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Introduction

Phantom inventory, also known as ghost inventory, refers to discrepancies
where inventory exists in records but not in reality. This issue may arise
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We demo , the most influential tree, with a
correlation of . A Random Forest model was used to
detect phantom inventory by combining predictions from
multiple decision trees. This approach improves accuracy
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searching for the best threshold,
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Dataset Cleaning
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« Improved Inventory Accuracy
» Lower Inventory Costs

Restocking Needs

Who
Benefit

Store Associates

e Less Time Search for Items
« Reduce Conflicts with
Customers

Shoppers

« Fewer Stockouts
« More Reliable Availability
« Enhanced Shopping Experience

« Detect Time Patterns with
Sliding Window

 Use Single-layer LSTM

 Evaluation Metric: RMSE
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basis. This model facilitates
the prediction of product
stockout days that may occur
in the future. Due to the
timeframe of the dataset, we
choose to use the past week
data to predict the next day,
as shown on the right.

Activation=RelLu 0 10 20 - p= =

A single-layer LSTM trained on 7-day rolling sequences of BOH
data effectively captured inventory trends while maintaining
model simplicity. The architecture incorporates TimeGAN-
based data augmentation to enhance sequence diversity and
model robustness. Extensive experimentation with BIiLSTM,
BiGRU, and stacked LSTM showed the single-layer model to be
the most efficient and reliable for this application.

Both training and validation loss
consistently decrease, indicating
effective learning. The small gap
between the two curves suggests
strong generalization, with minimal
overfitting during training,.
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