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and policy decision-making under uncertam market conditions. Empirical
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simulation design 1s 1mplemented by varying seasonality, volatility, and
predictor-response structure across 12 scenarios with 100 replications each.
The results indicate that volatility 1s the most dominant factor affecting
forecasting error, with significant interaction effects among structural factors.
ANOVA and post hoc analysis further confirm that model performance
depends more on data characteristics than on algorithmic complexity. These
findings demonstrate that factorial simulation provides a systematic and robust
framework for evaluating forecasting models beyond conventional empirical
comparisons, while offering deeper mnsight into the relationship between data
structure and model performance.
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1. INTRODUCTION

This study compares ANFIS, a hybrid GA-SVM, and SVM for time-series forecasting in both empirical
and synthetic time-series settings. The empirical focus on Indonesian coal prices is important because Indonesia
1s one of the world’s major coal exporters, making coal price dynamics economically relevant for energy trade,
export performance, industrial activity, and policy formulation.
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As a strategic commodity, coal prices are not determined solely by supply and demand, but are also affected
by exchange rates, inflation, energy market interactions, trade conditions, and broader geopolitical disturbances.
Recent evidence also shows that commodity markets are increasingly exposed to contagion effects and
geopolitical spillovers that may alter price behavior over time [1], [2].

From a time-series perspective, commodity price data often violate simple assumptions such as stationarity,
linearity, and constant variance. In practice, coal price series may exhibit level shifts, ime-varying volatility, and
complex relationships between the response and explanatory variables. Under such conditions, classical linear
forecasting approaches may be insufficient to produce reliable predictions, especially when the data are
influenced by structural change, market shocks, or evolving predictor interactions. [3], [4], [5], [6].

The development of computational forecasting methods has encouraged the use of more adaptive
approaches, including Adaptive Neuro-Fuzzy Inference System (ANFIS), Support Vector Machine (SVM), and
optimization-based hybrid models. ANFIS can model nonlinear relationships by itegrating neural networks and
fuzzy inference systems into a unified learning framework [7]. SVMs are known for their strong generalization
ability and effectiveness in handling complex nonlinear patterns through kernel-based learning [8],[9],[10].
Meanwhile, hybrid GA-SVM combines SVM with a Genetic Algorithm (GA) to optimize hyperparameters, which
theoretically enhances model adaptability when the data structure is difficult, noisy, or unstable [11],[12].

Previous studies have shown that machine learning and hybrid methods can perform well in volatile time-
series and commodity-related forecasting problems. Alameer et al. reported that hybrid GA-ANFIS
outperformed ANTIS, SVM, GARCH, and ARIMA 1n forecasting copper prices [13]. Hendikawati et al. showed
that ANFIS can yield reliable time-series predictions, although its performance is sensitive to preprocessing and
iput selection [14]. In reservoir inflow forecasting, Alquraish et al. found that hybrid ANFIS-GA and SVM-GA
improved forecasting performance relative to benchmark models [15]. In the context of oil price forecasting,
Kaymak and Kaymak emphasized that nonlinear and volatile price movements require flexible predictive models
[16]. Sinaga et al., Oladipo and Sun, and Bakare et al. further demonstrated that optimization-based ANFIS
hybrids can improve predictive performance in time-series and energy-related applications [17],[18],[19]. More
broadly, Drachal and Pawtowski highlighted the increasing relevance of genetic algorithms and their hybrids in
commodity price forecasting [20]. Related developments in support vector methods, including fuzzy and pinball-
loss extensions, also suggest that SVM-based approaches remain highly relevant for complex predictive settings
[21].

Recent developments in time-series learning also emphasize that multivariate forecasting becomes more
challenging when temporal dependencies and inter-variable relations evolve over time [5],[22]. This is particularly
relevant in data-rich forecasting environments, where performance depends not only on the forecasting algorithm
itself, but also on predictor structure, dynamic dependence, and the complexity of the underlying data-generating
process [4],[23],[24],[25],[6]. Recent surveys further show that forecasting research has expanded from statistical
and machine learning approaches to multi-scale, self-supervised, and information-theoretic frameworks,
reflecting the growing diversity of modern forecasting architectures [23],[24][26],[27],[22]. These perspectives are
also consistent with broader machine learning arguments that predictive performance depends on the match
between model structure and data complexity rather than methodological sophistication alone [28],[29].

Despite these developments, several gaps remain. First, many forecasting studies still focus on a single model
or rely on static data splitting, which is less representative of real forecasting conditions than sequential validation
[301,[4]. Second, direct comparisons among ANFIS, SVM, and hybrid GA-SVM on Indonesian coal price data
remain limited. Third, empirical findings are rarely interpreted alongside controlled simulation evidence to
explain why a particular method performs better under one structural condition but not under another. These
gaps are important because modern time-series data are increasingly recognized as structurally dynamic,
nonstationary, and rich in predictor information [4],[23],[24],[51,6].

Based on this context, the present study makes two main contributions. First, it directly compares the
forecasting performance of ANFIS, SVM, and hybrid GA-SVM on Indonesian coal price data using walk-forward
validation, thereby making the empirical evaluation more consistent with real forecasting practice [30],[31].
Second, it complements the empirical findings with a factorial simulation framework that uses synthetic time-
serles structures to systematically vary seasonality, volatility, and predictor-response structure. This design makes
it possible to evaluate model robustness more explicitly and to interpret empirical performance differences in
light of underlying data characteristics. Such an approach is particularly relevant for commodity prices, which
may be influenced by volatility transmission, spillover effects, and shifting structural conditions over time
(11,121,120].

Therefore, this study evaluates the robustness of ANFIS, hybrid GA-SVM, and SVM across controlled
time-series structures, with empirical validation using Indonesian coal price data.

From a practical perspective, accurate and robust coal price forecasting is essential for energy planning,
export management, and policy decision-making under uncertain and volatile market conditions.
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2. RESEARCH METHOD
2.1 Research Design

This study employed a quantitative computational framework consisting of two complementary stages:
empirical analysis and factorial simulation. The empirical stage was conducted first to identify the actual
characteristics of Indonesian coal price data, while the simulation stage was designed to evaluate model robustness
under systematically controlled structural conditions. This sequence follows the rationale that empirical evidence
should provide an initial understanding of the observed data-generating behavior before more structured
simulation experiments are carried out.

The forecasting models evaluated in this study were ANFIS, hybrid GA-SVM, and SVM. These three
models were selected because they represent different levels of modeling flexibility and optimization. ANFIS was
included as a neuro-fuzzy approach capable of capturing nonlinear relationships [7], hybrid GA-SVM was
included as an optimization-enhanced machine learning model [11],[12], and SVM was used as a benchmark
model with strong generalization capability in nonlinear forecasting tasks [8],[9],[10].

The overall design was intended not only to compare forecasting accuracy but also to explain how model
performance changes under different structural properties of time-series data. For this reason, the empirical
analysis was complemented by a factorial simulation design and an ANOVA-based inferential analysis [11].
Although the main inferential focus of this study is factorial ANOVA, the formal comparison of predictive
performance is also consistent with the broader literature on forecast evaluation [32].

2.2 Empirical Data and Preprocessing

The empirical dataset consisted of monthly Indonesian coal prices and several macroeconomic and energy-
related variables assumed to influence coal price dynamics. These variables were selected for their economic
relevance to coal price formation, since coal prices are not determined solely by their own historical movements
but are also influenced by trade activity, inflation, exchange rates, and related energy commodity prices. The
variables used 1n this study are presented in Table 1.

Table 1. Variables and Data Sources

Variable Notation Description Data Source
Indonesian coal price Y; Main response variable to be forecasted World Bank
Coal exports Xyt Volume of Indonesian coal exports Ministry of Trade
Coal imports Xyt Volume of coal imports Ministry of Trade
Inflation X3 Indonesian iflation rate Statistics Indonesia
Crude oil price Xat Indicator of global energy price dynamics World Bank
Natural gas price Xs: Complementary energy commodity price World Bank
IDR/USD exchange rate Xot Exchange rate (IDR/USD) Ministry of Trade

All variables were arranged as monthly time series. To reduce scale differences and stabilize variance, price-
/related variables were transformed using the natural logarithm. This transformation is widely used in forecasting
and commodity price modeling because it improves comparability across variables and reduces the effect of
extreme magnitudes [3], [33]. After transformation, exploratory analysis was conducted the use of time-series
plots, volatility inspections, and temporal dependence to identify nonstationarity, volatility shifts, and possible
nonlinear behavior in the data.

The empirical findings were not treated as definitive evidence of model superiority. Instead, they served as
an nitial diagnostic stage from which the simulation framework could be designed more meaningfully. This is
important because empirical performance on a single dataset may reflect only one realization of a broader
structural environment [30],[4]. In addition, potential dependence among explanatory variables was considered
conceptually because energy prices, exchange rates, and macroeconomic indicators may move together under
changing market conditions. However, formal variable selection procedures such as LASSO or information
criteria were not applied in this study, which is acknowledged as a limitation and a possible direction for further
research.

2.3 Forecasting Models
2.3.1 Adaptive Neuro-Fuzzy Inference System (ANFIS)

ANFIS is a hybrid intelligent system that combines the reasoning structure of fuzzy inference systems with
the learning ability of neural networks. The model is designed to approximate nonlinear mput-output
relationships through a set of fuzzy if-then rules with adaptive membership functions [7]. In general, the ANFIS
output is expressed in Equation (1).
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where w; denotes the normalized firing strength of the i-th rule and f;(x) represents the corresponding
consequent function. This structure allows ANFIS to capture nonlinear and uncertain relationships more flexibly
than conventional linear models.

In this study, ANFIS was implemented using a Takagi-Sugeno fuzzy inference system. The input variables
were first scaled using min-max normalization to improve training stability. The model configuration, including
the membership function structure, number of membership functions, traiing procedure, and stopping criteria,
was fixed before evaluation to ensure comparability across empirical and simulation experiments. The training
process followed the same walk-forward validation framework as the other forecasting models.

2.3.2 Hybrid GA-SVM

Hybrid GA-SVM combines Support Vector Machine with a Genetic Algorithm to optimize the
hyperparameters of the SVM model. This hybridization is motivated by the fact that SVM performance 1s highly
dependent on the selection of tuning parameters, particularly the penalty parameter C, the insensitive loss
parameter &, and the kernel parameter y [9],[10]. In the hybrid framework, GA performs a global search over
candidate parameter combinations, reducing the possibility of selecting suboptimal parameters [11],[12]. In
addition to classical GA references, recent optimization-oriented studies also support the role of hybrid search
strategies in improving predictive model configuration [17],[25].

The use of GA becomes particularly relevant under high-volatility conditions. When the data are noisier
and structurally more complex, SVM performance may become more sensitive to hyperparameter choices. In
this context, GA provides an adaptive search mechanism that allows the model to explore alternative parameter
combinations and identify settings that are more suitable for unstable data structures.

To ensure reproducibility, the GA procedure was configured before the evaluation stage. In this study, GA
was used to optimize the main SVM hyperparameters, namely C, €, and y. The GA configuration used a
population size of 24, 20 generations, a crossover probability of 0.7, and a mutation probability of 0.3. Candidate
solutions were represented as parameter chromosomes and evaluated using RMSE as the fitness criterion within
the walk-forward validation framework. The optimization process consisted of population initialization, fitness
evaluation, selection, crossover, mutation, and iterative updating until the stopping criterion was reached. The
best parameter combination obtained from GA was then used to train the final SVM model at each walk-forward
evaluation step.

2.3.3 Support Vector Machine (SVM)

SVM is a kernel-based machine learning approach with strong theoretical foundations in statistical learning
theory [8],[9]. For nonlinear regression, the forecasting function is written in Equation (2).

fx) =w"$p(x) +b, @)

where ¢(x) maps the input vector into a higher-dimensional feature space, w 1s the weight vector, and b is the
mtercept term. In practice, kernel functions allow SVM to model nonlinear relationships without explicitly
constructing the feature space. Because of this capability, SVM is often considered a strong benchmark for
nonlinear forecasting problems [10],[15].

In this study, an SVM was implemented with a radial basis function (RBF) kernel because it is well-suited
for capturing nonlinear relationships in time-series forecasting. The main hyperparameters considered were C,
g, and y. For the standard SVM model, the tuning procedure was kept fixed and comparable across all
experiments, whereas in hybrid GA-SVM these parameters were optimized using the Genetic Algorithm. This
distinction allowed the study to compare a standard SVM configuration with an optimization-enhanced SVM
framework in a fair evaluation setting.

Classical benchmark models such as ARIMA and ETS were not included because the main objective of
this study was to evaluate the robustness of ANFIS, hybrid GA-SVM, and SVM under empirical and controlled
structural conditions. These benchmarks are acknowledged as useful comparative models and are recommended
for future research to broaden the evaluation framework.

2.4 Empirical Fvaluation Procedure

An empirical comparison among ANFIS, hybrid GA-SVM, and SVM was conducted using walk-forward
validation with an expanding-window scheme. This strategy preserves the temporal order of observations and
provides a more realistic evaluation than a static train-test split, especially for time-series forecasting [30]. It is also
consistent with broader forecasting practice and applied forecasting guidelines in the literature [30],[31].
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At each forecasting step, the model was trained on all available observations up to time t and then used to
predict the next observation at time t + 1. The training sample was then expanded by one period, and the process
was repeated until the end of the evaluation horizon. This procedure reduces information leakage and ensures
that forecasting performance is assessed under genuinely out-of-sample conditions.

Model performance in the empirical stage was evaluated using RMSE, MAE, and MAPE. RMSE was then
used as the main response variable in the inferential simulation stage because it 1s more sensitive to large
forecasting errors and is widely used in comparative forecasting evaluation [34],[35]. Although formal predictive
accuracy tests, such as the Diebold-Mariano test, are relevant in forecast comparison studies [32], this study
focuses on descriptive empirical evaluation and on a factorial ANOVA-based robustness assessment. Therefore,
the Diebold-Mariano test was not included in the main analysis and is recommended as a possible extension for
future research.

2.5 Factorial Simulation Framework
To evaluate robustness under controlled structural conditions, this study employed a factorial simulation
framework based on an additive time-series generation model. The general form of the simulated response series
is shown in Equation (3).
Y, =T+ S+ (X)) + & 3

where T; denotes the trend component, S; denotes the seasonal component, f(X;) represents the relationship
between predictors and the response, and &; is a random disturbance term.

In this study, the trend component was kept constant to focus the simulation on the three structural factors
of interest: seasonality, volatility, and predictor-response structure. The seasonal component was generated using
Equation (4).

. /2mt (4)
S¢ = Asin (T),S =12

where A controls the intensity of seasonality. The random disturbance term followed the distribution in
Equation (5).

& ~ N(0,02), 6))

where g determines the volatility level. The structural relationship between predictors and the response was
defined as either linear or nonlinear, depending on the factor level being simulated.

This formulation was chosen because it provides a transparent decomposition of the time series into
interpretable structural components while still allowing sufficient flexibility to examine model sensitivity under
different conditions [13],[20],[16]. However, the additive data-generating process 1s a simplified representation
of real commodity price dynamics. It may not fully capture more complex mechanisms such as regime shifts,
policy shocks, market microstructure, or endogenous feedback. This limitation is acknowledged because the
main purpose of the simulation 1s to isolate the effects of seasonality, volatility, and predictor-response structure
in a controlled manner.

2.6  Factorial Design and Scenario Construction

The simulation adopted a full factoral design with three structural factors: seasonality, volatility, and
predictor-response structure. Seasonality intensity (Factor A) consisted of two levels: weak seasonality
(A, = 0.5) and strong seasonality (A, = 3.0). Volatility level (Factor B) consisted of three levels: low volatility
(B; = 0.5), moderate volatility (B, = 1.0), and high volatility (B3 = 2.0). Predictor-response structure
(Factor C) consisted of two levels: linear structure (C;) and nonlinear structure (C,).

Accordingly, the simulation generated 2 X 3 X 2 = 12 scenarios. Each scenario was replicated 100 times
and evaluated using three forecasting models, producing 12 X 100 X 3 = 3600 evaluation records.

The numerical values assigned to the factor levels were treated as controlled design levels rather than
empirical estimates. These values were determined through preliminary calibration to ensure that the simulated
conditions were interpretable, distinguishable, and capable of producing meaningful differences in model
performance. This calibration served as a practical step in simulation design, not as an inferential procedure. The
selected levels span low-to-high structural vanation in seasonality and volatility, while the predictor-response
structure was varied to distinguish between linear and nonlinear data-generating mechanisms.

To account for experimental variability, each factorial scenario was replicated 100 times. This repeated-
simulation design allows forecasting performance to be summarized across replications and helps capture the
variability of model errors under the same structural conditions. However, this study reports uncertainty through
replication-based summaries rather than interval-based measures. Bootstrap confidence intervals were not
included in the current analysis and are recommended as a possible extension for future research.
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2.7 Forecasting Accuracy Measures
Forecasting performance was evaluated using three error measures. RMSE is defined in Equation (6).

1—n
RMSE = —Z e =902 (©)
Ntai=1
MAE is defined in Equation (7).
1
MAE =13 Iyi=3i, )
MAPE is defined in Equation (8).
1n -y
MAPE = —z M X 100%. ®)
Nlai=1 Yt

Among these measures, RMSE was used as the primary metric because it is more sensitive to large
forecasting errors and is therefore more suitable when substantial deviations are of primary concern [34],[35].
MAE and MAPE were retained as supporting measures to enrich interpretation, but they were not used as
ANOVA response variables so that the inferential analysis remained focused and methodologically consistent.
Forecast errors were reported as point estimates, while interval-based uncertainty assessment, such as bootstrap
confidence intervals, was not included. This is acknowledged as a limitation and may be addressed in future work.

2.8 ANOVA and Post Hoc Analysis

The simulation results were analyzed using RMSE as the primary response variable, using two approaches:
factorial ANOVA per method and combined factorial ANOVA with the forecasting method as an additional
factor.

In the first approach, ANOVA was conducted separately for each forecasting method, namely ANFIS,
hybrid GA-SVM, and SVM, using the full factorial model shown in Equation (9).

Erijk =u + Ai + B] + Ck + (AB)L] + (AC)lk + (BC)jk + (ABC)le + grijk (9)

where E,.;j; denotes the forecasting error (RMSE) at replication , and A, B, and C represent seasonality,
volatility, and predictor-response structure, respectively.

In the second approach, all methods were analyzed jointly by including forecasting method as an additional
factor M, as shown in Equation (10).

Elmijk =u + Ml + AL' + B] + Ck + (AB)” + (AC)Lk + (BC)}k + (ABC)”k + (MA)“ (1())
+ (MB)j + (MC) e + €miji

This formulation allows the assessment of differences in model sensitivity across structural conditions. Effect
size was evaluated using partial eta squared [36], and Tukey’s HSD was applied for post hoc analysis. The
inclusion of effect size i1s important because statistical significance alone does not fully describe the practical
magnitude of factor effects. Therefore, partial eta squared was used to interpret the practical significance of the
ANOVA results.

2.9 Integration of Empirical and Simulation Analysis

The final stage integrated the empirical and simulation results. The empirical analysis showed how the
models behaved under actual Indonesian coal price dynamics, whereas the simulation analysis explained how
performance changed when structural properties of the data were varied in a controlled manner. This combined
approach ensured that model comparison did not rely solely on a single empirical realization, but also reflected
a broader assessment of robustness across alternative synthetic time-series structures.

The empirical findings should be interpreted in light of Indonesian coal prices and should not be
generalized directly to all commodities or geographic markets. Market structure, institutional conditions, policy
shocks, and commodity-specific mechanisms may influence the transferability of the results. Therefore, the
findings provide methodological and empirical insight for Indonesian coal price forecasting, while further
validation using other commodities and market settings remains an important direction for future research.
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3. RESULT AND ANALYSIS
3.1 Characteristics of Empirical Data

The empirical dataset consisted of 262 monthly observations from January 2004 to October 2025 and
contained no missing values, indicating strong temporal continuity for time-series analysis. After a natural
logarithm transformation, the coal price series had an average of approximately 4.49 and a standard deviation of
0.48, suggesting that the transformation reduced scale differences while preserving the underlying dynamics of
price movements [3], [33].

To provide an initial overview of the empirical behavior, the log-transformed coal price series is presented
in Figure 1.
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Figure 1. Log-transformed Indonesian Coal Price Series

Figure 1 shows several distinct phases of level change over time. A substantial increase occurred around
2008, followed by another upward movement in 2010-2011, a decline in the middle of the following decade,
and a strong rise during 2021 -2023, before weakening toward the end of the observation period. This pattern
indicates that the series is not fully stationary in level and contains long-term structural changes. Such behavior 1s
common in commodity and economic time-series data, where evolving market conditions alter the data-
generating process over time [16],[4],[5].

To examine changes in local volatility, a 12-month rolling standard deviation analysis was conducted, as
shown n Figure 2.
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o
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Figure 2. Dynamic Volatility of Indonesian Coal Prices Based on 12-Month Rolling Standard Deviation

Figure 2 indicates that volatility varies over time and does not remain constant throughout the observation
period. Higher volatility is observed around 2008-2009, increases again around 2016-2017, and becomes more
pronounced during 2021-2024. This confirms the presence of time-varying volatility in the empirical coal price
data, consistent with broader findings in commodity market research [16], [1], [2].

Temporal dependence was further examined using ACF and PACF plots. The ACF shows strong positive
autocorrelation at the mitial lags and declines gradually, while the PACF indicates that direct dependence 1s
concentrated n the first few lags. Overall, the empirical coal price data exhibit three key characteristics:
nonstationarity in level, time-varying volatility, and strong short-term temporal dependence. These findings justify
the use of flexible and adaptive forecasting models rather than approaches that rely on strict linearity and constant
variance assumptions [8],[9],[10],[5].

3.2 Walk-Forward Empirical Performance
Model performance was evaluated using one-step-ahead walk-forward validation with an expanding window
scheme. The empirical results are summarized in Table 2.

Table 2. Forecasting Performance under Walk-Forward Validation

Method RMSE MAE MAPE
SVM 0.224775 0.148685 2.916890
Hybrid GA-SVM 0.224775 0.148685 2.916890
ANFIS 0.287135 0.205642 4.087419
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Based on Table 2, SVM and hybrid GA-SVM produced identical performance across all evaluation metrics,
whereas ANFIS vyielded higher forecast errors. These results indicate that SVM-based approaches achieved
higher predictive accuracy than ANFIS on Indonesian coal price data.

To clarify consistency across different error measures, the comparison of RMSE, MAE, and MAPE is
presented in Figure 3.

s A5, S

Wewde

Figure 3. Comparison of RMSE, MAE, and MAPE across Forecasting Models

Figure 3 shows a consistent ranking across all three metrics. SVM and hybrid GA-SVM produced lower
forecast errors than ANFIS, while the difference between SVM and hybrid GA-SVM remained negligible. This
suggests that, under the observed empirical structure, GA-based optimization did not provide measurable
improvement beyond the standard SVM model.

To ensure the validity of this result, the numerical outputs and model implementation were carefully
rechecked. The identical performance values indicate that the baseline SVM configuration was already sufficient
to capture the dominant data structure, so the additional optimization step in the hybrid GA-SVM did not yield
further improvement. This finding is consistent with the broader forecasting principle that increased
methodological complexity does not necessarily yield better performance when the underlying structure can
already be adequately modeled [34],[13],[20],[28]. It is also aligned with general machine learning perspectives
that emphasize the importance of matching model structure to data complexity rather than relying solely on
algorithmic sophistication [28],[29].

3.3 Completeness of the Factorial Simulation Design

Following the empirical stage, robustness was further examined using a controlled factorial simulation
framework based on synthetic time-series structures. The simulation employed a balanced design that
incorporated seasonality, volatility, and a predictor-response structure, yielding 12 scenarios. Each scenario was
replicated 100 times and evaluated using three forecasting methods, producing a total of 3600 evaluation records.

This balanced design ensures that the influence of each structural factor and its interactions can be assessed
systematically. It also allows empirical findings to be interpreted in relation to a broader range of structural
conditions beyond those directly observed in Indonesian coal price data.

3.4 Comparative Simulation Performance

The comparative performance of forecasting models under synthetic ime-series structures was evaluated
using mean RMSE across volatility levels, as presented in Table 3.

Table 3. Mean RMSE by Volatility Level

Volatility Level ANFIS Hybrid GA-SVM SVM
Low 0.855919 0.920262 0.890638
Moderate 1.718657 1.664907 1.671510
High 2.819211 2.570143 2.607179

Table 3 shows that forecasting error increases consistently as volatility rises. Under low-volatility conditions,
ANFIS achieves the lowest RMSE, indicating its strength in capturing stable patterns. However, under moderate
to high volatility, SVM and hybrid GA-SVM demonstrate better performance.

Under moderate volatility, SVM achieves the lowest RMSE, followed closely by hybrid GA-SVM, suggesting
that SVM-based approaches are effective in capturing moderately complex patterns. Under high-volatility
conditions, hybrid GA-SVM produces the lowest RMSE, indicating that parameter optimization provides
additional benefits when the data become more complex and noisier.

These findings confirm that model performance is not uniform across structural conditions. Instead, the
relative advantage of each method depends on the level of volatility, which is consistent with theoretical
expectations in time-series forecasting, where higher noise levels reduce predictability [3], [35].

Robustness Evaluation of ANFIS, Hybrid GA-SVM, and SVM under Controlled Time Series Structures (Sri Kustiara)
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3.5 ANOVA Main and Interaction Effects

A factorial ANOVA was conducted with RMSE as the response variable to evaluate the significance of
structural factors and their interactions. The detailed ANOVA results are presented in Table 4.

Table 4. Factorial ANOVA Results (RMSE as Response Variable)

Factor F-value p-value Partial Eta Squared
Seasonality (A) 1609.22 <0.001 0.3096
Volatility (B) 4400.40 <0.001 0.7104
Structure (C) 350.55 <0.001 0.0890
AxB 244.88 <0.001 0.1201
AxC 42.97 <0.001 0.0118
BxC 9.27 <0.001 0.0051

The results indicate that volatility is the most dominant factor affecting forecasting error, as reflected by the
highest F-value and effect size. Seasonality and predictor-response structure also show significant effects, although
with relatively smaller magnitudes.

The presence of significant interaction effects confirms that model performance is influenced by combined
structural conditions rather than isolated factors. This implies that the impact of each factor depends on the levels
of other factors, highlighting the importance of considering interaction effects when evaluating the robustness of
forecasting models.

3.6 Post Hoc and Robustness Interpretation

Post hoc analysis using Tukey’s HSD, as presented in Table 5, confirmed significant differences among
volatility levels, indicating that forecasting error increased consistently from low to high volatility. This result
reinforces the ANOVA finding that volatility is the dominant factor affecting RMSE.

In terms of robustness, ANFIS performed better under stable conditions, hybrid GA-SVM showed greater
robustness under high volatility and structural complexity, and SVM maintained consistent performance under
moderate conditions. These findings suggest that robustness should not be interpreted as universal superiority,
but as the ability of a model to remain competitive under varying data structures.

From a practical perspective, these results can be translated into decision rules for model selection. ANFIS
1s more suitable for relatively stable data, SVM 1s effective under moderate conditions, and a hybrid GA-SVM is
more appropriate for highly volatile, structurally complex data.

Table 5. Tukey HSD Post Hoc Results

Comparison Mean Difference p-value Decision
Low vs Moderate 0.7961 <0.001 Significant
Low vs High 1.7766 <0.001 Significant
Moderate vs High 0.9805 <0.001 Significant

3.7 Linking Empirical and Simulation Findings

The empirical and simulation results are complementary rather than contradictory. Empirically, SVM and
the hybrid GA-SVM achieved identical or superior performance relative to ANFIS for Indonesian coal prices.
In the simulation analysis, hybrid GA-SVM showed clearer advantages only under more complex structural
conditions, particularly when volatility and nonlinearity increased.

This implies that the observed coal price data were closer to a moderate structural environment than to an
extreme one. Under such conditions, the standard SVM was sufficient to capture the dominant dynamics, so the
additional optimization step in the hybrid GA-SVM did not produce further gains. The simulation stage explains
why the empirical ranking occurred, while the empirical stage provides real-world validation of the robustness
Interpretation.

4. CONCLUSION

This study evaluated the robustness of ANFIS, hybrid GA-SVM, and SVM using empirical analysis and
factorial simulation based on synthetic time-series structures. Using empirical Indonesian coal price data, SVM
and hybrid GA-SVM achieved identical and superior forecasting performance, whereas ANFIS produced higher
forecast errors. The simulation results further showed that model performance was strongly influenced by
structural data characteristics, with volatility emerging as the most dominant factor affecting forecasting error.
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These findings indicate that greater algorithmic complexity does not automatically lead to better predictive
accuracy. Under relatively moderate data structures, standard SVM may already be sufficient, whereas the
advantage of hybrid GA-SVM becomes more visible under more volatile and structurally complex conditions.
Therefore, forecasting model selection should be based on the compatibility between the model structure and
the data characteristics rather than on methodological sophistication alone.

Future research may extend this study by incorporating more complex data-generating processes, interval-
based uncertainty assessment, additional forecast-comparison methods, and broader applications across different
commodities or regional markets.
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