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Abstract

(1) Background: Accurate demand forecasting is essential for supply chain management, guiding
operational planning, decision-making, and resource allocation. Evaluating classical statistical and
AI approaches is crucial for selecting suitable forecasting techniques. (2) Methods: This case study
assessed five approaches—classical statistical algorithms, machine learning models, and a hybrid
method—using consumption data from a retail chain. Performance was measured by predictive
accuracy (sMAPE), training and testing latency, memory usage, and storage requirements. (3) Results:
XGBoost achieved the best balance, with low predictive error (sMAPE = 1.03%), minimal latency (79.3
ms), and moderate memory usage (359.58 MiB). SARIMAX and Holt-Winters remained competitive,
providing robust, interpretable, and efficient predictions. LSTM showed higher computational de-
mands (867.52 MiB) and lower accuracy (sMAPE = 3.7), while the Holt-Winters plus XGBoost hybrid
did not outperform individual methods (sMAPE = 1.36). Classical algorithms produced optimistic
forecasts, supporting make-to-stock strategies, whereas AI models were more conservative, aligned
with a following-demand approach. (4) Conclusions: Model selection should consider predictive
accuracy, operational costs, product characteristics, and organizational strategies. Results are dataset-
specific and cannot be generalized. Limitations include the absence of exogenous variables. Traditional
statistical methods remain competitive, interpretable, and efficient against AI approaches in structured
demand forecasting.

Keywords: demand forecasting, time series, statistical models, artificial intelligence, comparative
analysis

1. Introduction
Demand forecasting plays a central role in supply chain management, guiding operational

strategies, managerial decisions, and corporate planning [1]. According to [2], it involves identifying
patterns in historical behavior data to anticipate future outcomes, and may also include analyzing
factors that shape such behavior, enabling trend projection over time.

In today’s competitive landscape, suppliers must anticipate market needs and align produc-
tion capacity accordingly. Ref. [3] highlight that higher productivity requires replacing experience-
and intuition-based approaches with more analytical and precise methods. Consequently, demand
forecasting provides critical data to support informed decision-making.

Recent years have seen a significant increase in studies focused on time series-based demand
forecasting [4]. A time series can be understood as a dataset of observations collected sequentially
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over time, either at regular or irregular intervals, providing a chronological record of events [5]. The
growing complexity of operational environments and market volatility has driven the development
of increasingly sophisticated forecasting models. In that regard, machine learning and deep neural
network methods have gained rapid attention due to their strong performance in contexts characterized
by nonlinear and complex patterns [6–9].

This trend has been accompanied by a growing number of studies comparing statistical techniques
and machine learning algorithms across criteria such as accuracy, scalability, and computational
complexity [10]. In parallel, research has increasingly explored hybrid models that combine multiple
approaches to enhance predictive performance [11].

Although the literature on demand forecasting has expanded considerably, most studies still
emphasize predictive performance. Operational aspects, such as processing latency and memory
consumption, have received less attention, despite being critical for real-world deployment [10,12].
By evaluating both accuracy and computational costs, researchers can achieve a more comprehensive
understanding of model suitability in practical scenarios.

This case study analyzes a range of demand forecasting models, including classical statistical
methods, machine learning algorithms, and a hybrid approach. The evaluation was conducted using a
retail chain dataset, applying metrics such as predictive accuracy (sMAPE), processing latency, and
memory consumption. The objective is to compare the performance of traditional models against
recent machine learning and hybrid schemes within this practical context.

By integrating predictive performance with operational considerations, this study provides
practical insights into the selection of forecasting techniques. The contribution lies in demonstrating
under which conditions, for this particular case, traditional models can remain competitive, and
in identifying which types of products or production strategies may benefit from either statistical,
AI-based, or hybrid approaches.

2. Materials and Methods
This applied research with a quantitative approach uses open data from a Kaggle dataset [13],

containing daily demand records for 50 different products across 10 stores over a five-year period
from a retail chain. For simplification purposes, the demand of all products was aggregated weekly
using the mean, resulting in a single time series representative of the overall demand. Analyses were
conducted using Python with the support of the libraries pandas [14], numpy [15], matplotlib [16],
seaborn [17], statsmodels [18], scikit-learn [19], and tensorflow [20].

A total of five distinct models were employed, selected to represent classical statistical algorithms,
AI-based algorithms, and hybrid methods, following common practices identified in the literature for
problems of this nature [7,21–24]. The performance of each model was evaluated using the symmetric
mean absolute percentage error (sMAPE), training latency, prediction latency, model file size, and peak
RAM usage. This approach aims to provide a comprehensive view on the trade-offs of each strategy in
terms of predictive performance and computational costs.

2.1. Data Preprocessing

A logarithmic transformation was initially applied to adjust the data scale and improve visualiza-
tion. The time series was then decomposed to explore its individual components: trend, seasonality,
and residuals. Stationarity was formally assessed using the augmented Dickey-Fuller (ADF) test
with α = 0.05Ȧutocorrelation (ACF) and partial autocorrelation (PACF) plots were also inspected as
diagnostic tools. To verify stationarity, a first-order weekly differencing was applied, which reduced
trend components and stabilized the mean of the series. Finally, z-score standardization was applied
to the data to ensure that AI models are not affected by differences in feature scale [25,26]. The last
year of data, corresponding to 52 weeks, was reserved for testing the fitted models. Forecast accuracy
was further evaluated through 1,000 resamplings of rolling time windows with variable lengths.
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2.2. Modeling

This subsection aims to describe the selected algorithms and the parameters employed, in order
to ensure transparency and replicability of the conducted experiments.

2.2.1. SARIMAX

The Seasonal AutoRegressive Integrated Moving Average with eXogenous variables (SARIMAX)
model extends the seasonal ARIMA framework by incorporating external variables (X) to enhance
forecasting accuracy and predictive performance [27]. In this study, SARIMAX was selected for its
ability to handle seasonality and reduce errors, even when input and output series have similar lengths
and directions [28]. The model’s order parameters (p, d, q) and seasonal order parameters (P, D, Q,
s) were determined through empirical testing and analysis of the time series behavior, including the
examination of ACF and PACF plots. In this context, p represents the number of autoregressive (AR)
terms, d is the number of differences applied, and q is the number of moving average (MA) terms,
while P is the seasonal AR term, D is the seasonal differencing, Q is the seasonal MA term, and s
denotes the seasonal periodicity [29]. The full implementation is presented as follows:

ΦP(BS)ϕp(B)(1 − B)d(1 − BS)DYt = ΘQ(BS)θq(B)εt + βXt (1)

where B is the backshift operator, ϕp(B) and ϕq(B) are the AR and MA polynomials, ΦP(BS) and
ΘQ(Bs) are the seasonal AR and MA polynomials, εt is the random error, and βXt is the regression
with exogenous variables X. Thus, (p, d, q) = (1, 1, 1), (P, D, Q, s) = (1, 0, 1, 52), and X = 0 were
defined based on the experiments and observations conducted.

2.2.2. Holt-Winters

The Holt-Winters exponential smoothing method was selected for its simplicity and its ability
to effectively model data with both trend and seasonal variations [30]. This forecasting approach
applies exponential smoothing based on the results of the previous period’s forecast and incorporates
a parameter to account for seasonal patterns, capturing repeated variations around the intercept and
trend [31]. Accordingly, additive trend and seasonality were adopted, and the seasonal period was
again set to 52 weeks (1 year), as observed in the data behavior. The forecast for k steps ahead at time i
is calculated as:

Fi+k = (Li + k · Bi) · Si+k−m (2)

where Li represents the estimated level at time i, Bi is the estimated trend at the same time, Si+k−m

denotes the estimated seasonal component considering the seasonal period m, and k is the number of
steps ahead for the forecast. This formulation allows the model to simultaneously capture the current
level, trend, and seasonality, providing accurate predictions for future periods [32].

2.2.3. LSTM

The Long Short-Term Memory (LSTM) algorithm, widely used in natural language processing
and time series forecasting [33,34], consists of a memory cell (scj ) that stores information, updated

by three special gates: the input gate (gyinj ), the forget gate (recurrent loop with weight 1.0), and
the output gate (hyoutj ) [35]. These gates, together with the activation functions (S) and the weight
connections (Wcji, Winji, Woutji, Wicj ), provide a mechanism to address the vanishing gradient problem
observed in recurrent neural networks (RNNs) [36]. Figure 1 illustrates the components described
within this algorithm.
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Figure 1. LSTM cell diagram showing gates, cell state, outputs, and recurrent connections [36].

LSTM networks are particularly useful in time-series problems for their ability to capture long-
term dependencies in sequential and multivariate time-series data, and to directly map input sequences
to multi-step output forecasts [37]. Thus, the implemented model consists of two stacked LSTM layers,
each with 32 neurons, followed by a dense layer with 64 neurons using the Rectified Linear Unit (ReLU)
as the activation function. To improve generalization and prevent overfitting [38], two Dropout layers
with a rate of 0.1 were incorporated: one placed between the two LSTM layers and another between
the second LSTM layer and the dense layer. The output layer contains a number of neurons equal to
the number of steps to be predicted, providing flexibility while maintaining prediction stability [23].
The Adaptive Moment Estimation (ADAM) was employed as the optimizer, and the cost function
was calculated using the mean absolute percentage error (MAPE). Again, the previous 52 periods
were considered for the prediction. Training was stopped after 27 epochs due to the application of the
early stopping technique, which monitors the validation error. The training was interrupted when no
improvement greater than 0.001 was observed in the errors over 5 consecutive epochs, thus preventing
model overfitting.

2.2.4. XGBoost

The Extreme Gradient Boosting (XGBoost) algorithm is widely used in various data mining tasks
and combines multiple weak classifiers into a single strong classifier in a linear manner and performs
a second-order Taylor expansion of the cost function to extract richer information [5]. In this study,
XGBoost was chosen for its flexibility in modeling complex and nonlinear relationships, robustness
to outliers, and ability to automatically capture feature interactions [39]. The regularized objective
function minimized by XGBoost is expressed as:

L(t) =
n

∑
i=1

l(yi, ŷ(t−1)
i + ft(xi)) + Ω( ft), (3)

where l is the loss function, yi and ŷ(t−1)
i are the actual and predicted values for observation i

at iteration t − 1, ft is the newly added tree, and Ω( ft) is a regularization term that penalizes the
complexity of ft. Using a second-order Taylor expansion, the objective can be approximated as:

L(t) ≈
n

∑
i=1

[
gi ft(xi) +

1
2

hi f 2
t (xi)

]
+ Ω( ft), (4)

where gi = ∂ŷ(t−1) l(yi, ŷ(t−1)) and hi = ∂2
ŷ(t−1) l(yi, ŷ(t−1)) are the first and second derivatives of

the loss function with respect to the previous prediction. In the present implementation, regression
relies on the last 52 periods immediately preceding the target value. Hyperparameters were optimized
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via grid search to enhance performance: the fraction of columns per tree (colsample_bytree) was set
to 0.8, the learning rate (learning_rate) to 0.2, the maximum tree depth (max_depth) to 3, the number
of estimators (n_estimators) to 50, and the fraction of samples per tree (subsample) to 0.8.

2.2.5. Hybrid Model

For the hybrid time series model, aspects of traditional trend and seasonality modeling were
combined with machine learning methods to capture more complex patterns in the forecast residuals.
Initially, the Holt-Winters model with additive trend and seasonality is applied to predict the main
demand series. The residuals are then analyzed separately. To model them, lagged features are
created, transforming the residual series into a supervised learning problem. An XGBoost model is
subsequently trained on these lags to predict future errors. The final forecasts are obtained by adding
the predictions from the Holt-Winters model to the residual predictions from XGBoost. This approach
aims to leverage the strengths of both strategies, combining the ability to capture linear and seasonal
patterns with the capacity to model nonlinear relationships in the errors [31,40–42]. For the hybrid
implementation, the same parameters as in the individual Holt-Winters and XGBoost models were
maintained.

2.3. Experimental procedure

Model performance was evaluated using metrics that capture both predictive accuracy and
computational costs. Predictive accuracy was measured using sMAPE, defined as:

sMAPE =
100%

n

n

∑
t=1

|yt − ŷt|
(|yt|+ |ŷt|)/2

(5)

where yt is the actual value at time t, ŷt is the predicted value, and n is the total number of obser-
vations. Lower sMAPE values indicate better predictive performance. While MAPE is highly sensitive
to small actual values (yi), where even minor absolute deviations can produce disproportionately
large percentage errors [43], sMAPE provides a more balanced measure, reducing the impact of small
denominators and offering a more reliable assessment of predictive accuracy in time series data [44,45].

The reliability of sMAPE was assessed using a random window resampling procedure. For each
iteration, all observations preceding a randomly selected point in the test set were added to the training
set, and a prediction window of random length was used to compute the metric.

Computational costs were quantified via model latencies, measured in milliseconds for training
(TL) and inference (IL), as well as model file size (kB) and peak RAM usage (MiB), reporting the
maximum observed RAM.

Margins of error (ME) for sMAPE, LT, and LI were computed as:

ME = z · σ√
N

, (6)

where σ is the standard deviation across iterations N and z corresponds to the desired confidence
level.

The experiments were conducted on a machine equipped with an Intel® Core™ i5-10210U CPU @
1.60 GHz, 8 GB RAM, running Windows 10 (64-bit). No dedicated GPU was used, and all computations
relied solely on the CPU. All metrics, including sMAPE, latency, and peak RAM, were obtained based
on 1000 iterations, providing a robust assessment of model performance and variability. A confidence
interval of 0.05 was adopted in all evaluations.

3. Results
The five years of product demand were initially inspected visually to identify possible intuitive

trends and seasonal patterns in the data. The complete time series is presented in Figure 2.
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Figure 2. Weekly average product demand.

The preliminary inspection revealed the presence of a slight upward trend over time combined
with a well-defined annual seasonality, with demand peaks in the middle of the year and low periods
at the beginning and end. This behavior remained consistent throughout the entire available history
and is better illustrated through its decomposition into trend, seasonality, and residuals, as shown in
Figure 3.

Figure 3. Demand decomposition.

Using the additive model for decomposition, the positively sloped trend line confirms the initial
observation of a temporal increase in demand, possibly reflecting the organic growth of the organi-
zation. Additionally, the seasonality is emphasized by its cyclical behavior observed over the years,
indicating that demand is considerably sensitive to different seasons. The residuals are very close
to zero, suggesting a relatively homogeneous distribution with few outliers, although slight signs of
heteroscedasticity are present, considering the variation in variance amplitude over time. A more
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in-depth assessment of data stationarity is illustrated in Figure 4, through the analysis of the ACF and
PACF tests.

Figure 4. ACF and PACF tests.

Despite the p-value of 0.04 obtained from the Augmented Dickey-Fuller (ADF) test, some evidence
suggests that the series is not fully stationary. These indicators include the slow decay of the ACF, a
pronounced peak at the first lag in the PACF followed by a sharp drop, as well as the presence of trend
and seasonality observed visually.

After applying a weekly differencing, the signs of non-stationarity were significantly reduced, and
the ADF p-value dropped to 0.0001, increasing the confidence that the transformed series is stationary.

With these adjustments, and ensuring that the model assumptions were properly addressed,
the selected algorithms were trained and validated using data from the most recent year available.
The performance comparison of each model is presented in Figure 5, where the actual demand is
highlighted in blue and the predicted values are shown in red.
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Figure 5. Actual demand vs. predicted demand.

The observation of the results indicates that all tested models demonstrated good predictive
capability, generating curves that closely follow the actual data. In general, classical statistical models
— SARIMAX and Holt-Winters — tended to be more optimistic, often projecting values higher than
the original data. In contrast, AI-based models — XGBoost and LSTM — were more conservative,
frequently predicting values below the actual observations. The hybrid model — Holt-Winters +
XGBoost — closely followed the optimistic trend of the classical models, often producing predictions
above the original values.

Table 1 summarizes the results obtained in terms of sMAPE, computational latency, and memory
usage for each evaluated model, providing additional guidance for selecting the most appropriate
strategy for the specific context under consideration.

Table 1. Experimental results of the evaluated models.

Model sMAPE (%) TL (ms) IL (ms) Peak RAM
(MiB)

Storage
(kB)

SARIMAX 1.21 ± 0.05 7740 ± 70 8.05 ± 0.09 408.23 116134
Holt-Winters 1.39 ± 0.06 183 ± 3 3.64 ± 0.08 236.58 31

LSTM 3.7 ± 0.1 19068 ±
1848 2100 ± 90 867.52 245

XGBoost 1.03 ± 0.04 54 ± 1 25.3 ± 0.1 359.58 112
Holt-Winters + XGBoost 1.36 ± 0.06 252 ± 2 29.9 ± 0.1 324.95 156

XGBoost was the model with the best overall performance, achieving the lowest predictive error
(sMAPE = 1.03%) and presenting very low training latency (54 ms) and testing latency (25.3 ms), in
addition to a relatively moderate memory consumption (359.58 MiB). Its ability to balance accuracy
and speed, even though it was not originally designed for time series tasks, highlights the potential of
the model in production environments that require high responsiveness with predictive reliability.

SARIMAX, the second-best in terms of error (sMAPE = 1.21%), reinforces its relevance as an
interpretable statistical model. However, its training latency (7.74 s) was significantly higher, as well as
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memory usage (408.23 MiB) and storage demand (116 MB), which may compromise its application in
scenarios requiring scalability or real-time operation. Nevertheless, its ability to incorporate exogenous
variables and provide greater transparency in the results can make it attractive in analytical or strategic
contexts.

Holt-Winters maintained its appeal due to its computational efficiency, with the lowest training
time (183 ms), testing time of only 3.64 ms, and the smallest file size among all models (31 kB). Although
it showed a slightly higher error (sMAPE = 1.39%), its overall efficiency positions it as an excellent
option for systems that require fast updates and low resource consumption, even with a small loss in
accuracy.

In contrast, LSTM presented the worst accuracy (sMAPE = 3.70%) and high computational costs:
training time of 19.1 s, testing time of 2.1 s, and peak memory usage of 867.52 MiB. Although it was
the model with the greatest theoretical capacity to capture nonlinear patterns, its practical results did
not translate into a competitive advantage in this application, limiting its feasibility for productive use.

Finally, the Holt-Winters + XGBoost combination did not outperform the individual models.
Despite achieving a relatively low error (sMAPE = 1.36%), the hybrid approach resulted in higher
latencies (252 ms for training and 29.9 ms for testing) and increased computational complexity without
significant performance gains compared to XGBoost alone. Therefore, the combination strategy was
not justified given the additional implementation costs.

4. Discussion
Therefore, the choice of the most appropriate model depends not only on predictive accuracy but

also on the computational costs associated with training, inference, and memory usage, which are
decisive factors in real-world applications. In this study, statistical models displayed a tendency to
overestimate demand, while artificial intelligence models were more conservative, often underestimat-
ing it. These forecasting profiles suggest different potential uses: overestimation may be advantageous
in make-to-stock (MTS) strategies [46], where anticipating higher demand can help mitigate the risk
of stockouts, whereas underestimation may be preferable in demand-following contexts, such as
perishable goods, high unit-value products, or items with significant storage and logistics costs, where
avoiding excess inventory is critical. Although the computational costs observed in this study are
relatively low, the results provide useful indications for larger-scale applications, in which scalability
and resource efficiency are likely to become decisive for the feasibility of the solution.

The results of this case study corroborate previous findings, showing that traditional statisti-
cal methods can remain competitive with artificial intelligence models in time series with relatively
structured patterns. Ref. [21] demonstrated that, although AI models may achieve slightly better
performance, accuracy gains are not always statistically significant compared to established solutions,
such as linear regression or ARIMA. Ref. [22,47] emphasize the robustness, computational efficiency,
and interpretability of traditional methods, in contrast with the higher cost and complexity of imple-
menting deep learning approaches. Even with the growing use of neural networks and hybrid models
in high-uncertainty contexts [7,23,48], classical methods continue to offer viable solutions, particularly
when computational costs and inference speed are important. Overall, the choice between traditional
and AI methods should consider the operational context, as lower predictive error does not always
imply a practical advantage. By addressing these complementary dimensions, this research contributes
to the development of a framework that can support managers and decision-makers in selecting the
most appropriate forecasting model according to specific business contexts.

5. Conclusions
This study analyzed a range of demand forecasting models, including classical statistical methods,

machine learning algorithms, and hybrid approaches, evaluating both predictive performance and
operational metrics such as training and testing latency, memory usage, and storage requirements.
XGBoost achieved the best overall balance, with low sMAPE, minimal latency, and moderate mem-
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ory usage, making it suitable for responsive production environments. Classical models remained
competitive, with SARIMAX providing strong predictive accuracy at higher computational cost and
Holt-Winters offering operational efficiency despite slightly higher error. LSTM showed lower accuracy
and high computational demands, while the Holt-Winters plus XGBoost hybrid did not outperform
the individual models. Overall, the study fulfilled its objective by providing practical insights for
choosing forecasting techniques aligned with product characteristics and organizational production
strategies. The results obtained on a low-cost machine without a dedicated GPU suggest that the
proposed approach may be feasible in real-world scenarios with limited computational resources.

An important limitation of this research is the use of a single dataset from a retail chain, which
may restrict the generalizability of the findings to other industries or time series with different demand
patterns. Additionally, the analysis did not include exogenous variables, which could affect model
performance.

Future studies could replicate this evaluation across multiple sectors and datasets to assess the
robustness and scalability of the models. Investigating hybrid and ensemble approaches under varying
demand scenarios, incorporating exogenous variables, and considering the computational cost relative
to predictive gains would provide further guidance for operational deployment. These directions
would help clarify under which conditions AI or classical models offer practical advantages and
support more informed decision-making in supply chain management.
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Abbreviations
The following abbreviations are used in this manuscript:

ACF Autocorrelation function
ADAM Adaptive Moment Estimation
ADF Augmented Dickey-Fuller test
AI Artificial Intelligence
ARIMA AutoRegressive Integrated Moving Average
IL Inference latency
kB Kilobytes
LSTM Long Short-Term Memory
MAPE Mean absolute percentage error
ME Margins of error
MiB Mebibytes
MS Milliseconds
MTS Make-to-stock
PACF Partial autocorrelation function
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RAM Random Access Memory
ReLU Rectified Linear Unit
SARIMAX Seasonal AutoRegressive Integrated Moving Average with eXogenous variables
sMAPE Symmetric mean absolute percentage error
TL Training latency
XGBoost Extreme Gradient Boosting
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