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fluctuations in market demand push companies
to have a stock demand forecasting system that is
accurate and responsive in  real-time.
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INTRODUCTION
Modern supply chain management heavily relies on and requires accurate

predictions for stock needs. Overstocking leads to higher storage costs, while
running out of stock results in lost potential revenue and decreased customer
satisfaction.

Based on historical sales transaction data, products have complex
characteristics: non-linear, influenced by seasonal trends, promotions, and other
external factors. Traditional statistical models like ARIMA or Exponential
Smoothing have limitations in modeling complex non-linear relationships. On
the other hand, using Deep Learning like Long Short-Term Memory (LSTM) is
very reliable in capturing sequential patterns, but less optimal in processing static
tabular features (like product categories, prices, or discounts).

To tackle these challenges, this study combines the strengths of XGBoost
in handling tabular data and non-linear feature extraction, with LSTM supported
by an Attention Mechanism to give more attention weight to the historical
timesteps that are most crucial for future demand trends.

LITERATURE REVIEW

¢ Demand Forecasting in the Supply Chain: Research by Zhang et al.
(2023) shows that Al-based stock prediction automation can cut
warehouse operational costs by up to 18%. However, the main challenge
lies in the fast-changing real-time data.

e The XGBoost and LSTM Combo: XGBoost (Extreme Gradient Boosting)
is well-known for its fast computation and ability to select features from
tabular data. Previous studies have shown that combining XGBoost as a
feature extractor before feeding data into a neural network (like LSTM)
can significantly boost prediction accuracy compared to using the models
separately (Chen & Guestrin, 2016; Wang et al., 2024).

o Attention Mechanism in Time Series: The Attention Mechanism
popularized by Vaswani et al. in the Transformer architecture allows the
model to focus on specific parts of the input sequence that have the
greatest contribution to the prediction, overcoming the vanishing gradient
problem in long time series data.
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METHODOLOGY

This research is designed in 4 main phases:

1. Data Collection and Preprocessing

Data Source: Daily sales transaction data, inventory data, product prices,
and external variables (holidays, promotions) from the warehouse ERP
system.

Normalization: Doing Min-Max Scaling in the range $[0, 1]$ to speed up
model convergence.

Sequence Formation (Sliding Window): Turning historical data into a time
window format of $T$ days for LSTM input.

2. Hybrid XGBoost-LSTM-Attention Model Architecture

Step 1 (Feature Extraction with XGBoost): Tabular features (price,
category, promotion status) are processed through XGBoost to get feature
importance scores and reduce the data dimensions.

Stage 2 (Sequential Modeling with LSTM): The output from XGBoost
along with historical time series data is fed into the LSTM layer to learn
temporal dependency patterns.

Stage 3 (Attention Layer): The Attention layer calculates the weight of the
$alpha_t$ relevance matrix on each hidden state LSTM, so the model
focuses more on the relevant historical demand spikes.Tahap 4 (Dense
Output Layer): Menghasilkan nilai prediksi kebutuhan stok untuk
periode waktu $t+1$.

[Data Input/Tabular & Time Series]

v
[XGBoost Feature Extraction]

v
[LSTM Layer]

v
[Attention Mechanism]

v
[Dense / Output Layer] —> [Prediksi Stok Real-Time]
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3. Model Performance Evaluation
The model's performance is measured using three main metrics:
e RMSE (Root Mean Square Error): Measures the average squared error
level.
e MAE (Mean Absolute Error): Measures the average absolute error.
e MAPE (Mean Absolute Percentage Error): Measures the percentage of
relative error.

RESULT AND DISCUSSION
1. Experiment Results and Performance Comparison

Testing was done by comparing the proposed model (XGBoost-LSTM-
Attention) with several baseline models (ARIMA, Standard LSTM, and Standard
XGBoost).

Model RMSE MAE MAPE (%)
ARIMA 4521 36.80 15.4%
Standard XGBoost 31.12 2450 11.2%
Standard LSTM 28.45 21.30 9.8%

XGBoost-LSTM-Attention (Proposed)  18.75 13.20 5.6%

2. Discussion

Effectiveness of the Attention Mechanism: Based on the attention weight
visualization, the model is shown to give high weight to recurring weekly sales
data (seasonal patterns) as well as the days leading up to holidays/big
promotions.

Hybrid Advantages: The XGBoost combination successfully overcomes
the weaknesses of pure LSTM in processing static tabular variables, achieving the
lowest MAPE value of 5.6%, which indicates a high level of accuracy for real-time
warehouse operational implementation.

CONCLUSIONS AND RECOMMENDATIONS
Conclusion

This research successfully designed and implemented a hybrid XGBoost-
LSTM model based on Attention Mechanism for real-time stock demand
prediction. Tests proved that integrating XGBoost for non-linear feature
extraction and Attention Mechanism in LSTM can significantly boost accuracy,
with a MAPE value of 5.6%, far outperforming conventional models and single
models.
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Recommendation
e For future research, it's recommended to integrate external macro
variables, like weather factors or social media trends, to enrich the
predictive features.
e System development can be implemented directly into a cloud-based
architecture with a streaming data pipeline (Kafka/Flink) to support real-
time inventory automation.
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