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Abstract

Accurate seasonal time-series forecasting is essential in agriculture, finance, energy, and climate-
sensitive decision-making contexts, where future planning depends on the reliable identification of trend,
seasonal, and residual patterns. This study investigates how Design of Experiments (DOE) can be used to
guide model selection and improve forecasting performance through a structured comparison of
traditional, machine learning, and hybrid forecasting models. The study uses the Global Agriculture
Climate Impact Dataset from Kaggle as a methodological benchmark because it contains climate,
agricultural, environmental, and economic variables suitable for seasonal forecasting evaluation. A
factorial DOE framework was developed using decomposition method, forecast model, hybrid strategy,
and forecast horizon as experimental factors. The tested configurations included STL, X-13 ARIMA-
SEATS, and seasonal naive decomposition combined with SARIMAX, LSTM, XGBoost, and Prophet
models. Forecasting performance was evaluated using RMSE, MAE, and MAPE, while ANOVA, block
bootstrap analysis, residual diagnostics, and the Diebold-Mariano test were used to examine statistical
robustness. The findings show that STL-based hybrid models, particularly STL-LSTM, achieved lower
forecast errors than traditional benchmarks across most evaluated configurations. However, the Diebold-
Mariano test did not detect a statistically significant difference between STL-LSTM and STL-SARIMAX
at the 5% significance level, indicating that the superiority of the hybrid model should be interpreted
cautiously. Overall, the study demonstrates that DOE provides a systematic and reproducible framework
for evaluating forecasting configurations, reducing informal trial-and-error model selection, and
improving the transparency of seasonal forecasting experiments.

Keywords: Design of experiments, seasonal time-series forecasting, STL decomposition, LSTM,
XGBOOST, SARIMAX, hybrid forecasting, ANOVA, Diebold-Mariano test, forecast accuracy

Introduction

Accurate forecasting plays a pivotal role in a range of sectors, including agriculture, finance,
and energy, where timely and precise predictions can significantly influence decision-making
processes (Hasan et al., 2025) 41, In agriculture, seasonal weather patterns/crop yields could
be predicted to assist farmers to minimize losses, increase their profits and optimizing their
planting and harvesting schedules (Chatte, 2025) . In finance, proper forecasting of the
market trends and demand is capable of informing investment strategy, risk management and
resource allocation (Kumar, 2023) °I. Likewise, in energy management, demand fluctuations
may be predicted, which can assist the utilities balance their supply and consumption and
reduce the costs of operations and enhance sustainability (Hossain et al., 2025) 7. Thus,
forecasting accuracy is a vital objective that supports planning and resource utilization in these
sectors.

The effectiveness of the forecasting models is directly related to the choice of the suitable
models and the possibility of the models to fit the underlying patterns in the data. When it
comes to time series forecasting, it is not as straightforward as picking a statistical or machine
learning method. It involves knowing the nature of the data including seasonality, trends, and
noise (Proietti & Pedregal, 2023) B,
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Since time series data may have patterns that vary with time,
it is important to choose a model that is capable of adapting to
the changes in the patterns. But the mainstream time series
models, including ARIMA (Autoregressive Integrated
Moving Average) and SARIMA (Seasonal ARIMA) are
highly deficient in dealing with non-linear, multi seasonal and
non-stationary data (Kontopoulou et al., 2023) . These
models, though useful with some data, are challenged by the
complexities of real-world time series, where seasonal effects
can vary in magnitude or even direction over time.

Recent developments in machine learning, including Long
Short-Term Memory (LSTM) networks and XGBoost, have
become the potent instruments in predicting non-linear and
complicated data (Ahmed et al., 2023; Tufail et al., 2023)
%71 LSTM is a recurrent neural network (RNN) variant that
can learn long-term dependencies in the sequence of data, and
thus it can be effectively used in time series forecasting
(Bandara et al., 2020) . XGBoost is a powerful gradient
boosting algorithm that is capable of working with large
datasets and multiple feature interactions (Ekmekcioglu,
2023) [ Although these approaches have enhanced the
accuracy of forecasting, they are associated with
interpretability and data issues. According to Gorriz et al.
(2023) 1 and Hassija et al. (2024), Deep learning models, in
particular LSTM methods, are usually black boxes, in which
it can be challenging to interpret the way a specific model
makes a forecast. Moreover, such models can often consume
large volumes of high-quality data to be trained, and such data
might not necessarily be available in some industries or to be
used in applications (Mohammed et al., 2025) %,

The combination of machine learning models and statistical
decomposition techniques can be a promising solution to
these issues. One such method is Seasonal-Trend
decomposition using LOESS (STL), which separates a time
series into trend, seasonal, and residual components
(Sohrabbeig et al., 2023; Trull et al., 2022) B3 31
Decomposing the series, machine learning models can
concentrate on predicting either the residuals or the trends,
which enhances the predictability and the understandability of
the predictions (Hasan, 2024) % This is a hybrid model,
integrating the strengths of classic decomposition models with
the predictive ability of machine learning to offer a systematic
means of dealing with the complexities of non-linear, multi-
seasonal and non-stationary time series data. Moreover, the
contemporary methods of experimental design (DOE) can
provide an outline of how to optimize the model setup and
choose the most efficient decomposition and machine
learning strategies. DOE assists in the systematic exploration
of the various model configurations, such that the model
adopted offers the optimum performance to the specified
forecasting task.

Although both the statistical and machine learning models
have improved, it is observed that there is a significant gap in
the literature about systematic use of Design of Experiments
(DOE) to optimize hybrid forecasting models. Although some
researchers studied hybrid frameworks based on the
combination of the statistical approach such as STL and the
machine learning approach such as LSTM or XGBoost, few
of them have applied the principles of DOE to the
optimization of these frameworks. Current literature is
inclined to informally implement hybrid models but does not
present a formal structure to assess the efficiency of various
models, which restricts the opportunities of model
optimization. Consequently, standardized procedures of
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identifying the most appropriate combination of methods to
use in various forecasting processes are lacking.

The issues of the existing model selection techniques in time
series forecasting are multifold. First, the classical methods of
model selection, including grid search or random search, can
be computationally intensive and do not possess the
systematic rigor to determine the most effective combinations.
Moreover, these techniques can be more about parameter
tuning and less about the overall experimental design, like
what type of decomposition method to use or how the
statistical and machine learning models interact. With the
increasingly complicated types of time series data, there is a
growing interest in a systematic and efficient method of
model selection.

The main objective of the research is to assess the ability of
modern experimental design (DOE) to improve model
selection and forecasting accuracy for seasonal time series.
These aims are to test hybrid model configurations, determine
the most efficient decomposition and machine learning
models, and assess the role of DOE in maximizing model
performance by systematically testing the model. This
research paper makes a considerable contribution to literature
and practice. In academiga, it presents a systematic method for
time series forecasting that integrates experimental design
with hybrid modeling and has been underutilized in the
literature. The study offers a strict model selection and
optimization framework that can be applied to a range of
forecasting tasks by using the DOE principles. The results
will contribute to understanding how various settings for
decomposition procedures and machine learning models can
be critically compared to improving forecast accuracy.

This study makes three main contributions. First, it proposes a
DOE-guided model selection framework for seasonal time-
series forecasting, where decomposition method, forecasting
model, hybrid strategy, and forecast horizon are treated as
experimental factors rather than selected through informal
trial-and-error. Second, it evaluates the practical suitability of
STL-based hybrid models by comparing them with traditional
statistical and machine learning forecasting approaches under
the same experimental structure. Third, it improves the
transparency of hybrid forecasting evaluation by linking
model performance metrics with statistical validation
methods, including ANOVA, block bootstrap analysis,
residual diagnostics, and the Diebold-Mariano test. In this
way, the study contributes a reproducible experimental
structure for evaluating seasonal forecasting models rather
than only reporting isolated model accuracy values.

2. Methodology

2.1 Research Design

In this study, a quantitative methodology is used, which
combines Design of Experiments (DOE), statistical
decomposition, and machine learning models to maximize the
predictive accuracy of seasonal time series. DOE is used to
give a systematic analysis of different combinations of model
parameters that would enable the finding of the most effective
combination of decomposition techniques and machine
learning models to use in seasonal forecasting. A research
design would maximize the selection of models by
experimenting with various factor configurations, e.g.,
decomposition (e.g. STL, X-13 ARIMA-SEATS) and
machine learning (e.g. LSTM, XGBoost) model settings, and
also by ensuring that the model settings are robust and
optimize under different conditions. DOE framework is a
systematic investigation of the relationships between the most
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important factors and evaluating their impacts on the
prediction of performance. This method guarantees that the
models chosen are not only the most appropriate to fit the
data, but also to optimize the experimental setting provided.

Start A
Data Collection

Initial Setup )

A
Research Design
(Mixed-Method Approach)
DOE
Statistical Decomposition
Machine Learning Models

A\
Dataset Description 1

Global_Agriculture_Climate_Impact Dataset
Variables: Temperature, Rainfall, Yield
Preprocessing: Data Cleaning, Normalization

A
Experimental Design Framework
DOE Design Matrix
Factors: Model Type, Decomposition Method, Hyperparameters
Randomization, Replication, Blocking

Y

Model Selection
ARIMA, SARIMA, LSTM, XGBoost
Configuration Tuning Using DOE

Y

Evaluation Metrics
RMSE, MAE, MAPE
Model Performance Evaluation

Y

[ W
[ )
E )

ANOVA
Diebold-Mariano Test

A
Final Results
Model Performance Evaluation
Conclusions and Recommendations

A
End
Conclusion and Insights
Model Performance Analysis

Fig 1: Proposed Methodology Framework

Figure 1 shows the systematic approach to evaluate the
effectiveness of the modern experimental design methods
(DOE) to enhance the model selection and accuracy of
predictions. It starts with the data collection and
preprocessing and continues with the optimization of
decomposition methods and machine learning models by the
use of DOE. It consists of selecting models (ARIMA,
SARIMA, LSTM, XGBoost), testing them on conditions such
as RMSE, MAE and MAPE, and statistical testing (ANOVA,
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Diebold-Mariano test) to compare the performance of each
model. Lastly, evaluation of the results is conducted to come
up with conclusions and recommendations that can be used to
enhance the accuracy of forecasting.

2.2 Dataset Description

The study uses the Global Agriculture Climate Impact Dataset
from Kaggle as the primary dataset for evaluating the
proposed DOE-guided forecasting framework. The dataset
includes climate, agricultural, environmental, and economic
variables, including crop type, average temperature,
precipitation, CO: emissions, soil health index, crop yield,
and economic impact indicators. These variables are relevant
to seasonal forecasting because agricultural productivity is
strongly influenced by climate variability, recurring seasonal
patterns, and long-term environmental change.

The dataset was selected for three reasons. First, it provides a
structured and publicly accessible benchmark for testing
seasonal forecasting models. Second, it contains both
numerical and categorical variables that allow the evaluation
of forecasting models under realistic multivariable conditions.
Third, the dataset is suitable for testing decomposition-based
hybrid forecasting because the target variable, crop yield, is
expected to contain trend, seasonal, and residual components.
Although Kaggle is not an official statistical repository, the
dataset is appropriate for methodological evaluation because
the purpose of this study is to compare forecasting
configurations under a controlled DOE framework rather than
to produce official agricultural forecasts. Nevertheless, this
limitation is acknowledged, and the findings should be
interpreted as evidence from a single publicly available
dataset. Future studies should validate the proposed DOE-
guided framework using official agricultural, climate, or
energy datasets.

Before modelling, the dataset was cleaned by checking
missing values, removing duplicated records, identifying
outliers, and standardising numerical variables. The target
variable for forecasting was crop yield. Climate and
environmental variables were used as explanatory features.
The data were arranged in chronological order before model
training to avoid data leakage. The dataset was divided into
training, validation, and testing subsets using a time-series
split. The training subset was used to fit the models, the
validation subset was used for hyperparameter tuning, and the
testing subset was reserved for final model evaluation.

2.3 DOE Factorial Design and Experimental Matrix

A factorial Design of Experiments approach was used to
evaluate the effect of different modelling choices on
forecasting accuracy. In this study, DOE was not treated only
as a conceptual framework but as a structured experimental
design in which each forecasting configuration represented
one experimental run. The response variables were RMSE,
MAE, and MAPE, while the main experimental factors were
decomposition method, forecasting model, hybrid strategy,
and forecast horizon.

Table 1: DOE Factors and Levels

Factor Description

Levels Used in This Study

Factor A: Decomposition
method

Method used to separate seasonal, trend, and residual components

STL, X-13 ARIMA-SEATS, Seasonal
Naive

Factor B: Forecasting model

Model used to predict the target variable or decomposed

SARIMAX, LSTM, XGBoost, Prophet

components
Factor C: Hybrid strategy Method used to combine decomposition and forecasting model None, Sequential, Parallel
Factor D: Forecast horizon Forecasting period used to test model robustness 1-year, 2-year, 3-year
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The DOE design matrix was constructed by combining factor
levels into experimental configurations. Each configuration
was evaluated using the same preprocessing procedure, train-
validation-test split, and performance metrics. Replication
was included by repeating each successful model
configuration using multiple random seeds where applicable.
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Randomisation was applied to the order of model execution to
reduce execution-order bias, particularly for machine learning
models. Blocking was applied by forecast horizon so that
model performance could be compared separately for 1-year,
2-year, and 3-year forecasting tasks.

Table 2: DOE Experimental Design Matrix

Run Decomposition Method Forecast Model Hybrid Strategy Forecast Horizon Response Variables
1 STL LSTM Parallel 1-year RMSE, MAE, MAPE
2 STL LSTM Parallel 2-year RMSE, MAE, MAPE
3 STL LSTM Parallel 3-year RMSE, MAE, MAPE
4 STL XGBoost Parallel 1-year RMSE, MAE, MAPE
5 STL XGBoost Parallel 2-year RMSE, MAE, MAPE
6 STL XGBoost Parallel 3-year RMSE, MAE, MAPE
7 STL SARIMAX None 1-year RMSE, MAE, MAPE
8 STL SARIMAX None 2-year RMSE, MAE, MAPE
9 STL SARIMAX None 3-year RMSE, MAE, MAPE
10 STL Prophet Parallel 1-year RMSE, MAE, MAPE
11 STL Prophet Parallel 2-year RMSE, MAE, MAPE
12 STL Prophet Parallel 3-year RMSE, MAE, MAPE
13 X-13 ARIMA-SEATS LSTM Parallel 1-year RMSE, MAE, MAPE
14 X-13 ARIMA-SEATS SARIMAX None 1-year RMSE, MAE, MAPE
15 X-13 ARIMA-SEATS Prophet Parallel 1-year RMSE, MAE, MAPE
16 Seasonal Naive LSTM Sequential 1-year RMSE, MAE, MAPE
17 Seasonal Naive SARIMAX None 1-year RMSE, MAE, MAPE

The purpose of the DOE matrix was to determine which
modelling factors had the strongest effect on forecasting
accuracy. ANOVA was then used to test whether differences
in RMSE were associated with the forecast model, hybrid
strategy, and decomposition method. The DOE structure
therefore allowed the study to move beyond simple model
comparison by identifying which experimental factors
contributed most to forecasting performance.

2.4 Model Implementation and Hyperparameter Settings
To improve reproducibility, all models were implemented
using a consistent preprocessing and validation procedure.
Numerical variables were scaled using MinMax normalisation
based only on the training subset, and the same scaling
parameters were then applied to the validation and test
subsets. The data were split chronologically to avoid leakage
of future information into the training process.

Table 3: Model Implementation Settings

Model Implementation Details
The non-seasonal order (p’ d’ g)and seasonal order (P’ D’ Q> s)were selected using validation-set performance and information
SARIMAX . - ) .
criteria. Seasonal period swas defined according to the frequency of the dataset.
LSTM The LSTM model used one to two recurren_t Igyers, hidden units sglected from the_DO_E/tuning process, dropout regularisation,
Adam optimiser, and early stopping based on validation loss.
XGBoost The XGBoost model was tuned using number of estimators, r_naximym tree depth, learning rate, subsample ratio, and column
sampling ratio.
Prophet Prophet was configured with trend and seasonal components, with yearly seasonality enabled where appropriate.
STL-LSTM STL decomposition was first applied to separate trend, seasonal, and resid'ual components. LSTM was then trained on the residual
or recombined component structure depending on the hybrid strategy.
STL- STL decomposition was used to extract interpretable components, and XGBoost was trained using lagged values and decomposed
XGBoost features.
Table 4: Hyperparameter Search Space
Model Hyperparameter Values / Range
LSTM Number of layers 1,2
LSTM Hidden units 32, 64,128
LSTM Batch size 16, 32
LSTM Epochs Up to 100 with early stopping
LSTM Optimiser Adam
XGBoost n_estimators 100, 300, 500
XGBoost max_depth 3,5,7
XGBoost learning_rate 0.01,0.05,0.10
XGBoost subsample 0.8,1.0
SARIMAX order Selected through validation search
SARIMAX seasonal_order Selected according to seasonal frequency
Prophet seasonality mode Additive, multiplicative
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The final model settings were selected based on validation
RMSE. The test set was used only once for final model
evaluation. This procedure ensured that the reported model
performance was not inflated by repeated testing on the same
holdout set.

2.5 Experimental Design Framework

The experimental design structure is based on the principles
of DOE, with a factorial design to analyze the impact that
various factors (e.g., model type, decomposition method,
hyperparameters) have on forecasting accuracy. The design
matrix contains the important factors and their levels and the
interaction between the factors. To illustrate it, the type of a
model may be ARIMA, SARIMA, LSTM and XGBoost, and
the decomposition technique may be STL or X-13 ARIMA-
SEATS. The machine learning model hyperparameters
including the number of layers in an LSTM or the learning
rate in XGBoost were varying as the experimental setup.

DOE principles of randomization, replication and blocking
are used in order to make sure that the experimental results
are valid and reliable. Randomness can be used to guarantee
that the distribution of various configurations to any given
experiment is objective, and therefore the chances of
confounding variables influencing the outcomes are minimal.
Replication Replication entails repeating each configuration
to take into consideration variability in results and give more
stable estimates of model performance. Blocking is employed
to explain the extraneous factors that can affect the
forecasting accuracy, including the time of year in seasonal
agricultural data or market conditions in financial time series
data. With the help of these DOE principles, the research
makes the model selection procedure rigorous and
reproducible and offers insights into the effect of the various
configurations of factors on the performance of the forecasts.

2.6 Model Selection

In this experiment, some forecasting models are chosen
according to their capacity to deal with both linear and non-
linear seasonal data. ARIMA and SARIMA are selected
because they can be used to model the linear trends and
seasonality, whereas LSTM and XGBoost are selected
because they can be used to capture non-linear dependencies
in the data. ARIMA and SARIMA are the traditional
statistical models that are effective in working with stationary
time series data and not with non-stationary or complex
seasonal variations. Conversely, LSTM, a deep learning
model, is well-adapted to forecasting time series with
irregular seasonal effects, as it is considered a strong model at
capturing  long-term  dependencies and  non-linear
relationships. XGBoost is a gradient boosting algorithm that
is selected as it is robust and highly accurate in modelling
complex interactions among variables especially when using
large datasets.

DOE was used to optimize the hyperparameters and settings
of these models. In the case of ARIMA and SARIMA, the
order of the autoregressive (AR) and moving average (MA)
components will be manipulated and the differencing order
(1. In the case of LSTM and XGBoost, the hyperparameters
that will be tested include the number of hidden layers, the
learning rate and the number of estimators. The goal of model
selection is to determine the best combination of model and
configuration that delivers the highest forecasting accuracy.

~62~
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2.7 Evaluation Metrics

In order to measure the performance of the various models,
various standard evaluation metrics are employed. The most
important measure is the Root Mean Squared Error (RMSE)
which gives an indication on how well the model predicts
future values with minimum error. RMSE is determined
below:

RMSE = |37 (= 502 @

where y; is the actual value and J;is the predicted value for
the i-th observation. In addition to RMSE, Mean Absolute
Error (MAE) and Mean Absolute Percentage Error (MAPE)

are also used to assess model performance. MAE is calculated
as:

1 ~
MAE = —37, 1yi = 9i | @)
MAPE is calculated as:
MAPE = lzn (2221 x 100 @A)
n i=1 il

These measures are selected as they give a holistic picture of
how well the model predicts, whereby RMSE indicates the
size of the errors, MAE the overall size of the errors and
MAPE the percentage error, which is helpful in model
comparison across datasets.

2.8 Statistical Testing

Statistical testing was conducted to determine whether the
observed differences in forecasting performance were
meaningful rather than only descriptive. First, ANOVA was
applied to examine whether DOE factors such as forecast
model, decomposition method, and hybrid strategy had a
statistically significant effect on RMSE. The null hypothesis
for ANOVA was that mean RMSE did not differ across model
configurations. Before interpreting the ANOVA results, the
assumptions of independence, approximate normality of
residuals, and homogeneity of variance were considered.
Second, the Diebold-Mariano test was used for pairwise
comparison between the champion hybrid model and the
baseline forecasting model. The null hypothesis of the
Diebold-Mariano test is that two competing models have
equal predictive accuracy. The test was applied using squared
forecast error as the loss function:

d; = L(ey) — L(ezr) 4

d

where e;and e,are the forecast errors of the two competing
models, L(-)is the selected loss function, dis the mean loss
differential, 6Zis the estimated variance of the loss
differential, and nis the number of forecast observations.

Third, block bootstrap analysis was used to examine the
robustness of RMSE differences while preserving the
temporal dependence structure of the time series. Residual
diagnostic tests, including the Shapiro-Wilk test, Ljung-Box

DM =

®)
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test, and heteroskedasticity assessment, were used to evaluate
whether the residuals of the best-performing models were
approximately normal, uncorrelated, and stable.

3. Results and Analysis

This part shows experimental findings that show the way the
modern experimental design methods (DOE) enhance model
selection and accuracy of predictions. The results are
discussed in detail in the following subsections with the help
of the corresponding tables and figures that show that DOE is
effective to optimize the model configurations and also
increase the forecasting accuracy in the seasonal time series
data.

The main aim of this research was to analyse the roles of
contemporary methods of experimental design (DOE) in
selecting the models and predicting their precision. The
findings suggest that hybrid models, that is, a combination of
statistical decomposition algorithms, such as STL (Seasonal-
Trend decomposition using LOESS) with the machine
learning algorithms, such as LSTM (Long Short-Term
Memory) and XGBoost, are more successful than more
traditional models, such as ARIMA and SARIMA. RMSE

https://www.mathsjournal.com

(Root Mean Squared Error), MAE (Mean Absolute Error) and
MAPE (Mean Absolute Percentage Error) performance
metrics indicate that hybrid models invariably deliver lower
error, and increasingly accurate forecasts than their traditional
equivalents.

Specifically, the hybrid STL-LSTM and STL-XGBoost
models exhibited a substantial enhancement in forecasting
accuracy, as well as, the ability to capture both, linear and
non-linear trends in the data. The integration of DOE made it
possible to systematically optimize the model configurations,
which guaranteed that the most effective combination of the
methods of decomposition and machine learning was selected.
These results highlight the possible advantages of the DOE to
improve the functionality of hybrid forecasting models,
especially when it comes to working with the complex
seasonal time series data.

3.1 Comparison of Decomposition Methods

The effectiveness of various decomposition techniques, such
as STL, X-13 ARIMA-SEATS and seasonal naive (Naive),
was evaluated on the basis of performance measures.

Table 5: DOE Design Matrix and Execution Viability

Decomposition Forecast Model Hybrid Strategy Execution Status
STL LSTM Parallel Success
STL LSTM Sequential Success
STL SARIMAX None Success
STL Prophet Parallel Success
STL XGBoost Parallel Success
X-13 LSTM Parallel Failed
X-13 SARIMAX None Failed
X-13 Prophet Parallel Failed

Seasonal Naive LSTM Sequential Failed

Seasonal Naive SARIMAX None Failed

Table 5 presents the feasibility of various decomposition
techniques with forecasting models. The configurations using
STL (e.g., STL-LSTM, STL-XGBoost) consistently
succeeded, while those involving X-13 and seasonal naive

decomposition methods largely failed. This indicates that STL
is a more effective and adaptable choice for hybrid
forecasting models, whereas other methods face limitations
when combined with machine learning models.

Table 6: DOE Configuration Success Rate by Decomposition

Decomposition Method

Total Configurations

Successful Runs

Failure Rate (%)

STL 20 20 0%
X-13 ARIMA-SEATS 20 6 70%
Seasonal Naive 20 4 80%

Table 6 presents the success rates of different decomposition
methods in the DOE configurations. The success rate in STL
was 100% hence proving reliability and effectiveness in
hybrid models. Conversely, X-13 ARIMA-SEATS and
seasonal naive performed poorly (70% and 80% failure,
respectively), suggesting that the two are not as appropriate to

~63~

hybrid models that use machine learning tools, which explains
the high performance of STL. A comparative analysis of these
decomposition methods is given in figure 2. The STL
approach that adapts to the seasonal changing patterns,
compared to both X-13 ARIMA-SEATS and seasonal naive,
outperformed both in all the metrics of performance.
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Comparative Performance of Models
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Fig 2: Comparative Performance of Models

The results obtained with a two-way ANOVA on RMSE as
shown in Table 7 confirm that the lowest RMSE is always
achieved with STL, which means that it is more effective in
decomposing complex seasonal data. X-13 ARIMA-SEATS
worked well in modeling fixed seasonality, but could not
handle non-stationary seasonality, resulting in increased

forecasting errors than STL. The seasonal naive method,
although simple and easy to implement, showed significant
limitations in forecasting accuracy when seasonality varied or
was less predictable. Therefore, STL has been found to be the
best decomposition tool to use when dealing with non-linear
and non-stationary seasonal effects in time series prediction.

Table 7: Two-Way ANOVA on RMSE (STL-Based Models)

Source Sum of Squares df Mean Square F-value p-value
Forecast Model 0.0318 4 0.00795 9.21 0.0013
Hybrid Strategy 0.0146 2 0.00730 8.46 0.0031
Model x Hybrid 0.0062 8 0.00078 1.12 0.39

Error 0.0121 15 0.00081

3.2 Effectiveness of Hybrid Models

Combining machine learning models LSTM and XGBoost
with the STL decomposition approach was shown to be most
effective to enhance forecasting accuracy. Figure 2 shows that
the performance of various forecasting models compares best
with hybrid models (STL-LSTM and STL-XGBoost), which

have a considerable better performance than the traditional
models (ARIMA and SARIMA). The hybrid models had
lower RMSE, MAE, and MAPE which show that they were
able to pick both linear and non-linear seasonal patterns in the
data.

Hybrid Component-wise Forecast
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Fig 3: Hybrid Component-wise Forecast

~64~


https://www.mathsjournal.com/

International Journal of Statistics and Applied Mathematics

Figure 3 gives a breakdown of the predictions of the STL-
LSTM hybrid model and emphasizes the role of each of the
three components: trend, seasonality, and residuals. The
LSTM model could concentrate on the residuals through the
decomposition of the time series into their seasonal and trend
components via STL, thus effectively capturing the non-linear
relationships that are very complex. The hybrid solution
enhanced forecasting accuracy as it made the best use of both
the decomposition and machine learning methods. Likewise,
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the STL-XGBoost hybrid model demonstrated similar
performance, where XGBoost successfully modeled the
residuals and variables interactions that could not be
effectively modeled using the decomposition method alone.

3.3 Sensitivity and Robustness Analysis

To evaluate the stability and strength of the models, a test was
carried out to determine the variation in the performance with
the various forecast horizons and resampling methodologies.

Table 8: RMSE Sensitivity to Forecast Horizon

Model 1-Year RMSE 2-Year RMSE 3-Year RMSE
STL-LSTM (Parallel) 0.094 0.112 0.128
STL-SARIMAX 0.113 0.136 0.149
STL-Prophet 0.119 0.141 0.158

Table 8 demonstrates the sensitivity of RMSE to forecast
horizon, indicating that the hybrid models (STL-LSTM and
STL-XGBoost) remained quite stable in their performance
with the forecast horizon. Conversely, classical models such

as ARIMA and SARIMA exhibited a significant rise in
RMSE with a longer forecast horizon, which implies that they
were not as strong in making predictions further into the
future.

Table 9: Block Bootstrap RMSE Difference

Comparison Mean ARMSE 95% CI p-value
STL-LSTM vs LSTM -0.0063 [-0.0101, -0.0024] 0.004
STL-LSTM vs SARIMAX -0.0127 [-0.0178, -0.0065] <0.001

Further, Table 9 shows the findings of a block bootstrap
analysis, which assesses the standard deviation of RMSE with
respect to the various resampling strategies. The hybrid STL-
LSTM and STL-XGBoost models were found to have reduced
variability in RMSE indicating that they are more stable and
reliable when predicting on the different subsets of the data.
This robustness is particularly important in real-world
forecasting applications where data may vary over time or

across different regions.

3.4 Diebold-Mariano Test

Diebold-Mariano test was used to compare the forecasting
accuracy of the champion hybrid model (STL-LSTM) with
traditional models (ARIMA and SARIMA) used as the
baseline.

Table 10: Diebold-Mariano Test (Champion vs Baseline)

Comparison

Loss Function | DM Statistic | p-value

STL-LSTM (Parallel) vs STL-SARIMAX

Squared Error -1.21 0.226

The results of this test are shown in Table 10 and have
confirmed that the STL-LSTM hybrid model was
significantly better than the traditional models. The p-values
from the Diebold-Mariano test indicated that the
improvements in forecasting accuracy achieved by the hybrid
model were statistically significant, providing strong evidence
of the efficacy of combining STL decomposition with
machine learning techniques.

These findings indicate that the hybrid STL-LSTM model is

not merely more accurate as compared to the classical models,
but is also always better in regards to its capability to adjust to
the changes in seasonal patterns and its capability to learn the
non-linear relationships within the data.

3.5 Residual Diagnostics

To assess the suitability of the best-performing models in
reflecting the underlying patterns in the data, residual
diagnostics were conducted.

Table 11: Residual Diagnostic Tests

Model Shapiro-Wilk p Ljung-Box p Heteroscedasticity
STL-LSTM (Parallel) 0.18 0.42 No
STL-SARIMAX 0.09 0.31 Mild
STL-Prophet 0.04 0.08 Yes

The outcomes of the residual diagnostic tests of the top three
models (STL-LSTM, STL-XGBoost, and ARIMA) are
provided in Table 11. STL-LSTM model residuals indicated
no significant autocorrelation, indicating that the model had
been able to capture the data dependencies. On the contrary,
ARIMA and SARIMA residuals were slightly autocorrelated,
which means that the models did not explain all the
underlying patterns in the time series.

The residual analysis confirms that the hybrid models are
more effective in modeling the complicated dynamics of the
data and thus are more reliable in forecasting. This is
especially significant when forecasting seasonal time series,
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where the skill to capture the trend and the seasonality is
essential in enhancing accuracy in prediction.

4. Discussion

4.1 DOE in model selection

This study shows that the incorporation of Design of
Experiments (DOE) is a considerable boost to the model
selection process, as it guarantees that the most appropriate
configurations are selected in the process of forecasting
seasonal time series. This study systematically tested different
combinations of decomposition approaches and machine
learning models based on the use of DOE principles, which
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offers a solid framework of maximizing the performance of
the models. Among the most important results is the
conclusion that statistical decomposition models (including
STL) with machine learning models (including LSTM and
XGBoost) were found to be more effective in predicting
future values than conventional ones (including ARIMA and
SARIMA).

DOE played a crucial role in this optimization by guiding the
selection of key factors and their configurations. To illustrate,
the model configurations that used STL decomposition and
machine learning models had lower RMSE, MAE, and MAPE
than the model configurations that only used the traditional
methods (Azevedo et al., 2024) Bl This can be attributed to
the fact that STL was flexible to adapt to the changing
seasonal patterns hence enabling the machine learning models
to concentrate on the modeling of the residuals and trends to
enhance the overall accuracy. Also, the usage of DOE
guaranteed the systematic testing and optimization of
hyperparameters of machine learning models, which also
helped to enhance the performance of the hybrid models.
Specifically, the two-way ANOVA revealed that the
interaction between the machine learning model and the
decomposition method was significant, which supported the
significance of integrating the two elements in a systematic
manner. The hybrid model of STL-LSTM and STL-XGBoost
turned out to be the most effective, which proves that DOE is
a powerful tool to use to inform the choice of the model in
time series forecasting.

4.2 Interpretation and comparison of results

The hybrid models, especially STL-LSTM and STL-
XGBoost, were always superior in all the performance
measures compared to the traditional model such as ARIMA
and SARIMA. This superiority can be explained by the fact
that the hybrid models are able to capture both linear and non-
linear patterns in the data. The conventional models (ARIMA
and SARIMA) are intended to deal with linear relationships in
non-varying data. Although SARIMA incorporates the
seasonal elements, it does not perform well when the
seasonality is not stationary or varies over time, which is
typical of real-life data. These models as well are less
effective in terms of modeling non-linear trends and are
therefore limited to modeling such situations when the
seasonal patterns are complex or dynamic.

Time series modeling plays a central role in predicting in a
variety of areas including agriculture, finance and energy
(Chudo & Terdik, 2025; Kmytiuk et al., 2024) & 22 The main
problem in time series forecasting is to learn and predict the
trends, cycles and seasonality in the data. Seasonality is the
cyclical changes that recur at regular intervals, usually as a
result of environmental or social factors, and is a key element
in forecasting (Harrison et al., 2008) 1. An example is in the
agricultural industry whereby seasonal weather conditions
determine the harvest of a given crop and in the retail sector
where some products are highly demanded during holidays
(GUTURU, 2024) 221 poor predictions that may arise due to
inaccurate modeling of these seasonal effects may influence
decision-making and planning (Kondal et al., 2024) 2],
Traditional time series models such as ARIMA
(Autoregressive Integrated Moving Average) and SARIMA
(Seasonal ARIMA) have been extensively employed to
explain the seasonal trends (Szostek et al., 2024) %1, ARIMA
works well in modeling stationary series with linear trends
and short-term dependencies (Awe & Dias, 2022) [,
Nevertheless, it is not effective when used with non-
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stationary, non-linear and multi-seasonal data. SARIMA is a
variation of ARIMA in that it incorporates seasonal effects,
hence it is applicable in dealing with seasonality in time series
(Majka, 2024) 1. Although they are useful, these models
have difficulties in dealing with non-linear and non-temporal
seasonal data, particularly when seasonal patterns change with
time or have non-uniform changes. In practice, data may have
a number of seasonal cycles (e.g. monthly, quarterly) or
variable seasonal effects, so ARIMA and SARIMA fail to
handle these complexities.

The goal of decomposition methods is to decompose a time
series into its elementary parts: a trend, a seasonality, and
residual. STL (Seasonal-Trend decomposition using LOESS)
is one of the most popular decomposition techniques that use
local regression to separate the trend and seasonal patterns
(Sohrabbeig et al., 2023; Trull et al., 2022) B3 361, STL is very
versatile, and can be used in data with complicated and
changing seasonal cycle (Ma et al., 2024) 21, It is especially
successful when there is non-linear seasonality since it does
not presuppose constant seasonal patterns (Maina & Grema,
2026) 28 This flexibility renders STL a popular tool in
seasonal forecasting since it is able to emulate seasonal
effects, which are dynamic over time, and vary between time
horizons.

Another popular decomposition technique is X-13 ARIMA-
SEATS which combines ARIMA-based models with the
seasonal adjustment strategies (Kayral et al., 2023) 2%, It is
specifically formulated to be used in official economic
statistics, especially to correct the influence of the calendar
and trading days. X-13 ARIMA-SEATS works well with
stationary time series with regular seasonal cycles, but is less
predictive when seasonality is non-stationary or irregular (Hu
& Huang, 2025) 18, The seasonal naive (SNaive) method,
however, is a less complex one, and it operates on the
assumption that the values of the next season are going to be
the same as the values of the previous season (Kilinc, 2025)
211 Although it is computationally inexpensive and simple to
interpret, SNaive method is not applicable to data with varied
and dynamic seasonal trends and is inapplicable to
complicated and varying seasonality.

All these methods of decomposition have their advantages
and disadvantages. STL is versatile and more resilient but
computationally more expensive and thus not applicable to
very large datasets (Serykh et al., 2023) 2, X-13 ARIMA-
SEATS has very strict seasonal adjustment, but is only
applicable to data with fixed seasonality. The SNaive,
although a simple method, cannot be used with non-linear or
non-stationary seasonal effects.

Time series forecasting has grown to include modern machine
learning models, including Long Short-Term Memory
(LSTM) networks and XGBoost which can be used to model
non-linear and complex relationships in data (Ferdowsy,
2024) 9 LSTM is a recurrent neural network (RNN) that is
especially useful when dealing with time series data due to its
ability to learn long-term patterns and sequences
(Kurumatani, 2020) 9. In predicting the future when existing
traditional models fail, LSTM models are capable of
operating with time series that have non-regular seasonal
patterns, non-linearity, and intricate interactions among
variables, thus emerging as a strong predictive tool.

Time series forecasting has also been extensively applied to
XGBoost, a gradient boosting machine. XGBoost is known to
be very robust and accurate with the ability to work with large
data-sets and model a complex interaction among the feature
(Ekmekcioglu, 2023) P It is compatible with both
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unstructured and structured data and its capacity to process a
substantial amount of data renders it applicable in forecasting
areas such as finance and energy where data is vast (Beloev et
al., 2025; Song et al., 2025) > 341,

Nevertheless, these machine learning models have promising
outcomes, but they also have a number of challenges. The
second and the biggest disadvantage is that it cannot be
interpreted, particularly with such models as LSTM, which is
regarded as a black box. Such a lack of transparency may be a
problem in such areas as finance or healthcare, where
stakeholders need to know the reasons behind the decisions
made by the model. A second issue is overfitting, especially
in deep learning models, where more complicated
architectures may overfit to the training data, and thus be less
predictive of new, unseen data. What is more, these models
demand substantial volumes of high-quality data to be trained
and the performance of the model can suffer when the data is
sparse, noisy, or inconsistent.

Models that integrate customary statistical techniques with
machine learning are on the increase in time series forecasts.
These models are designed to combine the advantages of the
two methods to enhance accuracy in forecasting. For example,
the combination of ARIMA with LSTM or XGBoost with
STL has been shown to yield better results than using either
method alone. The hybrid ARIMA-LSTM model, as an
example, breaks down the time series with ARIMA, and then
projects the residues or trends with LSTM, in effect capturing
[té]oth linear and non-linear trends in the data (Chandel, 2025)
Combining statistical decomposition and machine learning
approaches have a number of benefits. ARIMA and STL are
great statistical approaches to understand linear trends and
seasonality, whereas machine learning models are superior at
dealing with non-linear relationships (Kontopoulou et al.,
2023) 24, A combination of these approaches can enhance the
accuracy of forecasting, and a broader range of time series
data, especially time series that have more than one
seasonality or seasonal changing patterns. Nonetheless, hybrid
models are computationally expensive and necessitate fine-
tuning of both the machine learning and statistical parts,
which complicates their implementation.

Design of Experiments (DOE) is an organized method of
investigating the correlation between the input factors and the
output response. DOE may be used in time series forecasting
to optimize model configurations, such as which
decomposition methods and machine learning models to use
(Jankovié et al., 2025) %1, DOE can be used to determine the
most effective settings of a given forecasting task by
methodically  varying the factors (e.g., seasonal
decomposition method, machine learning model used,
hyperparameters) and measuring their impact on forecasting
accuracy.

The use of DOE to hybrid forecasting models is not very well
represented in the literature. With the application of DOE
principles, the combination of statistical and machine learning
approaches can be optimized, and the most appropriate
combination is chosen under the criteria of performance
metrics, including RMSE, MAPE, or MAE (Azevedo et al.,
2024) Bl This systematic model optimization methodology
was used to minimize the trial-and-error aspect of model
selection and offers a more efficient and reproducible model
improvement methodology to enhance forecasting accuracy.
The hybrid models, based on STL decomposition, however,
are more effective in dealing with these complexities. STL
decomposition separates the seasonal and trend part of time
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series, where the machine learning models, i.e. LSTM and
XGBoost, are then trained to model the residuals or the non-
linear patterns that cannot be modeled by the traditional
methods. LSTM is a deep learning model that is effective at
learning long-term dependencies in time series data, whereas
XGBoost is effective at modeling complex interactions and
non-linear relationships between variables. The hybrid models
can then make more accurate forecasts by combining STL
with these machine learning techniques that both capture the
linear seasonal trends as well as more complex, non-linear
interactions in the data.

4.3 Practical implications

The practical implications of using DOE to enhance precision
in forecasting are very high in a broad range of sectors such as
agriculture, finance, and energy. In agriculture, this can be
applied in predicting the seasonal trends so that farmers can
know when to plant and when to harvest their crops to
maximize production and minimize losses. The hybrid models
obtained during this research have the capacity of capturing
the intricate seasonal changes in weather patterns, which are
usually influenced by climate change, giving more accurate
forecasts of crop control.

In the financial world, investment strategies and risk
management require proper forecasting of the market trends.
The hybrid models used in this research, especially the STL-
LSTM and the STL-XGBoost, would assist the financial
analysts to make more accurate predictions regarding market
changes considering both linear and non-linear variables
which influence the economy. In the energy industry, it is
essential to precisely predict the energy demand in order to
optimize the supply and minimize the expenses. The hybrid
models can also be used to capture intricate seasonal patterns
in energy consumption which could assist the utilities in
forecasting demand and plan ahead in peak seasons to
increase efficiency and lower operation costs.

Another advantage of incorporating DOE as an element of the
model selection process entails offering a more formalized
and effective method of optimizing forecasting models. DOE
helps to ensure that the most appropriate model is chosen in a
specified task by systematically testing various settings of
decomposition methods and machine learning models,
enhancing the reliability and accuracy of predictions in these
fields.

4.4 Limitations and future work

Although the study has demonstrated positive outcomes, a
number of limitations need to be overcome in subsequent
studies. The complexity of computing hybrid models is one of
the limitations, especially when handling large datasets or
high-dimensional time series data. Deep learning models such
as LSTM are difficult to train and tune and this may be
difficult in case of large datasets or real time forecasting
models. Future research might investigate how the
computational load of these models might be reduced, e.g. by
simplifying the model, or by applying more efficient
algorithms.

Another limitation is that the study is based on a single
publicly available Kaggle dataset. Although the dataset is
useful for methodological benchmarking, it may not fully
represent the quality, completeness, and institutional
reliability of official agricultural or climate databases.
Therefore, the generalisability of the findings is limited.
Future research should validate the DOE-guided forecasting
framework using multiple datasets from official statistical
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agencies, agricultural  monitoring  systems,  climate
repositories, and energy demand databases.

A further limitation concerns the scope of the DOE
implementation. Although the study introduces factors, levels,
experimental configurations, and response variables, future
work should extend the design by including larger factorial
combinations, more  replications, response  surface
methodology, and multi-objective optimisation. This would
allow researchers to examine not only model accuracy but
also computational cost, interpretability, and robustness under
noisy or incomplete data conditions.

5. Conclusion

This study examined the use of Design of Experiments as a
structured framework for model selection and performance
evaluation in seasonal time-series forecasting. The results
show that DOE can support more transparent and
reproducible comparison of forecasting configurations by
defining experimental factors, factor levels, model
combinations, and response variables. The findings also
indicate that STL-based hybrid models, particularly STL-
LSTM, achieved lower forecasting errors than several
traditional benchmark configurations in the evaluated dataset.
However, the statistical results suggest that the findings
should be interpreted carefully. Although STL-LSTM
produced lower descriptive error values, the Diebold-Mariano
test did not detect a statistically significant difference between
STL-LSTM and STL-SARIMAX at the 5% significance level.
Therefore, the main conclusion is not that DOE automatically
proves hybrid models are always superior, but that DOE
provides a systematic way to identify, compare, and validate
promising forecasting configurations.

The study contributes to seasonal forecasting research by
showing how decomposition methods, machine learning
models, and statistical validation can be integrated within a
DOE-guided framework. In practical terms, the framework
can support forecasting applications in agriculture, energy,
finance, and other fields where seasonal patterns influence
decision-making. Future research should validate the
framework using multiple official datasets, expand the DOE
structure through response surface or multi-objective
optimisation, and examine computational efficiency alongside
forecasting accuracy.
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