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Abstract

Forecasting weekly sales at the product level can help marketplace sellers avoid both excess
inventory and stock shortages. The purpose of this study is to investigate the sales forecasting
of the Shopee store antianshop by applying the Bidirectional Long Short-Term Memory
(BiLSTM) method in conjunction with correlation-based feature selection to predict the
inventory. The raw dataset contained 5,426 weekly product records from Shopee Seller Centre
covering 22 May 2023 to 31 May 2025; 5,312 records remained after preprocessing. For each
product, the data were ordered by week and converted into ten-week input sequences. Pearson
correlation showed that Add to Cart (r = 0.5835%) and Enter Cart (r = 0.5579%) were the
strongest retained predictors of weekly Units Sold. BILSTM was then compared with a
unidirectional LSTM under the same experimental settings for ten products. LSTM recorded
slightly lower average errors, with MAE of 1.7462 units, RMSE of 2.3977 units, and non-zero
MAPE of 69.57%, while BiLSTM produced 1.8505 units, 2.4611 units, and 71.18%,
respectively. The results indicate that BiILSTM was competitive but did not outperform the
simpler LSTM model consistently. We combined the two models in a Streamlit dashboard that
shows product forecasts and weekly inventory guidance. Generalizability of the findings
should be done cautiously since the analysis used one store, relatively short product histories,
and no systematic hyperparameter search.

Keywords: BiLSTM; demand forecasting, inventory management, marketplace; Pearson
correlation

1. Introduction

Reliable demand estimates are becoming more important for e-commerce sellers who have to decide how
much stock to hold for individual products. Weekly sales for online stores are often sporadic. Overestimation
of demand can result in capital tied up in slow moving inventory. Underestimation of demand can result in
stockouts and lost sales. Studies of intermittent online sales and retail demand also suggest that product-level
patterns are heterogeneous and a single forecasting assumption might not fit all items [21], [22]. Marketplace
data brings additional complexity because customer activity can change quickly between visits, page views,
search clicks, likes, and cart activity.

Deep learning is frequently used to tackle multivariate time-series forecasting because these models can
learn nonlinear relationships between successive observations. BILSTM is an extension of the standard
LSTM, which reads the same historical input in two directions and thus can form separate representations of
the observed sequence [6], [23]. In this work, both directions are limited to the ten historical weeks provided
as input; the model never receives the target week that it is asked to predict. Whether the reverse pass adds
useful information is tested directly by comparing BiLSTM with a conventional one-directional LSTM.

A range of methods has been reported for sales and financial forecasting. Syakir et al. [7] applied linear
regression to Shopee sales, whereas Afrianto et al. [8], Puteri [9], Puteri et al. [10], and Putra and Nurmawati
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[11] examined BiLSTM in financial time-series problems. Karin et al. [ 12] used a related architecture for air-
quality prediction. Recent international work on online and retail demand further highlights the value of
product-specific modeling, engineered predictors, and comparisons among competing algorithms [21]-[22]-
[24]-[25]. Taken together, these studies suggest that sequence models can be useful, but their performance
still depends on the demand pattern, the selected inputs, and the evaluation procedure.

Three issues remain particularly relevant for small marketplace sellers. Much of the earlier literature
addresses price movements, aggregate demand, or fields outside e-commerce rather than weekly sales for
individual marketplace products. Also marketplace behavior variables are not always tested for their
relationship to actual Units Sold. Forecasts are also frequently given as model outputs and are not converted
into simple guidance for routine stock review. This work tackles these problems by integrating product-level
BiLSTM forecasting, Pearson-correlation screening, and a Streamlit dashboard with real data from one
Shopee seller. The contribution is not a new BiLSTM architecture but the practical integration of these
components.

The aim of this study is to develop and assess an antianshop product-level BILSTM forecasting system,
determine behavioral variables associated with weekly Units Sold, and display the forecasts in a way that
may aid inventory review. In particular, the study makes the following contributions:

1) aforecasting workflow that models individual products based on 2 years of chronologically sorted
Shopee Seller Centre records;

2) acorrelation-based screening step that relates engagement and purchase-intention indicators to
weekly Units Sold;

3) alike-for-like comparison of BILSTM and LSTM with the same predictors, ten-week windows,
chronological validation split, model size and training configuration; and

4) an interactive dashboard to translate model outputs into actionable weekly stock prioritization
information.

Section 2 introduces the dataset, preprocessing steps, predictor selection, model design, evaluation
procedure and deployment. Section 3 discusses the experimental results and their operational interpretation.
Section 4 concludes the paper with the main conclusions, study limitations and directions for further work.

2. Methods

The analysis was performed with a data-mining workflow, written in Python with TensorFlow, Keras
and Scikit-learn. CRISP-DM was modified to seven working stages: Business Understanding, Data
Understanding, Data Preprocessing, Correlation-Based Feature Selection, Modeling, Model Evaluation and
Deployment [14]. The stages were not strictly sequential, because evaluation results could feed back into
earlier decisions about preprocessing or modeling. The complete sequence is depicted in Figure 1.

Business Data
Understanding Understanding

‘ Data
Preprocessing
Deployment
Factor
Evalua"on

Model

Modelling

Figure 1. Research Flow Diagram

2.1. Data Collection and Understanding

Data collected directly from antianshop Shopee Seller Centre account. They span the period from
22 May 2023 to 31 May 2025 and contain initially 5,426 rows and 32 columns. A row represents one
product record for a weekly reporting interval. Available fields include product identifiers, price, Units
Sold, visits, page views, likes, cart activity, buyer information, and conversion measures. Table 1 gives



an anonymized example of the original structure.

2.2.

steps:

Table 1. Sample of the Historical Sales Dataset

No. Product Code ... Price Units Sold
1 9392944615 18900 0
2 10060817529 15200 1
3 10060817529 28900 1
4 10445853847 28900 1
5423 29629937135 26900 0
5424 29713986816 16990 0
5425 29729926032 26890 0
5426 29929922540 26800 0

Data Preprocessing

Before modeling, the dataset was cleaned and reorganized through the following preprocessing

Data Cleaning: Dash symbols used as invalid entries were converted to missing values. Where
possible, a missing value was filled from another record with the same Product Code and the same
weekly period. No value was taken from a later target week. The retained predictors were checked
again for missing entries before sequences were created.

Data Filtering: Records for deleted products and product variations whose status was not Normal
were excluded. This step left 5,312 rows for further analysis.

Feature Management: Fields used only for administration, including Variation Code and Parent
SKU, were removed. After this reduction, 16 columns remained, and the variables used in the
manuscript were assigned consistent English names.

Feature Engineering: Time translated to datetime format WeekStart and WeekEnd represented the
weekly interval. Observations were then ordered by Product Code and date.

Data Normalization: The numerical variables are normalized in the range of [0,1] using Min-Max
normalization as given in Equation (1). A common scale enables stable gradient-based training and
prevents variables with large numerical values from dominating the optimization process.

1 _ x—min(x) (1)

= max (x)—min(x)

x is the raw observation, X’ is the normalized observation and min(x) and max(x) are the minimum

and maximum for the corresponding variable in Equation (1). For the controlled comparison each product
was assigned its own scalers. Scalers were fitted only on the training period of that product, and then
applied to validation observations without refitting. In this method information about the validation range
did not get into the training transformation.

2.2.1 Time-Series Sequence Construction and Chronological Split

Weekly records were first arranged from the earliest to the latest date for each product. If d is

the number of retained predictors, ten consecutive weeks from t-9 to t form an input array of size
(10, d), and Units Sold at t+1 serves as the target. The next window is shifted by one week to generate
the next input-target pair. Ten weeks is a fair compromise: it retains current history, but yet provides
enough sequences for products with short records. Not selected by broad tuning. One sequence and
target could be built from at least 11 weekly observations. The resulting samples were split in time
order, the first 80% were used for training and the latest 20% were reserved for validation. Validation
targets were never part of the training targets, but rolling windows could overlap with previous
historic observations. The BiILSTM-LSTM comparison was made on the ten products with the
highest total sales.

2.3.

Correlation-Based Feature Selection

A Pearson correlation was generated prior to training the model to screen numeric variables linked

with Units Sold. We call this step correlation-based feature selection here and not factor analysis, because
it is based on the pairwise correlations of the predictors. Variables with |r| >= 0.40 were kept, based on
the interpretation that this magnitude represents at least a moderate linear relationship [17]. Also the full
matrix was examined for strong correlations between predictors, which may indicate redundant



information. Pearson correlation simply describes linear connection and cannot be used to infer causality.
The variables kept should thus be interpreted as predictors and not as causal factors. The coefficient
utilized in the analysis is given in equation (2).

. nyxy—XxNy 2)
JnEZx? - E0)nEy? - (X

Where r is the pearson coefficient, n is the number of paired observations, x is a predictor and y is
the target variable Units Sold [18].

24. Modeling (BiLSTM and LSTM Baseline)

The main forecasting architecture was BiLSTM. One LSTM reads from oldest to newest
observation, whereas a second reads the same observed weeks in reverse order. Dense layers concatenate
concealed outputs. Since both branches use only the historical window, neither can access the unseen
target week. A standard LSTM with the same recurrent and dense layers served as the baseline and
differed only in processing direction. This setup isolates the effect of bidirectional processing [9], [23].
Figure 2 depicts the architecture.
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Figure 2. BILSTM Architecture

Equations (3), (4), and (5) describe the forward LSTM, the backward LSTM, and their combined
output, respectively.h h h,

R, = LSTM (x4, hy_1) 3
Et = LSTM(xt, ht+1) (4)
h't = [}_it, Ef] (5)

For every product included in the experiment, one BiLSTM and one LSTM model were fitted.
Table 2 lists the architectures and the hyperparameters shared by both models.

Per-Product Modeling Rationale

Separate models were fitted because sales frequency, popularity, and engagement vary across
products. A global model would provide more observations but could blur item-specific patterns. The per-
product design preserves local behavior at the cost of smaller training sets [22].

Products required at least 11 ordered weekly records, which is enough to form one ten-week input
and its target. This minimum does not ensure stable generalization, particularly for sparse series or
products with repeated zero-sales weeks.



3.

Table 2. Model and Baseline Hyperparameter Configuration

Model Architecture Training Setup Optimization
BiLSTM(64) + l‘)’z fc‘}‘lic’:“g;lo? Adam, leaming
BiLSTM  Dense(32, ReLU) + ‘ . rate = 0.01; MSE
max. 1,000 epochs;
Dense(1) ) loss
Early Stopping
LSTM LSTM(64) + Dense(32,  Window = 10; Adam, learning
ReLU) + Dense(1) batch = 32; rate =0.01; MSE
max. 1,000 epochs; loss
Early Stopping

The settings used in the controlled experiment are reported in Table 2. Each model contained 64
recurrent units, followed by a Dense layer with 32 ReLU units and a single linear output neuron. Training
used the Adam optimizer, a learning rate of 0.01, and Mean Squared Error loss. The input window was
fixed at ten weeks, the batch size at 32, and the maximum number of epochs at 1,000. Early Stopping
monitored validation loss and restored the best weights. Apart from the bidirectional wrapper used only
in BILSTM, the two configurations were the same. These values were fixed implementation choices and
were not obtained from a systematic hyperparameter search.

2.5. Model Evaluation

Performance was measured on the most recent validation sequences, which had been held out
chronologically. Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) were computed
using Equations (6) and (7). MAE gives the average absolute difference between predicted and observed
sales, whereas RMSE penalizes larger deviations more heavily. Before either metric was calculated,
predictions and targets were returned to the original Units Sold scale. Smaller values indicate more
accurate forecasts [24], [25].

n
1
MAE = = Ifi=yd ©)
t=1

?:1(Y’t - Yt)z
n

RMSE =

(7)

In both formulas y is the observed value and y-hat is the prediction from the model. Also reported
was the Mean Absolute Percentage Error (MAPE) but only for the validation weeks where the actual sales
were greater than zero. This avoids division by zero. Because a one-unit error might provide a very big
percentage when the actual value is modest, the study relies mostly on MAE and RMSE in original units,
treating non-zero MAPE as extra evidence.

2.6. Deployment

The models were then integrated to an interactive dashboard developed with Streamlit. The
framework facilitates data-science web applications without a separate conventional front-end
implementation [20]. Store owner can login to the dashboard and check the correlation results, the model
performance, the sales forecast and the recommended priorities for the weekly stock management [20].

Result and Discussion

The developed application is a combination of predictor screening, BILSTM forecasts at the product

level, validation plots, multi-week outlooks and weekly stock recommendations. It’s designed to facilitate
decision making, not necessarily to create purchase orders in an automated way. The user still needs to
consider available capital, current inventory, promotional plans, supplier lead time, and other business
conditions.

In the interface, the five modules are offered, including data overview, correlation analysis, model

prediction, multiweek forecasting, and inventory plan. Figure 3. English language dashboard from the revised
article.

A seller can ask for a forecast up to 12 weeks ahead. The strategy module then ranks products by

predicted demand and attaches simple guidance to items with relatively high or low forecasts for the following
week..



Navigation SALES PREDICTION DASHBOARD FOR 'ANTIANSHOP"

Dataset: weekly Shopee Seller Centre records from 22 May 2023 to 31 May 2025

Correlation
Historical Data Preview
Prediction Product Code  Product Name Visits Page Views  Likes Add to Cart  Units Sold
) 9392544615 Wooden Wall Decosation 12 25 a 3 0
Forecasting
10060817528 Brown Dream Catcher n 4 15 1
Slldiegy 10445853847 Wooden Wall Decoration I8 61 8

13604580046 Miniature Pinisi Ship 55 103 24 19 4
20843571485 Mahogany Wooden Mortar Tl 142 ar EE] L

29463991079 Eudn Lumping and Whip 16 3 5 4

Figure 3. Website Interface

3.1. Data Preprocessing

The data cleaning, filtering, field selection, construction and normalization of time variables
reduced the dataset from 5,426 data rows and 32 fields to 5,312 rows of data and 17 final fields.Figure 4
shows how invalid dash entries were replaced, and Table 3 records the dataset size after each
preprocessing step.

Administrative or inactive data are not regarded as current demand by deleting deleted products
and non-normal variations. 5,312 doesn't mean number of sequences used for training it means number
of rows. Counts of sequences are fewer and varies by product.

1 df_dataawal = df dataawal.replace('-", pd.NA)

Figure 4. Removal of Invalid Values

Table 3 traces the change in dataset dimensions from the raw file to the final normalized dataset.

Table 3. Data Preprocessing Steps

Step Description Result

Raw Data Original dataset from Shopee Seller 5426 rows, 32 columns
Centre.

Data Cleaning Ili%)laced invalid (") values with 5379 rows, 28 columns

Data Filtering Removed deleted or non-normal 4, rows, 20 columns
product variations.

Feature Selection Dropped irrelevant attributes. 5312 rows, 16 columns

Feature Engineering Converted time column, created

for Time WeekStart & WeekEnd. 5312 rows, 17 columns

. Scaled all numerical variables into 5312 rows, 17 columns
Normalization

range [0,1]. (final dataset)

3.2. Results of Correlation-Based Feature Selection

The largest retained correlations with Units Sold were obtained for Add to Cart (r = 0.5835) and
Enter Cart (r = 0.5579). They were followed by Likes (r = 0.4898), Search Clicks (r = 0.4771), Page
Views (r = 0.4710), and Visits (r = 0.4043). Cart-related measures sit closer to an actual purchase than
general exposure measures, which may explain why they were more informative for short-term prediction
in this store. These coefficients indicate association, not cause and effect. Visits and Page Views were
also strongly related to each other (r = 0.9665), so the two variables may contain overlapping information.
Keeping both may preserve slightly different platform measurements, but it may also increase model
complexity; an ablation or regularization study would be needed to test whether both are necessary. Price
(r=-0.0984) and Rating (r = 0.1259) fell below the threshold and were not used as predictors. Figure 5



shows the correlation matrix with English labels.

Feature Correlation Matrix

This correlation analysis is intended to show how strongly each feature is related to UnitsSold.
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Selected features (correlation == 0.4 with UnitsSold):
[UnitsSeld’, "AddTeCart’, ‘InCart’, ‘Likes’, "SearchClicks', "Pageviews', 'Visits'

Figure 5. Pearson Correlation Matrix of Selected Predictors

The matrix indicates that the engagement measures are related not only to Units Sold but also to
one another. Variables closer to purchase, particularly cart activity, have the strongest relationships with
the target, while broader traffic measures such as Visits are weaker. These signals may help sellers
recognize short-term demand, although their usefulness for inventory decisions still needs confirmation
with other stores and under different promotional conditions.

3.3. Results of Prediction Models

Both models completed training under the shared configuration. Figure 6 provides one example of
the BiLSTM training and validation losses for Product Code 10445853847. The two curves fall sharply
at the beginning and remain relatively close afterward. Model comparison, however, is based on the held-
out chronological validation results in Table 4 rather than on the appearance of a single loss curve.

Loss for Product 10445853847
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Figure 6. Loss Graph for Product 10445853847

Figure 7 compares actual and predicted weekly sales for Product Code 20843571485 during the
hold-out period. The predictions reproduce several rises and fall in the series, but the largest gaps occur
around sudden peaks. This pattern illustrates how difficult it is to forecast irregular demand when only a
short weekly history is available.



Weekly Sales Prediction

Select Product

20843571485 - Mahogany Wood Lump Set + Plant Supports (Alu/Shaft) Small Size Height Between 12-13 cm v
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Figure 7. Results of Prediction Model for Product 20843571485

Table 4 presents the mean validation results for BILSTM and LSTM across the ten products with
the highest cumulative sales. MAE and RMSE are expressed as numbers of units sold. MAPE was
calculated only for validation records whose actual sales were above zero.

Table 4. Average BILSTM-LSTM Performance on the Chronological Validation Set

Number of . . MAPE on Non-
Model Product MAE (Units) RMSE (Units) Zero Actuals (%)
BiLSTM 10 1.8505 2.4611 71.18
LSTM 10 1.7462 2.3977 69.57

On average, LSTM returned the smaller errors. Its MAE was 1.7462 units, compared with 1.8505
units for BILSTM, and its RMSE was 2.3977 units, compared with 2.4611 units. The same pattern
appeared in non-zero MAPE, which was 69.57% for LSTM and 71.18% for BiLSTM. Looking at
individual products, LSTM recorded the lower MAE in eight of the ten cases. RMSE results were evenly
split, with each architecture performing better for five products. BILSTM was therefore competitive, but
the experiment does not show a consistent advantage over the one-directional LSTM.

The difference between the two averages was modest, suggesting that the reverse pass did not add
a dependable benefit for these product histories. Some series contain many weeks with little or no demand,
abrupt peaks, and different numbers of validation samples. In such settings, a more complex architecture
is not necessarily more accurate. Another thing to consider is that percentage errors also need to be
contextualized. If the real sales are one or two units, then saying “we’re off by one unit” results in a very
big percentage error. The MAE and the RMSE in units are therefore easier to interpret than the MAPE
for stock planning.

34. Forecasting Results

Forecasts are given for horizons ranging from one to twelve weeks. For example, the following six
weeks’ projections for the Mahogany Wooden Mortar are 6, 5, 5, 6, 9 and 4 units respectively (see Figure
8). It can help shape the conversation for purchases but the longer the horizon the more uncertain it gets.
These are to be considered estimations, not guaranteed demand.



FORECASTING FOR THE UPCOMING WEEKS

Select Product

20843571485 - Mahogany Woaden Mortar Set

Forecast horizon

6 waeks
Forecast Output
No. Date Forecast (units)
1 2025-05-26 6
2] 2025-06-02 5
3 2025-06-09 5
4 2025-06-16 6
5 2025-06-23 9
] 2025-06-30 4

Figure 8. Six-Week Forecast Output

A seller can look at the forecast along with current stock and supplier lead time when deciding
which products need attention. Higher forecasts can lead to an earlier evaluation of the reorder amount
while a series of low forecasts might lead to conservative replenishment or to a consideration of
promotional possibilities. The dashboard does not calculate safety stock or reorder points so the output is
best used as a first pass tool rather than a full inventory policy.

3.5. Strategy for the Upcoming Week

The Strategy for the Upcoming Week page organizes products by their one week forward
predictions. The result is a ranked list of outputs which allows the store owner to browse through a large
number of product models without opening each result.

a. Top-Selling Products

The top-selling list ranks products that have the biggest estimates for next week. Figure 9:
Predicted sales of Miniature Pinisi Ship and Mahogany Wooden Mortar are 10 and 6 units
respectively. These items are highlighted for an early stock review, but the advice should still be
validated against available inventory and supplier lead time before any purchase is made.

PRODUCT STRATEGY FOR THE UPCOMING WEEK

his page ranks products by the next-week forecast and translates predictions into inventory actions.

Top-Selling Products

1. 13604580946 - Miniature Pinisi Ship
Forecast.
Recomm

2. 20843571485 - Mahogany Wooeden Mortar Set
Fore: i

3. 13230723561 - Cream Dream Catcher
Forecast: 5 units
Recommendation: maintain sufficient stock and prioritize replenishment

4, 12326928467 - Tosca Dream Catcher
Forecast: 4 units
Recommendation: maintain sufficient steck and prioritize replen ment

5. 12808491741 - Miniature Vespa
Forecast: 4 units

Figure 9. Top-Selling Product Strategy
b. Low-Selling Products

The low selling list is for products with zero or extremely small next-week estimates. For example,
in Figure 10, the Wooden Owl Decoration is forecast to sell zero units. The dashboard suggests
choosing a targeted campaign and avoiding needless replenishing. A zero-point forecast doesn’t
preclude no sales.
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PRODUCT STRATEGY FOR THE UPCOMING WEEK

This page ranks products by the next-week forecast and translates predictions into inventory actions.

Low-5elling Products

1. 10841145117 - Wooden Owl Decoration

Forecast: 0 units

Recammendatlon: consider targeted promotions or discounts; avold averstocking
2. 14469235523 - Wooden Turtle Wall Decoration

Forecast: 0 units

Recommendation: consider targeted promations or discounts; avold overstocking
3. 15720441303 - Traditional Wooden Doll Set

Ferecast: 0 units

Recammendation: eonsider targeted promotions e discounts; avold averstocking
4. 15731265200 - Traditional Wooden Puppat

Forecast: 0 units

Recommendation: consider targeted promations or discounts; avald averstocking

5. 17028941531 - Traditional Kitchen Set

Figure 10. Low-Selling Product Strategy

Together the two lists link the model forecasts to a weekly routine stock assessment. The proposed
actions are not hard and fast regulations and have to be understood in the context of the store’s present
business situation.

3.6. Study Limitations

The results should be interpreted with the limitations of the study in mind. All records are from
one Shopee store and cover a two-year period only, so performance may be different for other sellers,
product groups or marketplace platforms. The models also don’t consider things such as promotions,
holidays, competitive prices, supplier lead times or demand that may have disappeared when an item
was out of stock. Since a distinct model was created for each product, many training sets were small
and could have resulted in unstable estimations. The experimental benchmark was restricted to a
unidirectional LSTM only and neither architecture was optimized via systematic hyper-parameter
search. We did not evaluate ARIMA, naive forecasting, linear regression, gradient boosting and other
alternative baselines. These restrictions are a limitation of the generalizability of the findings and on
the robustness of any argument that one model is better than another.

4. Conclusion

This study combined correlation-based predictor selection, product-level sequence forecast, an LSTM
benchmark, and a Streamlit dashboard for weekly inventory review. The strongest retained relationship of
the cart activity was with Units Sold. The LSTM had a lower average MAE (1.7462 units) compared to the
BiLSTM (1.8505 units) and a lower average RMSE (2.3977 against 2.4611 units) across the ten products
utilized in the controlled comparison. BiLSTM performed similarly, but the bidirectional structure did not
consistently improve the performance on this dataset. The main practical result is a dashboard that relates
real marketplace behavior data to product projections and stock-prioritization cues. Further research should
test new statistical and machine-learning baselines, rigorously modify hyperparameters, add promotion and
calendar variables, and analyze the workflow on numerous retailers and marketplace platforms.
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