, multi-echelon supply chain
environments. One of the key weaknesses is their
inability to capture non-linear relationships and
interactions between features. Supply chains often
experience non-linear behavior due to factors such as
promotions, holidays, external shocks (e.g., weather
events), and economic conditions. ARIMA and SARIMA
also struggle to incorporate external variables (such as
weather and promotions) into the forecasting process,

which are critical for demand forecasting in real-world
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supply chains.

In our results, both ARIMA and SARIMA performed
poorly compared to machine learning and deep learning
models. The MAE, RMSE, and MAPE values were
significantly higher, particularly for the wholesaler and
manufacturer echelons. These models also showed
limitations in handling the multi-echelon dependencies
in supply chains, which are essential for accurate
forecasting.

Random Forest and Gradient Boosting Machine:
Ensemble Learning Models

Random Forest and Gradient Boosting Machines (GBM)
are ensemble learning algorithms that can handle non-
linear relationships and complex interactions between
variables. These models are particularly effective in
environments where the data is not purely linear, and
they can handle large feature spaces with multiple
variables. Unlike ARIMA and SARIMA, Random Forest
and GBM can easily incorporate external factors, such as
promotions, weather, and economic indicators, into the
forecasting process.

In our study, Random Forest and GBM performed
than ARIMA and SARIMA,
particularly in terms of handling the complexity of the

significantly  better

multi-echelon supply chain data. These models showed
lower MAE, RMSE, and MAPE values, indicating their
improved accuracy over traditional time-series models.
However, despite their strong performance, they still
lagged behind LSTM models, which excel in capturing
long-term dependencies in time-series data.

In a real-world supply chain scenario, Random Forest
and GBM models are highly valuable, particularly when
there are multiple input features and the relationships
between variables are non-linear. However, they
require careful tuning and feature engineering to
maximize their performance. These models also do not
have the capability to capture sequential dependencies

as effectively as deep learning models like LSTMs.
LSTM: Deep Learning Model

Long Short-Term Memory (LSTM) networks represent a

significant advancement over traditional machine
learning models, particularly in handling sequential data
such as time-series. LSTMs are a type of recurrent neural
(RNN)

dependencies in sequential data. This is particularly

network designed to capture long-term

important in supply chain demand forecasting, where
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demand at one stage of the supply chain is often
influenced by past demand patterns, promotions, or
disruptions.

In our study, the LSTM model outperformed all other
models, achieving the lowest MAE, RMSE, and MAPE
across all echelons of the supply chain. The LSTM's
ability to capture long-term dependencies allowed it to
predict demand more accurately, even in the face of
seasonal variations and supply chain disruptions.
Additionally, LSTM models excel in handling multi-
echelon data by learning dependencies across different
levels of the supply chain, making them ideal for
forecasting demand in complex supply chain systems.

The LSTM model's superior performance in our study
demonstrates its real-world applicability in modern
supply chains, which are often dynamic and complex. As
supply chains become increasingly interconnected, the
ability to forecast demand with high accuracy is critical
to maintaining inventory levels, optimizing production
schedules, and reducing stockouts or excess inventory.
While LSTM models
resources and training data compared to traditional

require more computational

machine learning models, their ability to handle large
datasets and capture complex patterns makes them
highly suitable for real-time demand forecasting in
modern supply chains.

Real-World Use Cases

In real-world applications, demand forecasting plays a
crucial role in optimizing supply chain operations. In
retail, and e-

industries such as manufacturing,

commerce, accurate demand forecasting helps
companies reduce costs, improve customer satisfaction,

and enhance operational efficiency.

For example, a major retail chain can use Al-driven
demand forecasting models like LSTMs to predict
demand at different locations across its network of
stores. By accurately forecasting demand, the retailer
can optimize its inventory levels, ensuring that each
store has enough stock to meet customer needs without
overstocking. This helps reduce storage costs, minimize
stockouts, and improve overall supply chain efficiency.

In manufacturing, demand forecasting is crucial for
optimizing production schedules and managing raw
material inventories. Accurate demand forecasts allow
manufacturers to plan production runs more effectively,
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reducing waste and ensuring that production capacity is
aligned with market demand. This is particularly
important in industries with long production lead times,
such as the automotive or electronics industries.

E-commerce companies can benefit from Al-driven
demand forecasting by using it to predict customer
demand for products at different times of the year. This
enables better management of promotional campaigns,
ensuring that popular products are stocked in advance,
while less popular items are not overstocked. It also
helps in managing the logistics and distribution of
products more efficiently, reducing delivery times and
costs. The results of our study demonstrate the potential
of Al-driven demand forecasting models, particularly
LSTMs, in improving supply chain management. By
leveraging the power of deep learning and machine
learning techniques, companies can optimize their
operations, reduce costs, and improve customer
satisfaction. As supply chains continue to grow in
become an

complexity, Al-driven forecasting will

essential tool for businesses seeking to remain

competitive in an increasingly data-driven world.
Conclusion and Discussion

This study presents an Al-driven approach for demand
forecasting in multi-echelon supply chains, evaluating
the performance of various forecasting models,
including traditional time-series methods, machine

learning algorithms, and deep learning models,
specifically focusing on Long Short-Term Memory
(LSTM) networks. Our results clearly demonstrate the
superior performance of the LSTM model compared to
traditional ARIMA and SARIMA models, as well as
machine learning models like Random Forest and

Gradient Boosting Machines (GBM).

The LSTM model, known for its ability to capture long-
term dependencies in sequential data, significantly
outperformed all other models in terms of accuracy,
measured by lower MAE, RMSE, and MAPE values across
all echelons of the supply chain (retailer, wholesaler, and
manufacturer). The traditional time-series models
(ARIMA and SARIMA) struggled to handle the complexity
of multi-echelon supply chains and failed to capture
non-linear relationships and external factors such as
promotions, holidays, and weather events. On the other
hand, machine learning models, particularly Random
Forest and GBM, showed stronger performance than
ARIMA and SARIMA but still lagged behind LSTM in
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terms of forecasting accuracy, particularly for more
complex and dynamic demand patterns.

Our findings are consistent with prior research, which
has highlighted the strengths of machine learning and
deep learning techniques in handling the complexities of
modern supply chains. Models like LSTM, with their
capacity to learn from large datasets and account for
both temporal and hierarchical dependencies, are
particularly suited for forecasting demand in multi-
echelon settings. The ability of LSTM to adapt to changes
in the supply chain, such as promotions or disruptions,
further practicality
applications.

enhances its in  real-world
One of the most notable advantages of deep learning
models like LSTM is their ability to handle large amounts
of historical and external data. The incorporation of
additional variables, such as weather conditions and
promotional events, allows the model to make more
informed predictions, reducing uncertainty in supply
chain planning. As the global supply chain environment
becomes increasingly complex, with factors such as
volatile consumer and

globalization, preferences,

unpredictable disruptions, Al-driven forecasting
methods will be crucial in ensuring efficient and

responsive operations.

However, while the LSTM model demonstrated superior
performance, it is important to note that deep learning
models require significant computational resources and
large datasets for training. This can pose a challenge for
smaller organizations or those with limited access to
data. Additionally, the
interpretability of deep learning models remains a

high-quality  historical
critical issue, as these models function as "black boxes,"
making it difficult to understand how they arrive at
specific forecasts. This lack of transparency could limit
their adoption in industries where decision-making
requires a clear understanding of model outputs.

Furthermore, the implementation of Al-driven demand
forecasting models requires careful consideration of
several factors, including data quality, feature
engineering, and model maintenance. A key challenge
lies in ensuring that the data used for training the model
is clean, relevant, and up-to-date. Additionally, these
models need to be continuously updated and fine-tuned
to adapt to changing supply chain dynamics. The model's
performance can degrade over time if new data is not

regularly incorporated, which may lead to reduced
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forecast accuracy.

Despite these challenges, the potential benefits of Al-
driven demand forecasting are immense. In the real
world, businesses can use accurate demand forecasts to
optimize inventory management, improve production
scheduling, reduce stockouts and overstock situations,
and better align supply with actual demand. For
in the
forecasting allows retailers to stock the right products in

example, retail sector, accurate demand
the right quantities, thereby minimizing storage costs
and improving customer satisfaction. In manufacturing,
precise demand predictions enable companies to plan
their production processes more efficiently, reducing

lead times and raw material wastage.

The future of demand forecasting in supply chains is
likely to be heavily influenced by Al and machine
learning. The ability to make more accurate, data-driven
decisions will enable businesses to stay competitive in
an increasingly complex and dynamic global market.
Moreover, as these technologies continue to evolve, we
can expect even more sophisticated forecasting models
that integrate additional variables such as real-time
data, loT
techniques. The combination of Al, big data, and real-

sensors, and advanced optimization
time analytics will pave the way for smarter, more

resilient supply chains in the future.

In conclusion, this study emphasizes the transformative
potential of Al-driven demand forecasting in multi-
echelon supply chains. By comparing traditional
methods with advanced machine learning models, we
have demonstrated that LSTM networks, in particular,
provide significant advantages in forecasting accuracy.
While challenges such as data quality, computational
requirements, and model interpretability remain, the
overall potential for improving supply chain efficiency
through Al-driven forecasting is substantial. As these
models continue to improve and become more
accessible, their widespread adoption will undoubtedly
revolutionize the way supply chains manage demand,
ultimately leading to more efficient and responsive

operations across industries.

Acknowledgement: All the author contributed equally.
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