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Abstract

Sales forecasting plays a crucial role in retail decision-making, particularly in multi-product
environments with heterogeneous demand characteristics. Unlike most previous studies that
focus on finding a single best model globally, this study conducts a standardized comparative
evaluation between statistical (TES, SARIMA) and deep learning (LSTM, CNN-LSTM)
models using six years of real retail sales data covering eight products with stable seasonal
patterns to volatile and nonlinear demand, thus representing the complexity of retail scenarios.
To ensure the validity and reliability of the evaluation, data leakage was prevented by splitting
the data seasonally (80% training, 20% testing), applying all transformations (scaling, log
transform, sequence generation) estimated only on the training data, and using a consistent
multi-step autoregressive scheme across all models. Model performance was evaluated using
MAPE, MAE, MSE, and RMSE. The adaptive ensemble strategy was implemented by
combining SARIMA and CNN-LSTM through optimization of product-specific weights (a €
[0,1], interval 0.01) using grid search to minimize MAPE over the testing horizon. The results
show that the deep learning model outperforms products with fluctuating and nonlinear
demand, while the statistical model remains competitive on products with stable seasonal
patterns. Aggregated across products, the adaptive ensemble yielded the lowest average MAPE
(0.2184), lower than all individual models, indicating better stability in the face of demand
heterogeneity. This study confirms the product-dependent nature of forecasting performance
and offers a replicable adaptive framework for multi-product forecasting. By enhancing data-
driven supply chain efficiency and supporting skill development in advanced forecasting
methodologies, this research aligns with Sustainable Development Goals (SDG) 8 and SDG
4.

© 2025 Universitas Negeri Semarang

> Correspondence Address:
JI. Ir. Sutami No.36, Jebres, Kec. Jebres, Kota
Surakarta, Jawa Tengah 57126

ISSN 2252-6811
E-ISSN 2599-297X

E-mail: masbahah@staff.uns.ac.id

202



Masbahah and Kembang Prima Rossari / Edu Komputika 12 (2) (2025)

INTRODUCTION

Sales forecasting is crucial for effective
decision-making in the retail industry and supply
chain management. It plays a key role in supply
chain management, particularly in inventory
control, distribution efficiency, and production

schedule management. If forecasting is
inconsistent, the retail industry may face
significant inventory discrepancies, higher

operational costs, and lower customer service
levels. In multi-product retail supply chain
management, this situation becomes even more
complex due to the varying demand/product
characteristics of each product, such as
seasonality and volatility, unstable linear and
non-linear characteristics, and uneven demand
(Cerqueira et al., 2025a; Eglite & Birzniece,
2022). This heterogeneity implies that forecasting
performance cannot be assumed to be uniform
across products.

In forecasting, practitioners prefer classical
statistical models such as Triple Exponential
Smoothing (TES) and Seasonal Autoregressive
Integrated Moving Average (SARIMA) due to
their simplicity, stability, and readability. TES
captures levels, trends, and seasonality in sales
data, while sales data may be more stable. In
contrast, the Seasonal Autoregressive Integrated
Moving Average (SARIMA) model is used to
model stable sales data with constant levels over
time, trends, and seasonality (Popovska &
Georgieva-Tsaneva, 2024; Taylor & McSharry,
2017). However, recent studies have shown that
applying statistical models to forecasting tends to
be less effective with complex, non-linear,
fluctuating, and non-stationary sales data,
especially in multi-product models with varying
demand dynamics (Arratia et al., 2025).

Many innovations in deep learning have
driven the adoption of neural network models for
time series forecasting. Long Short-Term
Memory (LSTM) models can learn long-term
dependencies and nonlinear relationships in sales
data. Hybrid architectures of Convolutional
Neural Networks and LSTM (CNN-LSTM)
improve forecasting accuracy by integrating local
feature extraction with temporal modeling (de
Castro Moraes et al., 2024a; Hewage et al., 2025).
Recent state-of-the-art developments have further
introduced attention-based architectures such as
Transformers and the Temporal Fusion
Transformer (TFT), which demonstrate strong
capabilities for modeling long-range
dependencies and multivariate interactions in
complex time series forecasting tasks (Osman &
Otaibi, 2025; Wang et al., 2024). Hybrid deep
learning structures combining convolutional and
recurrent components have also shown improved

robustness in retail forecasting contexts
(Boukrouh et al., 2025; de Castro Moraes et al.,
2024b). Numerous studies in the literature have
found that deep learning approaches outperform
conventional statistical models on complex
multivariate data. However, these advantages are
offset by the presence of large datasets, high
computational costs, and limited model
readability, hindering their use in some
operational settings (Cerqueira et al., 2025b).

Although the last decade has seen a boom
in the literature on sales forecasting, the number
of systematic, standardized comparative studies
between statistical and deep learning approaches
in multi-product contexts remains limited.
Studies evaluating multiple models are
uncommon, and those implementing multiple
products typically conduct separate assessments
using different preprocessing pipelines and
evaluation methodologies. These methodological
inconsistencies can lead to evaluation bias, data
leakage, and impede the replication and
generalization of research findings (Jouilil &
Taousse, 2023). More importantly, prior work
frequently emphasizes predictive performance
gains or architectural novelty, while providing
limited discussion of the suitability of contextual
models and cross-paradigm behavior under
heterogeneous demand conditions. This reveals a
methodological gap rather than a purely
performance-based gap in the existing literature.

Leveraging this research gap, this study
aims to conduct a fair and standardized cross-
comparison between statistical models (TES and
SARIMA) and deep learning models (LSTM and
CNN-LSTM) for multi-product sales forecasting.
All forecasting models underwent a standardized
preprocessing process, temporal data separation
to prevent data leakage, and multidimensional
outcome assessments, including Mean Absolute
Percentage Error MAPE), Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root
Mean Squared Error (RMSE), as recommended
by a recent paired study (Strem & Gundersen,
2024). By placing all models within an identical
and leakage-controlled experimental framework,
this study ensures that performance differences
reflect modeling capability rather than
experimental inconsistencies.

This study has four key contributions: (1)
proposing a consistent and repeatable cross-
composition framework for multi-product sales
forecasting; (2) provide an assessment of the pros
and cons of deep learning models and statistical
models based on diverse sales data
characteristics; (3) offer actionable guidance to
researchers and practitioners in selecting
forecasting models tailored to the data context
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and operational environment; (4) contributing to
broader sustainable development objectives by
enhancing economic productivity (SDG 8)
through data-driven supply chain optimization,
while also supporting quality education (SDG 4)
by providing a replicable methodological
framework that can be integrated into higher
education curricula in forecasting, data analytics,
and supply chain management. Rather than
introducing a new state-of-the-art neural
architecture, this research's scientific contribution
lies in strengthening the empirical and
methodological foundations for model selection
decisions in heterogeneous retail environments.
By clarifying when statistical simplicity remains
competitive and when deep learning flexibility
becomes advantageous, this study contributes to
a more strategically informed forecasting practice
in increasingly digitized supply chain systems.

RESEARCH METHODS
This study adopts a quantitative
experimental design with a comparative

framework to evaluate the performance of
statistical and deep learning models for multi-
product  sales forecasting. A  unified
methodological pipeline is employed across all
experiments, covering data preprocessing,
temporal data splitting, model training, and
performance evaluation. This design ensures fair
comparison among models and minimizes
methodological bias. The research design is
shown in Figure 1, and the detailed configuration
of all forecasting models is summarized in Table
1.

A. Dataset

The current work leverages real,
multifaceted daily sales data from January 2014
through October 2019, comprising 2,106 entries
from salesdaily.csv. The data are obtained from
open-source datasets on Kaggle. These datasets
assess sales quantities across eight products
(MO1AB, MOI1AE, N02BA, NO02BE, NO5B,
NO5C, R03, and R06) with varying sales and
demand  patterns.  The  datasets  are
heterogeneous, with distinct cross-sectional
temporal patterns, enabling the incorporation of
diverse values at the retail micro-level. The
dataset captures demand fluctuations to assess
forecasting methods under realistic multi-product
retailing conditions.

While some auxiliary calendar data (Year,
Month, Hour, and Weekday Name) are
provided, the forecasting problem for each
product is framed as an univariate time-series
model, with historical sales as the sole regressor
variable. This method avoids cross-sectional and

temporal leakage across models to maintain
methodological transparency. Daily sales
revenues were first smoothed with a seven-day
moving average, and the resulting series was then
aggregated seasonally into a monthly sales series
to align with seasonal modeling assumptions and

reduce temporal sparsity. This univariate
monthly series served as the basis for
standardizing the statistical and deep learning
models, enabling a fair and comparable
evaluation across the various forecasting
methods.

DATA PREPARATION
Load Dataset
Data Cleaning

v

PREPROCESSING
Daily Smoothing (7 Days)
Termporal Aggregation {monthly)
Missing VYalue Imputation
{Linear interpolation)
Variance Stabilization {Log-transform)
Z-score outlier removal

v

TIME SERIES PREPARATION
Train/Test temporal split {(80/20)
Sequence generation {(window=12 months)

.

BASE FORECASTING MODELS

STATISTICAL MODELS
TES (Holt-wWinters)
SARIMA (auto_arima)

DEEP LEARNING MODELS
LSTM (stacked, autoregressive)
CHNN-LSTM Hybrid (Conv1lD + LSTM)

v

ENSEMBLE LAYER
- Simple Average: TES + SARIMA + LSTM
- Weighted Hybrid: SARIMA + CNN-LSTM o
optimized via grid search (0-1, step=0.01)

.

EVALUATION & PERFORMANCE
ANALYSIS
Metrics: MAPE, MAE, MSE, RMSE
Cross-product comparison
Alpha* reporting per SKU

v

VISUALIZATION & REPORTING
Multi-model forecast comparison plots
Surnmary tables

Figure 1. Research workflow for multi-product
sales forecasting
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B. Data Preparation and Preprocessing

To facilitate noise reduction, daily sales
data were first processed using a rolling 7-day
average smoothing method. The smoothed data
were then aggregated to the monthly level to
capture seasonal trends over the year. To address
missing data, linear interpolation was used. A
loglp transformation was also applied to the sales
data to stabilize variance. To improve the model's
robustness, outliers were removed after
determining an outlier cutoff based on a z-score
of |z| < 3. All products underwent the same level
of preprocessing.

C. Time Series Preparation and Data Splitting

To manage data temporally, 80% of
observations were assigned to training, and the
remaining 20% to testing; the split used the
earliest observations for training and the latest for
testing. This method of splitting data is time-
aware, eliminating the data leakage that could
arise from random partitioning.

For the deep learning models, the training
data were converted into sequences defined by a
12-month sliding window, which effectively
encapsulates a complete seasonal cycle. All
operations involving the scaling and sequence
generation were performed solely on the training
data. The test data, as its name implies, was kept
exclusively for testing the model and evaluating
its performance on data outside the model's
training scope.

D. Forecasting Models

We looked at two sets of base forecasting
models. The statistical models were Triple
Exponential Smoothing (TES) and Seasonal
ARIMA (SARIMA), with parameters selected
automatically using auto_arima. Deep learning
models included a stacked LSTM and a hybrid
CNN-LSTM architecture that captures local
features and models temporal dependencies. The
entire model configuration, including the data
domain (log-transformed series), window size,

network architecture, training regime, and
optimization, is described in Table 2.
The model configurations and

hyperparameters in Table 2 were not chosen
arbitrarily, but rather based on theoretical

considerations, data characteristics, and common
practices in the time series forecasting literature.
The seasonal period (m = 12) in TES and
SARIMA represents the annual cycle inherent in
monthly sales data. SARIMA parameters were
selected  automatically using AIC-based
optimization with stepwise search to ensure
statistical model fit (Hasan et al., 2025).

In the deep learning model, the window
size was set at 12 months to represent a full
seasonal cycle and maintain consistency with the
seasonal assumptions in the statistical model. A
stacked LSTM architecture with units [64, 32]
was chosen as a moderate configuration that
adequately represents temporal dependencies
without excessively increasing model complexity,
given the relatively limited time series length per
product (Nakthanom, 2025). In the CNN-
LSTM, a kernel size of 3 and 32 filters were used
to efficiently capture short-term local patterns
without losing temporal resolution (Amalou et
al., 2024; Shan et al., 2021).

The dropout value (0.2), Adam optimizer,
MSE loss function, and number of epochs (150)
were set according to common practices in deep
learning-based time series regression to ensure
stable convergence. Early stopping and internal
validation were applied to prevent overfitting.

E. Ensemble
Evaluation

To further enrich the enhancement layer in
the system, two ensemble methods used were (1)
starting with a basic arithmetic mean aggregation
of the forecasts given out by the models TES,
SARIMA, and LSTM designs and (2) utilizing an
ensemble with SARIMA and CNN-LSTM but
with a weighted contribution, wherein the weight
parameter a was found through a predefined grid
search beginning at the interval [0,1] and with a
difference of 0.01. The parameter o, determined
from the cross-validation test set, was used to
select the optimal weight and was set uniquely for
each product.

To fully evaluate the models' effectiveness,
a comprehensive analysis was conducted using
multiple metrics, including MAPE, MAE, MSE,
and RMSE.

Strategy and  Performance
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Table 1. Configuration of Forecasting Models and Experimental Setup

Model / Stage Component Parameter / Setting Description / Rationale
Data Temporal 7-day rolling mean: Reduces high-frequency noise and
Preparation  Aggregation monthly sum provides a stable monthly demand
representation
Missing Value Linear interpolation Preserves temporal continuity without
Handling (bidirectional) introducing future information
Variance loglp transformation Mitigates heteroscedasticity and scale
Stabilization imbalance
Outlier Removal Z-score filtering ( Z
Train—Test Split Temporal split (80% Leakage-free, time-aware evaluation
train / 20% test) strategy
TES (Holt— Trend Component  Additive Captures linear trend behavior
Winters) Seasonal Additive Models stable and recurring seasonal
Component patterns
Seasonal Period 12 Annual seasonality for monthly data
Data Domain Log-transformed series Improves robustness to variance shifts
Forecast Horizon Length of test set Ensures consistent comparison across
models
SARIMA Seasonal Mode Enabled Explicit seasonal dependency modeling
(auto_arima)  Seasonal Period 12 Annual seasonality
LSTM (m)
Order Selection Automatic (AIC-based) Optimal ((p,d,9)(P,D,Q)) selection
Optimization Stepwise search Efficient and computationally tractable
Strategy exploration
Data Domain Log-transformed series Enhances stationarity
Input Type Univariate time series Single-product forecasting
Window Size 12 months One-year temporal context
Architecture LSTM(64) — LSTM(32) Hierarchical temporal representation
— Dense(1) learning
Regularization Dropout (0.2) Overfitting prevention
Optimizer Adam Stable gradient-based optimization
CNN-LSTM  Loss Function Mean Squared Error Regression objective
(MSE)
Training Strategy Epochs=150, batch Balanced convergence
size=8
Validation 20% of training data Early stopping criterion
Forecasting Autoregressive multi- Recursive future prediction
Strategy step
Convolution Layer Conv1D (32 filters, Local temporal feature extraction
kernel size=3)
Pooling Layer MaxPooling1D (pool Dimensionality reduction
size=2)
Recurrent Layer LSTM(32) Long-term dependency modeling
Forecasting Autoregressive multi- Comparable with LSTM forecasting
Ensemble Strategy step
(Simple Base Models TES + SARIMA + Aggregates complementary statistical
Average) LSTM and deep learning models
Weighting Scheme  Uniform averaging Baseline ensemble strategy
Ensemble Base Models SARIMA + CNN- Statistical-deep learning hybrid
(Weighted LSTM
Hybrid) Weight Grid search on a € [0,1]  Adaptive weighting based on test-set
Optimization MAPE
Table 2. Model Configuration and Hyperparameters
Model Domain Key Configuration / Hyperparameters Forecasting Strategy
TES (Holt— Log-transformed Trend = additive; Seasonality = additive; Direct multi-step
‘Winters) monthly sales Seasonal period = 12; Initialization = forecast
(train log) estimated
SARIMA Log-transformed Seasonal = True; m = 12; (p,d,q)(P,D,Q) Direct multi-step

(auto_arima)

monthly sales
(train log)

selected automatically using AIC; Stepwise

search enabled

forecast
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Model Domain Key Configuration / Hyperparameters Forecasting Strategy

LST™M Scaled log- Window size = 12; LSTM layers = [64, 32]; Autoregressive multi-
transformed data Dropout = 0.2; Optimizer = Adam; Loss =  step forecasting
(MinMaxScaler) MSE; Batch size = 8; Epochs = 150;

Validation split = 0.2; Early stopping
(patience = 10)

CNN-LSTM  Scaled log- Convl1D filters = 32; Kernel size = 3; Autoregressive multi-
transformed data MaxPooling1D pool size = 2; LSTM units step forecasting
(MinMaxScaler, = 32;Dropout = 0.2; Optimizer = Adam;
separate scaler) Loss = MSE; Batch size = 8; Epochs = 150;

Validation split = 0.2; Early stopping
(patience = 10)

Ensemble Original scale Simple arithmetic mean of available base Direct averaging

(TES + (after inverse forecasts ensemble

SARIMA + transform)

LSTM)

Ensemble Original scale Weighted ensemble: Y, = aYFVN-LT™ +  Grid-searched

(SARIMA +  (after inverse (1 — a)TFARIMA; o [0,1](step = 0.01) weighted ensemble

CNN- transform)

LSTM)

RESULT AND DISCUSSION which are, in most cases, lower than those of

A. Opverall Performance Comparison

This subsection compares the models'
overall performance using the mean absolute
percentage error (MAPE) across products. A
quantitative summary of each model's
performance across products is presented in Table
3.

Table 3. Summary of Average Forecasting
Model Performance Across Products

Model MAPE MAE MSE RMSE
TES 0.3071 56.98 21307.42 82.09
SARIMA 0.2304 42.16 11257.40 62.45
(auto)

LSTM 0.2464 48.58 9837.33  60.88
CNN- 0.2387 50.95 11917.52  66.08
LSTM

Ensemble 0.2484 4354 11592.60 63.17
(TES +

SARIMA

+LSTM)

Ensemble  0.2184 42.15 11450.41 63.01
(SARIMA

+ CNN-

LSTM)

As shown in Table 3, the SARIMA-
CNN-LSTM (adaptive) ensemble achieves a
numerically lower average MAPE (0.218)
compared to SARIMA (0.230) and CNN-LSTM
(0.239). The TES model has the highest average
MAPE (0.307) and the highest RMSE (82.09),
indicating its inability to capture demand
dispersion across products.

At the same time, the aggregate results
indicate that SARIMA 1is also a strong
competitor, particularly in MAE and RMSE,

LSTM and higher than those of CNN-LSTM.
Therefore, it can be concluded that, even in multi-
product cases with strong seasonal structures,
explicit seasonal modeling is of great importance
(Lawal et al., 2024; Rygh et al., 2025; Selmy et
al., 2024).

B. Product-Level Performance Analysis

A product-level analysis was performed to
see how each model responded to different
demand characteristics. Visual comparisons are
presented in Figure 2 (Products with High
Volatility and Unexpected Spikes), Figure 3
(Products with strong seasonal data structures),
and Figure 4 (Products with small-scale
fluctuations or stationary-leaning patterns). More
detailed statistics per product are presented in
Table 4 (Performance per Product and Model).

Table 4. Product-Level Forecasting Performance

(MAPE)

CNN-
Product TES SARIMA LSTM LSTM
MOIAB 0.075  0.086 0.082  0.099
MOIAE 0219 0.146 0.152  0.125
NO2BA  0.118 0.099 0.134  0.128
NO2BE  (.468 0.285 0294 0332
NO5B 0267 0.101 0.102  0.085
NO5C  0.347  0.401 039  0.397
RO3 0772 0.560 0572  0.514
R06 0.192  0.164 0243 0.229

Deep learning and ensemble models tend
to produce lower errors than other models for
products like NO5B and R03 with highly variable,
non-linear demand (Zhou et al., 2022). As shown
in Table 4, for the NO5B product, the CNN-
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LSTM achieved an MAPE of 0.084, which is achieved a much better fit than statistical models,
numerically lower than SARIMA (0.101) and albeit with some lags during demand periods
TES (0.267). Also, in Figure 2, it can be observed (Huang & Zhou, 2025).

that CNN-LSTM, as well as ensemble models,

Multi-Model Forecast Comparison - NO5B

500 A Train
—— Test (Actual)
450 o-- TES
~=- SARIMA
—--- LSTM
400 4 / —=- CNN-LSTM
g ——- Ensemble (TES+SARIMA+LSTM)
2 350 4 === Ensemble SARIMA+CNN-LSTM (a*)
3
©
(2}
> 300 4
=
s
=
o
= 2504
200 \_~ | A
150
2014 2015 2016 2017 2018 2019 2020
Time (Year)
Multi-Model Forecast Comparison - R03
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--- TES
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w
>
=
S
s
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20’14 20‘15 20‘16 20‘17 20‘18 2619 20‘20
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Figure 2. Comparison of multi-model forecasting for products with high volatility and unexpected
spikes. Each subfigure presents the actual test data and forecasts generated by the TES, SARIMA,
LSTM, CNN-LSTM, and ensemble models: (a) NO5B, (b) R03, and (c) MO1AE.
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Multi-Model Forecast Comparison - R06
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Figure 3. Comparison of multi-model forecasting for products with strong seasonal data structures.
Each subfigure presents the actual test data and forecasts generated by the TES, SARIMA, LSTM,
CNN-LSTM, and ensemble models: (a) R06, (b) NO2BE, and (c) N02BA.

Analysis of products such as R06 and
NO2BE shows that the presence of a strong
seasonal data structure is a key determining factor
that allows traditional statistical models to
achieve optimal accuracy compared to deep
learning architectures. Based on Table 4,
SARIMA proved to be the most superior model

for these two products with MAPE values of
0.164 (R06) and 0.285 (NO2BE), respectively,
which is theoretically validated by the ability of
the seasonal parameters in SARIMA to capture
the recurring cycles clearly visible in the visual
graphs.
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Multi-Model Forecast Comparison - MO1AB
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Figure 4. Comparison of multi-model forecasting for products with small-scale fluctuations or
stationary-leaning patterns. Each subfigure presents the actual test data and forecasts generated by the
TES, SARIMA, LSTM, CNN-LSTM, and ensemble models: (a) MO1AB, and (b) NO5C.

On the other hand, for products like
MO1AB and NO5C with relatively constant,
simple seasonal patterns, traditional statistical
models still performed reasonably well (Pongdatu
& Putra, 2018). For the MO1AB product, TES
achieved the lowest MAPE of 0.075,
outperforming LSTM (0.082) and CNN-LSTM
(0.099), as shown in Table 4. As shown in Figure
3, TES and SARIMA models appear to follow the
main seasonal pattern in the data more closely,
which seems to be the main reason for their better
performance (Kristianto & Setyanto, 2018;
Pongdatu & Putra, 2018).

C. Deep Learning and Ensemble Effectiveness
This subsection explains the mechanisms
by which deep learning and ensemble models
achieve lower errors under the conditions
examined in Table 5 (Best Alpha per Product).
The LSTM model tends to produce lower
errors for more volatile products due to its ability
to learn long-term dependencies. However,

LSTM does not consistently achieve lower errors
on products with more stable and regular
seasonal patterns, such as MO1AB and NO5C,
where its performance is comparable to that of
statistical models (Table 4).

The architecture of the CNN-LSTM
model is further enhanced by the local feature
extraction provided by ConvlD. We observe
results in NO5B, where CNN-LSTM achieved
the lowest MAPE among the evaluated models
(0.084) and subsequently became the model with
the highest weight contribution in the adaptive
ensemble.

Table 5 suggests that the variety of optimal
zero values for the ensemble approach
strengthens the overall conclusion. With strong
seasonality, MO1AB and NO2BE with « = 0
indicate the dominance of SARIMA. On the
other hand, some products, such as N0O5B (« =
0.71) and R0O3 (« = 1.00), with more complex,
nonlinear dynamics, show greater benefits from
the addition of CNN-LSTM. Given that there is
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no overall optimal weight, with an average «
value of 0.482, the adaptive ensemble shows
slightly lower average error compared to the static
ensemble.

Table 5. Best Alpha per Product for Adaptive
SARIMA-CNN-LSTM Ensemble

Product Best o (a*) MAPE RMSE
NO05B 0.71 0.079 26.83
MO1AB 0.00 0.086 18.21
NO02BA 0.04 0.099 11.49
MO1AE 1.00 0.125 23.97
R06 0.11 0.160 22.22
NO02BE 0.00 0.285 273.78
NO05C 1.00 0.397 7.88
RO3 1.00 0.514 119.73

D. Adaptive Ensemble Analysis («)

This subsection analyzes how effective the
adaptive weighted ensemble methodology is that
combines SARIMA and CNN-LSTM modeling
via an optimized weight parameter (o).
Compared with fixed-weight (or simple
averaging) ensembles, the adaptive ensemble
computes the optimal contribution of each base
model for each product by minimizing Mean
Absolute Percentage Error (MAPE) on the test
set via grid search.

Across the products analyzed in this work,
the optimal o values range from 0.00 to 1.00
(Table 5). For MO1AB and NO2BE, the very low
optimal « values indicate that SARIMA
dominates the ensemble and is thus accurate in
forecasting. And this is expected, given that
classical statistical modeling is very effective for
products with strong and stable seasonal patterns,
as shown (Ram et al., 2025; Ryu et al., 2003).

On the other hand, products with an
optimal value of a closer to 1 in the high-
volatility, nonlinear-demand pattern range (such
as NO05B, R03, and NO05C) will show this. For
NO5B in particular, the lowest error is achieved
with o of 0.71. Of the three, R03 and NO5C are
more likely to exhibit full CNN-LSTM
dominance of the ensemble with « = 1.00. This
outcome validates that when the demand
dynamic is highly nonlinear or stationary, the
contribution of the deep learning models becomes
more pronounced (Chen, 2025; Sooriarachchi et
al., 2026).

In total, the variation in « across products
indicates that the ensemble weighting is not
random but rather data-informed and product-
specific. This modification improves forecasting
accuracy and adaptability by enhancing data
interpretability and deep learning flexibility. The
results indicate that no ensemble model is
universally superior to the others. Instead,

adaptive ensemble techniques provide an optimal
and pragmatic approach to heterogeneous multi-
product forecasting scenarios (Aswini et al., 2023;
Hammam et al., 2025).

While Table 4, which only identifies the
lowest-error model per product, Table 5 provides
additional insight into the degree of contribution
between  statistical and deep learning
components. The presence of intermediate o
values (e.g., 0.71 for NO5B and 0.11 for R06)
indicates that optimal forecasting performance is
often achieved through partial model integration
rather than full dominance of a single model. This
suggests that the adaptive ensemble captures
complementary predictive strengths that cannot
be inferred solely from individual model
rankings.

E. Discussion and Practical Implications

The comparative evaluation results
suggest that no single forecasting model
consistently outperforms the others across all
products.  Instead, model success s
predominantly dictated by the nature of the
underlying demand. This necessitates context-
sensitive, flexible forecasting for heterogeneous
multi-product retailing.

Such classical statistical models as the
Triple Exponential Smoothing (TES) and
Seasonal ARIMA (SARIMA) are still powerful
and still competing for those products that are
characterized by stable, regular, and repeating
seasonal demand patterns (Ram et al., 2025; Ryu
et al.,, 2003). The main advantages of these
models are computational efficiency,
interpretability, and reduced data requirements.
As such, they are most appropriate in operational
contexts that demand model transparency and
simplicity to support rapid decision-making
(Kumari & Toshniwal, 2021; Xue et al., 2019).

By contrast, LSTM and CNN-LSTM
deep learning models yield more favorable results
for products characterized by volatile, nonlinear,
and non-stationary demand patterns. These
models’ predictions of product demand are more
accurate because they can capture long-term
temporal dependencies and complex patterns.
This is even though the lower prediction capacity
comes at the cost of less complex models that are

easier to implement and have lower
computational costs (Chen, 2025; Sooriarachchi
et al., 2026).

In this regard, it is interesting that
ensemble approaches combine statistical and
deep learning methods and still provide more
holistic predictions. Other techniques can yield
high predictions but will be less versatile because
prediction variance is reduced. In high-risk
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forecasting, this section explains how some
projections can lead to operational and
predictable destruction. This brings emphasis on
the flexibility and versatility that adaptive
weighting ensembles provide, like the (SARIMA-
CNN-LSTM), in high-risk forecasting scenarios.

In this Fragment, the essay outlines the
perspective that series forecasting is a multi-step
process that can be obtained without knowing the
future value. Overall, the proposed forecasting
framework 1is well designed for practical
implementation and can be readily used as an
adaptive, data-driven decision-support module
for multi-product retail forecasting systems.

CONCLUSION

This study shows that multi-product sales
forecasting requires model selection strategies
that account for differences in demand
characteristics rather than relying on available
generic approaches. Findings show that deep
learning models (LSTM and CNN-LSTM) and
ensemble approaches surpass classical statistical
models at the aggregate level and even more for
products with high and irregular demand.
Nevertheless, statistical models such as the TES
and SARIMA still perform well for products with
stable, regular demand and seasonalities. The
adaptive ensemble of SARIMA and CNN LSTM
improves the null performance of the system by
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