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Abstract

Stock price prediction in Indonesia's volatile mining sector poses significant forecasting challenges driven by commodity price
dynamics and structural market shifts. This study proposes a systematic prediction framework for PT Indo Tambangraya
Megah Tbk (ITMG.JK) integrating technical and market-derived non-technical feature engineering, LightGBM-based feature
selection, multilevel TimeSeriesSplit cross-validation, and hyperparameter optimization. Support Vector Regression (SVR) is
benchmarked against LightGBM, XGBoost, and Random Forest under 5-fold, 10-fold, and 15-fold schemes. SVR achieves the
best performance at 10-fold, with RMSE of 0.0121, MAE of 0.0090, MAPE of 1.1457%, and R? of 0.9249. Generalization
experiments across four additional stocks in banking, automotive, and mining sectors confirm SVR's robustness, maintaining
R2 above 0.89 and MAPE below 2.65% in all cases while tree-based models produce negative R2 on certain datasets. Statistical
validation via Wilcoxon signed-rank test (p < 0.05) and Cohen's d (|d| > 0.8) confirms the significance of SVR's advantage.
These findings indicate that SVR consistently outperforms the evaluated models under the proposed experimental framework.
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1. Introduction

The mining sector is one of the most important
investment sectors in Indonesia because fluctuations in
commodity prices have a direct impact on the stock
performance of mining companies listed on the
Indonesian Stock Exchange [1]. Due to its strong
sensitivity to global commodity movements, accurate
stock price prediction is essential for supporting
investment decisions. High investor interest in this
sector also reflects confidence in its profit potential,
particularly amid the dynamic nature of global
commodity markets [2].

At the same time, global trends toward renewable and
sustainable energy sources have begun to influence the
long-term outlook of the mining industry [3]. This
transition increases the importance of predicting mining
stock movements to anticipate market changes and
support strategic investment planning. In response to
these challenges, previous studies have applied tree-
based machine learning algorithms such as Random
Forest, LightGBM, and XGBoost because of their

ability to handle volatile data, capture complex patterns,
and model interactions among variables effectively [4-
8].

As the demand for accurate stock price prediction
grows, various machine-learning approaches have been
combined with parameter optimization techniques to
enhance model performance. Study [9] proposed a
hybrid BA-SVR (Bat Algorithm Support Vector
Regression) model that optimized the core parameters
of SVR wusing the bat algorithm. The results
demonstrated that BA-SVR outperformed standard
SVR models using polynomial and sigmoid kernels,
particularly in short and medium term predictions. In
the context of other algorithms, study [6] applied a
boosting-based approach to predict AAPL stock prices.
In that study, the LightGBM algorithm achieved the
best performance, with an average RMSE of 5.12%,
while MAE averaged 4.1%. However, different
findings were presented in study [4], where an
optimized Random Forest algorithm using the D-RF-
RS approach outperformed LightGBM. The accuracy of
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Random Forest increased by 0.17 points and exceeded
LightGBM by 0.18 points in stock price trend direction
classification. These findings were further supported by
study [10], in which the Random Forest algorithm
outperformed the logistic regression model. This
indicates that boosting models such as LightGBM are
not inherently superior and can be outperformed by
other models when appropriate parameter optimization
and structural configurations are applied.

Although ensemble models such as Random Forest and
LightGBM have frequently demonstrated high
performance in various studies, SVR remains a viable
alternative, particularly in specific scenarios. For
instance, some studies [11], [12] showed that SVR had
lower prediction accuracy than LSTM and Random
Forest. However, contrasting results were reported in
studies [13], where SVR outperformed LSTM,
LightGBM, and XGBoost when applied to normalized
and stationary datasets. Additional supporting evidence
is provided by studies conducted on different stock
markets. Supporting evidence from Indonesian and
Southeast Asian markets confirms SVR's viability, with
reported accuracies consistently exceeding 92% when
appropriate preprocessing and tuning are applied [14-
16]. By incorporating several technical indicators as
input features, these studies collectively reinforce the
strong potential of SVR algorithms in effectively
modeling stock price dynamics. Such discrepancies
observed across different studies are likely attributable
to variations in the features used, as well as the absence
or presence of comprehensive preprocessing
techniques, both of which are crucial for optimizing
SVR performance. These observations suggest that the
effectiveness of SVR is highly contextual, depending
significantly on data quality, preprocessing methods,
and parameter tuning strategies. As explained in [17],
SVR is known for its strength in handling medium
datasets and linear trends, and it performs optimally
when the data have been normalized [18].

However, research on stock price prediction in
Indonesia’s mining sector remains methodologically
limited. Previous work applying SVR to PT Indo
Tambangraya Megah Tbk (ITMG) [19] used only
closing prices as input features and relied on a single
train-test split without cross-validation, feature
engineering, feature importance analysis, or temporal
validation. As a result, the stability and generalization
capability of the model were not thoroughly evaluated.
Meanwhile, other studies [20] employed traditional
time-series approaches such as ARIMA, whose
assumptions of linearity and stationarity limit their
ability to model the nonlinear behavior commonly
found in mining stock movements. This study aims to
address existing methodological limitations by
developing a stock price prediction framework for
ITMG.JK through the integration of technical
indicator-based feature engineering and LightGBM
feature importance analysis. The research compares the
performance of SVR with LightGBM, XGBoost, and
Random Forest using the same experimental settings
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under 5-fold, 10-fold, and 15-fold TimeSeriesSplit
validation schemes. In addition, model stability is
evaluated using learning curves and residual error
distribution analysis, while the Wilcoxon signed-rank
test is applied to confirm the statistical superiority of
SVR against the strongest competing model. The results
are expected to demonstrate that SVR, supported by a
structured preprocessing, validation, and optimization
process, can provide stable and reliable stock price
predictions in volatile mining sector markets.

2. Methods

The research in this study was carried out through
several stages, as illustrated in Figure 1.
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Figure 1. Research Stages

The objective is to develop and evaluate a robust SVR-
based stock price prediction framework through
systematic feature engineering, feature importance
analysis, time-series validation, and comparative model
assessment.

2.1 Data Acquisition

The data in this study were collected from Yahoo
Finance, which provides comprehensive and near real-
time stock market information. The main object of
analysis was PT Indo Tambangraya Megah Tbk, while
additional datasets were included to examine the
generalizability of the proposed framework across
different sectors. These consisted of PT Bank Central
Asia Tbk, PT Bank Rakyat Indonesia Thk, PT Astra
International Thk, and PT Bukit Asam Tbk. All stock
data covered the same observation period, from May 16,
2013, to May 16, 2025, and were processed using a
consistent  preprocessing  pipeline to maintain
experimental uniformity.
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Each dataset contained standard financial variables,
including open, high, low, close, and trading volume.
Data quality inspection showed no missing values,
indicating that the datasets were ready for further
preprocessing and analysis.

2.2 Feature Engineering

Feature engineering in this study was conducted
comprehensively by integrating two categories of
features, namely technical features and non-technical
features, both of which have been widely utilized and
validated in previous stock price prediction studies.
Technical features were designed to capture trends,
momentum, volatility, and short-term price movements
through various technical indicators, while non-
technical features were incorporated to represent
additional  market-related  information  beyond
conventional price indicators. The detailed construction
and rationale of these two feature groups are presented
in this section, respectively. By combining both
technical and non-technical information, the proposed
framework aims to provide a richer representation of
stock market behavior and improve predictive
performance.

Technical features are constructed from six indicator
families: (1) Moving Averages (MA-5, MA-20, MA-
50, MA-95, MA-155, MA-230) and Exponential
Moving Averages (EMA-12, EMA-26, EMA-50), from
which MACD and its signal line are derived, (2)
Average True Range (ATR) for volatility measurement,
(3) Relative Strength Index (RSI) for momentum, (4)
Rolling Standard Deviation (10 and 20 days) and
Bollinger Bands for risk quantification, (5) Stochastic
Oscillator (%K and %D); and (6) lagged closing prices
at odd intervals from lag-1 to lag-29 to capture temporal
dependencies. All formulas follow standard definitions
(Equations 1-5). The full feature list is summarized in
Table 2.

1 on—
MA, = ;Z?:ol Py 1)

This indicator is useful for determining realistic stop
loss placements and position sizing strategies [21]. The
formula for ATR is presented in Equation 2.

1 wn—
ATR, = ;Z?:ol TRy ; 2

The third indicator is the Relative Strength Index (RSI),
which is used to identify overbought or oversold
conditions, detect divergences (discrepancies between
price movement and RSI indicating potential reversals),
and confirm trend strength [22]. The formula for RSI is
presented in Equation 3.

100
RSI = 100 — | —wacans
5 00 (1+EMAn(Gam)> (3)

EMAn(Loss)

The fourth indicator is the Exponential Moving
Average (EMA), which functions similarly to the
Simple Moving Average (SMA) in identifying trends
and support/resistance levels, but with greater
responsiveness to recent price changes [23]. The
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formula for EMA is presented in Equation 4, where
EM A,denotes the Exponential Moving Average at time
t, P.represents the closing price at time t, «ais the
smoothing factor (0 < a < 1), and EMA,_,denotes
the EMA value at the previous time step.

EMA, =a-P.+ (1 —a) - EMA,_, @)

The next indicator is the Rolling Standard Deviation,
which measures the volatility or risk of an asset [24].
The formula for the Rolling Standard Deviation is
presented in Equation 5, where RollingST D,denotes
the rolling standard deviation at time t, P,_;represents
the closing price at time t — i, nis the rolling window
size, and Pdenotes the mean closing price over the same
rolling window.

RollingSTD, = m ©)

Finally, the closing price lag feature (close lag) was
employed as one of the crucial supporting features to
enhance model performance. A total of 30 lag features
were created. This feature is designed to capture the
closing price values from previous periods, which are
essential for modeling temporal dependencies and
recognizing historical price movement patterns that
strongly predict future market conditions.

In addition to technical indicators, this study
incorporates market-derived non-technical features to
broaden the representational capacity of the input space.
These features are motivated by evidence that stock
price dynamics are influenced not only by historical
price behavior, but also by recurring structural patterns
in investor activity, temporal regularities in market
returns, and the prevailing directional context of the
market [25], [26]. Three groups of non-technical
features are incorporated to enrich the representation of
stock price dynamics.

First, calendar-based features capture temporal trading
patterns, including day-of-week, month, quarter, and
end-of-period indicators, motivated by well-
documented calendar anomalies in financial markets
[27]. Second, volume anomaly features quantify
deviations in trading activity relative to a 20-day rolling
baseline using z-score, volume ratio, and spike
indicators, reflecting information-driven  market
behavior [26]. Third, price regime features encode
market trends through binary indicators based on
moving average positions, trend direction, and
crossover events, which have been shown to enhance
predictive performance compared to raw indicator
values [28].

2.3 Feature Importance

In this study, feature selection was performed using
feature importance scores obtained from the LightGBM
algorithm. These scores reflect each feature’s
contribution to the tree-splitting process and its impact
on improving model performance [29]. The split
frequency based approach was chosen in this study due
to its simplicity and effectiveness in ranking features for

638



Ramadhan et al

predictive tasks [29], [30]. The feature selection was
performed using the split count method, the default
method in LightGBM. A threshold score greater than 30
was applied to select the most relevant features. The
matrix illustrating the split count concept is shown in
Equation 6.

Importance(f;) = J¥-, 1/f; used in split at nodet]  (6)
2.4 Regression Model

This study employed four machine learning algorithms:
Support  Vector Regression (SVR), LightGBM,
XGBoost, and Random Forest. These methods were

selected for their ability to model nonlinear
relationships, handle high-dimensional data, and
maintain robust predictive performance. SVR is

specifically designed for regression tasks and seeks to
achieve accurate predictions while controlling model
complexity, making it effective for stock price
forecasting [18], [30]. Equation 7 represents the SVR
formulation.

min% W2+ CYr (& +E) O

Random Forest is an ensemble learning algorithm that
constructs multiple decision trees and aggregates their
outputs to enhance accuracy and reduce overfitting
[31]. The corresponding equation is presented as
Equation 8.

y ==Y Ty(x) ®)

LightGBM is a gradient boosting algorithm developed
for high efficiency and scalability [32]. During the
decision tree construction process, LightGBM utilizes
the entropy function to determine the optimal split at
each node. Entropy measures the level of uncertainty or
impurity in the dataset. The entropy formula for discrete
variables is presented in Equation 9.

Entropy(S) = —XiL,p;log, p; C)

XGBoost is an ensemble algorithm derived from
Gradient Boosting that builds multiple decision trees
and combines their predictions to enhance accuracy and
reduce overfitting [33]. It optimizes an objective
function that includes a loss term and a regularization
term, making it robust and efficient [34]. The objective
function is presented in Equation 10.

£(t) = B (v y ) + Bk 0

2.5 Time Series Split

(10)

In the next stage, the dataset was partitioned into
training/validation and testing sets, with the last 10% of
observations reserved for testing and the remaining
90% used for training and validation. This sequential
division preserves temporal order and prevents data
leakage [35]. The study then employed the
TimeSeriesSplit method for cross-validation, which is
specifically designed for time-series data because it
maintains temporal dependencies without random
shuffling [36]. In each fold, the training data gradually
expand from the earliest observations, while the
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validation set consists of the subsequent time block,
ensuring that future information is never used during
model training.

2.6 Hyperparameter Tunning

The hyperparameter tuning process in this study was
designed based on commonly used configurations in
previous machine learning studies for stock price
prediction [4], [13], [18], [37], [38]. The parameter
search ranges for SVR, LightGBM, XGBoost, and
Random Forest were selected to ensure effective
optimization and a fair comparison among algorithms.
To preserve the temporal structure of financial time-
series data, the GridSearchCV procedure incorporated a
time-series-aware  cross-validation scheme using
predefined n_splits values. This approach allows
optimal hyperparameter selection while maintaining
temporal dependencies within the dataset [18]. Table 1
summarizes the parameter ranges explored for each
algorithm during the GridSearchCV process.

Table 1. Hyperparameters for Machine Learning Algorithms

Algorithm Param
SVR Kernel : 'linear', ‘rbf’, ‘poly’
C:0.1,1, 10,100

Epsilon: 0.01, 0.1, 0.5, 1
Gamma : 'scale', ‘auto’
Max_depth : none, 10, 20
Max_features : ‘sqrt’, 'log2'
Min_samples_leaf: 1, 2, 4
Min_samples_split : 2, 5, 10
n_estimator : 50, 100, 200

Random Forest

LightGBM Learning_rate: 0.01, 0.05, 0.1
Max_depth : 5, 7, 10, 12
Min_data_in_leaf: 10, 20, 30
Num_leaves : 20, 30, 50, 70
XGBoost

colsample_bytree: 0.8, 1.0
gamma: 0, 0.1, 0.2
learning_rate: 0.01, 0.1, 0.3
max_depth: 3,5, 7
n_estimators: 50, 100, 200
subsample: 0.8, 1.0

2.7 Evaluation Model Performance

The final stage involved evaluating the predictive
models using four performance metrics: RMSE, MAE,
MAPE, and R2. These metrics were selected to provide
a comprehensive and interpretable assessment of
prediction accuracy and model effectiveness [11], [39],
[40].

Root Mean Squared Error (RMSE) measures the
average magnitude of prediction errors by calculating
the square root of the mean squared differences between
predicted (¥;) and actual values (y;), as shown in
Equation 11. Due to the squaring process, RMSE places
greater emphasis on larger prediction errors [39].

RMSE = [X51L,(y, - 5,2 (n

where n is the number of observations, y;is the actual
value, and ¥, is the predicted value. The Mean Absolute
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Error, shown in Equation 12, computes the average of
the absolute differences between predicted and actual
values:

MAE = - 37, ly; — 9] (12)
The Coefficient of Determination (R?) quantifies how
well the model explains the variance in the actual values
relative to a naive baseline model that always predicts
the mean y, where y denotes the mean of the actual
values. as shown in Equation 13. Higher R? values
indicate better explanatory power and model fit:
_SE0im)?

2 —
R7=1 I (i-9)?

(13)
Mean Absolute Percentage Error (MAPE) is a scale-
independent evaluation metric that quantifies the
average magnitude of prediction error as a percentage
of the actual values. The formula is defined as Equation
14.

A—F;

At

MAPE =% n_ x 100 (14)

where A.denotes the actual value at time ¢, F represents
the forecasted value at time t, and nis the total number
of observations. This property is particularly
advantageous in financial forecasting contexts, where
stock price magnitudes may differ substantially across
instruments and time periods [40].

3. Results and Discussions

3.1 Results

The primary dataset consists of 2,723 daily trading
records for ITMG.JK. Additional datasets for BBRI,
BBCA, PTBA, and ASII were included, covering the
period from May 2013 to May 2025, as illustrated in
line chart ITMG in Figure 2.

Stock Price Movement of ITMG

25000

15000
10000

5000

2014 2016 2018 2020 2022 2024

Year

Figure 2. Graph of Closing Stock Price 2013 - 2025

The initial stage of the data preprocessing process began
by checking for the presence of null values and potential
outliers in dataset.

The technical and non-technical indicators used as input
variables are summarized in Tables 2 and 3,
respectively. Table 2 outlines the feature engineering
process used in this study. The feature set includes trend
indicators (MA, EMA, MACD, and signal line),
volatility indicators (Rolling Standard Deviation, ATR,
and Bollinger Bands), momentum indicators (RSI and
Stochastic Oscillator), as well as lagged prices and
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price-difference features. Before feature selection using
LightGBM, all variables were normalized to a [0,1]
range through Min-Max Scaling.

Table 2. Technical Indicators.

Technical Full name of index
Indicators

MA Moving Average

RSI Relative Strength Index

ATR Average True Range

EMA Exponential Moving Average

Rolling STD Rolling Standard Deviation

MACD Moving Average Convergence Divergence

HL Range High-Low Range

Close-Open Closing minus Opening Price

BB Bollinger Band

Stoch Stochastic

Close Lag Lagged Closing Price

Table 3. Non-Technical Indicators.

Category Feature Description

Calendar  gay of week Trading day of the week
(0=Monday, 4=Friday)

Calendar month Month of the year (1-12)

Calendar quarter Calendar quarter (1-4)

Calendar is_month_end Binary: 1 if last trading day of
the month

Calendar is_quarter_end Binary: 1 if last trading day of
the quarter

Volume volume_zscore Z-score of volume relative to 20-

Anomaly day rolling mean

Volume volume_ratio Ratio of daily volume to 20-day
Anomaly rolling mean

Volume high_vol_flag Binary: 1 if volume z-score
Anomaly exceeds 2.0

Price above_MA50 Binary: 1 if close price is above
Regime 50-day MA

Price above_MA200 Binary: 1 if close price is above
Regime 230-day MA

Price trend_strength Normalized distance of close
Regime from 50-day MA

Price golden_cross Binary: 1 on day MA50 crosses
Regime above MA230

Price death_cross Binary: 1 on day MA50 crosses
Regime below MA230

The next stage in the data preprocessing pipeline was
feature selection. This study, established a significance
threshold of 30, meaning only features with an
importance score above this threshold were considered
for model training. The results of the feature selection
process are presented in detail in Table 4.

Table 4 presents the feature importance scores obtained
from the LightGBM algorithm for all features generated
during the feature engineering process. Out of the total
60 features, 38 were selected as important based on a
predefined importance threshold (score > 30), while the
remaining features were excluded due to their relatively
low contribution. The closing price (Close) achieved
the highest importance score (287), followed by Rolling
Standard Deviation (rolling_std_10), RSI, and ATR.
Other notable features include lag-based variables (e.g.,
Close_lag_21, Close_lag_27), momentum indicators
(e.g., Stoch_K), and price-based transformations such
as Close_Open and HL _range. These results indicate
that features capturing volatility (rolling_std_10, ATR),
momentum (RSI, Stoch_K), and historical price
dependencies (lag features) play a dominant role in the
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prediction process. The computed importance scores
were subsequently used to select the most relevant
feature subset for model training.

Table 4. Importance Score.

Technical Indicators Score
Close 287
Rolling_std_10 217
RSI 175
ATR 172
Vol_price_corr 120
Vol_lag_1 114
Price_accel 112
Close_Open 104
MA_230 102
Close_lag_21 101
Stoch_K 100
Gap_lag_1 98
Low 92
vol_lag_5 91
MA_95 87
Close_lag_27 83
Close_lag_9 82
ATR 81
Close_lag_29 79
High 77
Close_lag_15 75
open_close_gap 74
Close_lag_11 74
MA_155 72
Close_lag_19 70
Volume_zscore 69
HL_range 68
Close_lag_17 67
Close_lag_3 64
Close_lag_13 61
Close_lag_23 60
Trend_strength 54
MA_5 50
BB_width 45
Close_lag_7 44
MA_50 41
Open 40
Month 31

Table 5 presents the data split used for the training and
testing processes.

Table 5. Data Distribution Training and Testing.

Percentage Total Data
90% 2451
10% 272

Table 5 presents the train-validation and test split,
maintaining a 90:10 ratio to preserve temporal integrity
[37]. Furthermore, during the training and validation
phase, the 90% portion was split using time-based
cross-validation with an expanding window approach,
specifically the TimeSeriesSplit method. This scheme
applied several configurations of fold numbers
(n_splits), which 5, 10, and 15 to examine the model’s
stability and generalization capability.

Table 6 presents the best parameter results obtained
from the Grid Search Cross-Validation (GSCV) stage.

Table 6 presents the optimal hyperparameter
configurations obtained through GridSearchCV for
each algorithm. These parameter settings were then
used consistently in all subsequent cross-validation
experiments. Using the optimized configurations, each
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model was evaluated on the test set under three different
TimeSeriesSplit schemes, as summarized in Tables 7—
9. Table 7 specifically reports the evaluation results for
the 5-fold cross-validation configuration.

Table 6. Hyperparameters for Machine Learning Algorithms

Param
Kernel = linear, C = 10, epsilon = 0.01,

gamma = scale
max_depth: 10,

Algorithm
SVR

Random  Forest max_features: log2,

(RF) min_samples_leaf: 1, min_samples_split:
10, n_estimators: 100
LightGBM learning_rate: 0.1, max_depth: 10,
min_data_in_leaf: 10, num_leaves: 30
XGBoost colsample_bytree: 0.8,
gamma: 0, learning_rate: 0.1, max_depth:
3, n_estimators: 50, subsample: 0.8
Table 7. Model Evaluation using K-fold 5.

Model RMSE MAE MAPE R?
SVR 00122 00090  1.1492%  0.9247
LightGBM 0.0163 0.0127 1.6062% 0.8649
XGBoost 0.0166 0.0127 1.6155% 0.8600
RF 0.0150 0.0114 1.4385% 0.8858

The evaluation results of the four algorithms under the
5-fold cross-validation scheme showed that SVR
achieved the best performance with an RMSE of
0.0122, MAE of 0.0090, and an R2 score of 0.9247.
LightGBM followed with an RMSE of 0.0163 and an
R2 of 0.8649, while Random Forest obtained an RMSE
of 0.0150, R2? of 0.8858, and MAPE 1.4385%.
Meanwhile, XGBoost demonstrated the lowest
performance, with an RMSE of 0.0166, MAE of
0.0127, MAPE 1.6155% and an R2 score of 0.8600.

Table 8 presents the model evaluation results under the
10-fold cross-validation scheme. SVR again recorded
the best performance, with an RMSE of 0.0121, MAE
of 0.0090, lowest MAPE 1.1457%, and an R2 score of
0.9249. Following SVR, XGBoost achieved an RMSE
of 0.0138, Rz of 0.9032, and second lowest MAPE after
SVR 1.3575%, while RF recorded an RMSE of 0.0150
and an R2 of 0.8847. LightGBM showed the lowest
performance, with an RMSE 0.0165 and an R2 score of
0.8626.

Table 8. Model Evaluation using K-fold 10.

Model RMSE MAE MAPE R2
SVR 0.0121 0.0090 1.1457% 0.9249
LightGBM 0.0165 0.0128 1.6200% 0.8626
XGBoost 0.0138 0.0107 1.3575% 0.9032
RF 0.0150 0.0113 1.4402% 0.8847

Table 9 presents the evaluation results under the 15-fold
cross-validation scheme. SVR demonstrated consistent
performance, with an RMSE of 0.0133, MAE of
0.0092, MAPE 1.1357% and an R2 score of 0.9233.
XGBoost and Random Forest showed competitive
results, with R? values of 0.8929 and 0.8880,
respectively. LGBM achieving an R2 score of 0.8781.

Figure 3 compares the actual stock prices and the
predicted prices by the SVR model using the 10-fold.
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Table 9. Model Evaluation using K-fold 15.

Model RMSE MAE MAPE R?
SVR 0.0133 0.0092 1.1357%  0.9233
LightGBM  0.0155 0.0118  1.4954%  0.8781
XGBoost 0.0145 0.0111  1.4102%  0.8929
RF 0.0148 0.0113  1.4259%  0.8880

SVR — 10-Fold
RMSE=0.0121 | R*=0.9256

25000 — Actual

Predicted

24000

23000 4

22000

Price (IDR)

21000

20000

19000 4

0 50 100 150 200 250
Time Step

Figure 3. Comparison of Actual and Predicted Closing Prices

This visualization illustrated the closeness between the
predicted results and the actual data, highlighting the
model’s ability to accurately and consistently capture
the patterns of stock price movements.

Figures 4 and 5 present scatter plots of the residual
distributions for the SVR and XGBoost models under
the 10-fold cross-validation scheme, which were used
to observe the differences in prediction error patterns
between the algorithms.

Residuals vs Actual Values

°
°
5

°
°
S
le

L)

| AN AN T W Sy TP AATLVER LA - R I NI SR

Residuals (Actual - Predicted)
3
°
=
2,

-0.04

0.70 075 0.80 0.85 0.90
Actual Values

Figure 4. Scatter Plot Residual vs. Actual SVR.
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Figure 5. Scatter Plot Residual vs. Actual XGboost.
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The plot showed that the residuals (the differences
between actual and predicted values) were distributed
relatively symmetrically and randomly around the zero
line (red dashed line). No specific linear or curved
patterns were observed. Most points clustered near the
zero residual area, indicating that the SVR model’s
prediction errors were controlled and stable across the
range of actual values.

The residual plot for the XGBoost model exhibited a
broader and less uniform spread than SVR. Some
residual areas appeared asymmetrically distributed,
with a biased concentration in a certain range. Figures
6 and 7 present histograms of the residual distributions
for the SVR and XGBoost models.

Residual Distribution
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Figure 6. Histogram of SVR Residual Distribution

The residual distribution histogram of the SVR model
in Figure 6 shows an approximately normal pattern with
most prediction errors concentrated near zero,
indicating that the majority of errors are relatively
small. This pattern is reinforced by the kernel density
curve, which forms a smooth and nearly symmetric
bell-shaped distribution. Although the residuals exhibit
a slight negative skewness (—0.357), suggesting
occasional overestimation of actual prices, the deviation
remains limited. In addition, the residual standard
deviation of 0.01214 indicates a narrow error spread,
reflecting the strong stability and generalization
capability of the SVR model.
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Figure 7. Histogram of XGBoost Residual Distribution
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Conversely, the distribution peak, while remaining
close to zero, is slightly shifted to the right of center,
suggesting a  systematic  tendency  toward
underprediction. A more pronounced negative
skewness of —0.469 indicates a heavier left tail,
implying that XGBoost produces larger overprediction
errors with greater frequency than SVR. This is further
corroborated by a higher standard deviation of 0.01362
approximately 12.2% larger than that of SVR reflecting
greater variability in prediction error and reduced
consistency in capturing the nonlinear dynamics of the
stock price series. Figures 8 and 9 present the per fold
RMSE distribution and fold-by-fold error trajectory
derived from the 10-fold TimeSeriesSplit cross-
validation for the SVR and XGBoost models,
respectively. These visualizations serve a dual purpose:
to evaluate the stability and consistency of each model's
predictive performance across varying temporal
training windows, and to assess the degree to which
each model is susceptible to overfitting as the validation
fold progresses forward in time.

10-Fold TimeSeriesSplit
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Figure 8. RMSE Distribution — SVR vs XGBoost (10-Fold
TimeSeriesSplit Boxplot)

Figure 8 presents the distribution of per fold RMSE,
SVR exhibits a remarkably compact and stable
distribution, with a mean RMSE of 0.01012 and a
narrow interquartile range, reflecting high consistency
in predictive accuracy across all temporal validation
folds. In contrast, XGBoost yields a substantially wider
distribution with a mean RMSE of 0.05150, an
expansive interquartile range, and a notable outlier
approaching + 0.190 indicating considerable instability
in generalization performance as the training window
shifts forward in time.

Figure 9 illustrates the RMSE performance of SVR and
XGBoost across all 10 temporal folds, with dashed lines
representing the average RMSE of each model. SVR
demonstrates a consistently low and stable error pattern
throughout the validation process, remaining close to its
mean RMSE of 0.0101 with only minor deviations. This
stability indicates strong generalization capability under
time-series-aware validation and reflects the Structural
Risk Minimization principle of SVR, which controls
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model complexity and supports consistent performance
across changing data distributions [18]. In contrast,
XGBoost shows substantial RMSE fluctuations across
several folds, with errors increasing sharply in folds 4,
8, and 9. Such instability suggests higher sensitivity to
temporal distribution shifts, a limitation commonly
observed in ensemble-based models applied to non-
stationary financial time-series data [4].

RMSE per Fold — SVR vs XGBoost
(Wilcoxon p=0.0038)

——

Figure 9. RMSE per Fold SVR vs XGBoost (Wilcoxon p = 0.0039)

These findings are further supported by the learning
curve analysis, where SVR exhibits a very small
generalization gap (~0.00048), while XGBoost shows a
much larger gap (~0.07157), indicating a stronger
tendency toward overfitting. Figures 10 and 11 present
the comparative learning curve analysis of both models.
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Figure 10. Learning Curve SVR

The learning curve of SVR shows a strong convergence
pattern that reflects good model generalization. At
smaller training sizes, the validation error starts at
around 0.080 MSE and gradually decreases as more
training data are introduced, while the training error
remains consistently close to zero. As the dataset
approaches its full training size, the training and
validation errors converge to a low and stable value,
resulting in a very small generalization gap of 0.00048.
This indicates that SVR is able to balance bias and
variance effectively without showing signs of
overfitting or underfitting, while its predictive
performance continues to improve as additional training
data become available.
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In contrast, the learning curve of XGBoost reveals a
persistent and severe generalization gap across all
training sizes. The training error remains effectively
zero regardless of data volume, while the validation
error stabilizes at approximately 0.070 MSE from the
outset and shows no meaningful reduction as training
size increases resulting in a final gap of 0.07024. This
pattern is a textbook indication of overfitting: the model
memorizes training data with near-perfect accuracy but
fails to generalize to unseen temporal segments.

To assess whether the performance advantages
observed on ITMG.JK reflect genuine model robustness
rather than dataset-specific behavior, the proposed
framework was applied to four additional stocks
spanning two distinct market sectors: the banking
sector, represented by BBCA.JK and BBRI.JK, and the
automotive and consumer goods sector, represented by
ASIILIK, alongside PTBA.JK as a second mining sector
reference. All stocks were evaluated under identical
preprocessing, feature engineering, and validation
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conditions as the primary experiment, using the 10-fold
TimeSeriesSplit scheme. The comparative results are
presented in Table 10.

XGBoost
Learning Curve (10-Fold)
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Figure 11. Learning Curve XGBoost

Table 10. Generalization Performance of Models Across Different Stocks (10-Fold).

Stocks Model RMSE MAE MAPE R?
ITMG SVR 0.0133 0.0092 1.1357%  0.9277
LightGBM 0.0167 00133 1.6802%  0.8571
XGBoost 0.0143 00110 1.4010%  0.8959
RF 0.0142 0.0106  1.3417%  0.8973
BBCA SVR 0.0174 00134 15768%  0.9313
LightGBM 0.0459 0.0363 4.0671%  0.5225
XGBoost 0.0477 0.0393  4.4517%  0.4844
RF 0.0485 0.0388  4.3669%  0.4694
BBRI SVR 0.0200 0.0152  2.3379%  0.9609
LightGBM 0.0355 0.0284  4.3394%  0.8770
XGBoost 0.0306 0.0254 3.9027%  0.9084
RF 0.0556 0.0491  7.6587%  0.6987
ASII SVR 0.0212 0.0158  2.6416%  0.8904
LightGBM 0.0240 0.0183 3.0587%  0.8596
XGBoost 0.0228 0.0174  2.8955%  0.8731
RF 0.0220 00165 2.7561%  0.8823
PTBA SVR 0.0166 0.0117  1.3963%  0.9207
LightGBM 0.0684 0.0505 5.7294%  -0.3410
XGBoost 0.0660 0.0488 55407%  -0.2481
RF 0.0858 0.0691  7.9153%  -1.1104
Across all evaluated stocks and sectors, SVR (SRM) principle underlying SVR, which balances

consistently achieved the best predictive performance,
maintaining R? values above 0.89 and MAPE values
below 2.65%. The performance gap between SVR and
the benchmark models was especially evident in
BBCA.JK and PTBA.JK. For BBCA.JK, the tree-based
models produced substantially lower R2 values, with
Random Forest reaching only 0.469, while SVR
maintained an R2 of 0.931. An even larger difference
appeared in PTBA.JK, where LightGBM, XGBoost,
and Random Forest generated negative R2 values,
indicating performance worse than a simple mean-
based prediction and suggesting severe overfitting to
training data patterns. In contrast, SVR still achieved an
R2 of 0.921 with a MAPE of 1.396% on the same
dataset. These findings demonstrate the stronger
robustness and generalization capability of SVR when
facing varying data distributions. This stability is
closely related to the Structural Risk Minimization

model complexity and prediction accuracy rather than
focusing solely on minimizing training error [18].

3.2 Discussion

The superior performance of SVR across all evaluation
metrics and validation schemes can be explained by its
Structural Risk Minimization (SRM) principle [19],
which controls model complexity through margin
maximization instead of solely minimizing training
error. This characteristic is particularly beneficial for
financial time-series data, where data distributions often
change over time. In contrast, tree-based ensemble
methods rely on split-based learning structures that are
more sensitive to training distributions, resulting in the
RMSE instability observed across multiple validation
folds. The combination of SRM-based learning in SVR
and consistent Min-Max normalization throughout the
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framework also contributes to its strong cross-sector
generalization capability.

Among the benchmark models, XGBoost showed the
closest performance to SVR on the test datasets.
However, the Wilcoxon signed-rank test on the RMSE
values obtained from the 10-fold TimeSeriesSplit
confirmed that the advantage of SVR was statistically
significant (W = 1.000, p = 0.0039). SVR consistently
outperformed XGBoost in all validation folds without
exception. As illustrated in Figure 9, XGBoost also
demonstrated larger RMSE fluctuations across
temporal folds, especially in later validation periods,
indicating greater sensitivity to distribution shifts in
financial time-series data. Table 11 summarizes the per-
fold RMSE comparison and Wilcoxon signed-rank test
results between SVR and XGBoost under the 10-fold
TimeSeriesSplit configuration.

Table 11. ITMG Wilcoxon Signed-Rank Test SVR vs. XGBoost

Fold SVR XGBoost Superior
RMSE RMSE
1 0.0076 0.0150 SVR
2 0.0089 0.0104 SVR
3 0.0060 0.0068 SVR
4 0.0119 0.0220 SVR
5 0.0068 0.0073 SVR
6 0.0072 0.0070 XGBoost
7 0.0073 0.0070 XGBoost
8 0.0162 0.0350 SVR
9 0.0209 0.0450 SVR
10 0.0179 0.0150 SVR
Mean + Std 0.01012 + 0.05150 + -
0.0049 0.0590
W Statistic - - 1.000
p-value 0.0039
Significance P<0.05

SVR achieves lower RMSE in all 10-folds. Wilcoxon
signed-rank test (a = 0.05) confirms the performance
difference is statistically significant.

To further contextualize these findings and position the
proposed model within existing research, a comparative
evaluation against prior studies was conducted. The
detailed comparison of performance metrics is
presented in Table 12 of the study [19], [38].

Table 12 compares the results of this study with
previous studies [19] and [38], both of which examined
stock price prediction in the Indonesian mining sector
using machine learning approaches.

Table 12. Research comparison and validation.

Research RMSE MAE MAPE R?
Proposed 0.0133 0.0091 1.1192% 0.9277
Method
Previous 7.09% 0.9063
Research [19]

Previous 0.0199 0.0133 2.713% 0.99388

Research [38]

This comparison was conducted to evaluate the
effectiveness of the proposed framework and position
the findings within existing research. Compared to [19],
which reported a MAPE of 7.09% and R2 of 0.9063 for
ITMG stock using a single train-test split without
feature engineering or cross-validation, the proposed
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framework achieved a significantly lower MAPE of
1.1192% and a higher Rz of 0.9277. These
improvements indicate that the integration of
systematic feature engineering, LightGBM-based
feature selection, and TimeSeriesSplit validation
substantially enhances prediction performance.

Although [38] reported lower RMSE and MAE values
with a higher R of 0.99388, the comparison should be
interpreted carefully because the study used a different
stock dataset and relied on a single experimental split
without temporal cross-validation or feature importance
analysis. The very high R2 reported in [38] may
therefore indicate overfitting rather than strong
generalization ability. In contrast, the results of this
study remained consistent across 5-fold, 10-fold, and
15-fold TimeSeriesSplit evaluations, with statistical
significance confirmed through the Wilcoxon signed-
rank test (W = 1.000, p = 0.0039). To further validate
the framework, cross-sector experiments were
conducted by comparing SVR with the best-performing
competing models for each stock. As presented in Table
13, SVR consistently achieved higher R2 values across
all evaluated stocks, demonstrating its robustness and

adaptability  in handling  different  market
characteristics.
Table 13. Best-evaluation for model generalization.
Best
2
Stock Sektor SVRR Competitor R? Gap

ITMG Mining 0.9249 0.9032 (XGB) +0.022

BBCA Banking 0.9313 0.5226 (LGB) +0.409

BBRI Banking 0.9610 0.9084 (XGB) +0.053

Consumer
ASII IAuto 0.8904 0.8823 (RF) +0.008
PTBA Mining 0.9207 —0.248 (XGB) +1.169

The superiority of SVR was further confirmed through
statistical analysis. Across all five stocks, the Wilcoxon
signed-rank test consistently produced p-values below
0.05 for every comparison between SVR and the
benchmark models, indicating that the lower RMSE
achieved by SVR was statistically significant rather
than caused by random variation. This result was
strengthened by Cohen’s d effect sizes, which ranged
from 0.940 to 2.216, exceeding the threshold for a large
effect in all cases. In contrast, comparisons among the
tree-based models, particularly between LightGBM and
XGBoost, mostly produced non-significant results with
very small effect sizes below 0.1, suggesting similar
generalization capabilities among them. These findings
indicate that SVR consistently outperformed the
competing models across different market conditions.

Beyond its methodological contribution, the proposed
framework also offers practical value for stock price
forecasting in the Indonesian capital market. The ability
of SVR to maintain MAPE below 2.65% across
multiple sectors provides reliable next-day price
estimates that can support trading decisions,
particularly in volatile sectors such as mining and
banking. In addition, the use of TimeSeriesSplit
validation ensures that the reported performance
reflects genuine out-of-sample prediction capability,
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increasing its suitability for real-world implementation.
The modular design of the framework, which integrates
feature  engineering, LightGBM-based feature
selection, and time-series validation, can also be
adapted to other financial assets while maintaining
interpretability through feature importance analysis.

4. Conclusions

This study proposes a stock price prediction framework
for PT Indo Tambangraya Megah Tbk using 2,723 daily
observations from May 2013 to May 2025. The
framework combines technical and non-technical
feature  engineering,  LightGBM-based feature
selection, multilevel TimeSeriesSplit cross-validation,
and hyperparameter  optimization to address
methodological limitations found in previous studies.

The performance comparison among SVR, LightGBM,
XGBoost, and Random Forest shows that SVR
consistently delivers the best results across all
validation schemes, achieving an RMSE of 0.0121,
MAPE of 1.1457%, and R? of 0.9249 under the 10-fold
configuration. To evaluate model robustness and
generalizability, the framework was also tested on four
additional stocks from the banking, automotive, and
mining sectors, namely PT Bank Central Asia Tbk, PT
Bank Rakyat Indonesia Tbk, PT Astra International
Tbk, and PT Bukit Asam Tbk. Across all datasets, SVR
maintained R? values above 0.89 and MAPE below
2.65%, while several tree-based models produced
negative R2 values, indicating overfitting tendencies.
Statistical validation using the Wilcoxon signed-rank
test and Cohen’s d further confirmed the superiority of
SVR, with significant differences (p < 0.05) and large
effect sizes across all comparisons.

The main contribution of this study lies in providing a
reproducible and statistically validated evaluation
framework that demonstrates the robustness and
generalizability of SVR under varying market
conditions. By emphasizing methodological rigor and
stability-oriented validation, the study strengthens
empirical evidence regarding model reliability for
financial time-series forecasting. Nevertheless, several
limitations remain. The framework does not incorporate
external macroeconomic variables such as commodity
prices or interest rates, focuses only on single-step
forecasting, and relies solely on end-of-day data. Future
studies may improve the framework by integrating
macroeconomic and  sentiment-related  features,
extending forecasting horizons, and exploring hybrid
architectures such as SVR-LSTM or SVR-Transformer.
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