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The stock market exhibits a high level of volatility, which often leads
to significant price fluctuations and increases the risk of financial
losses for investors. Therefore, stock price prediction is an important
tool to support investment decision-making, particularly for PT
Aneka Tambang Thk (ANTM.JK). This study aims to predict ANTM
stock prices using Support Vector Regression (SVR) optimized with
a Genetic Algorithm (GA). The data used in this study consist of
1202 historical stock price data of ANTM from September 11, 2020
to September 11, 2025, obtained from Investing.com, and the data are
normalized using the Min-Max normalization method. The dataset is
divided into training data and testing data using an 80:20 ratio, where
80% of the data are used for training and 20% for testing. The SVR

model is constructed using the Radial Basis Function (RBF) kernel,
while the GA is employed to optimize the SVR parameters in order
to obtain the optimal parameter combination, with main GA
parameters including population size of 50, 30 generations, crossover
rate of 0.8, and mutation rate of 0.1. Model performance is evaluated
by comparing the prediction results of SVR without optimization and
GA-optimized SVR using Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE). The experimental results indicate that applying GA
improves the model's predictive performance. The SVR model
without optimization produces RMSE, MAE, and MAPE values of
85.48, 59.02, and 2.62%, respectively. After parameter optimization
using GA, the model performance improves as indicated by reduced
error values, with RMSE of 75.97, MAE of 52.42, and MAPE of
2.42%.
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1. INTRODUCTION

The stock market is a collection of exchanges and trading venues that bring together buyers and
sellers to trade shares of publicly listed companies and constitutes an integral part of the free-market
economic system by providing equal access to trading and capital exchange activities for all types of
investors [1]. Stock market activities span various major industrial sectors, including property, industry,
communication, technology, healthcare, consumer goods, energy, finance, and materials [2]. In Indonesia,
several stocks such as PT Aneka Tambang Thk (ANTM), PT Merdeka Copper Gold Thk (MDKA), and PT
United Tractors Thk (UNTR) are recorded as the three issuers with the highest net foreign buying value.
Among them, PT Aneka Tambang Tbk (ANTM) ranks first, as the company’s performance is projected to
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drive net profit growth of 43-51% and offer dividend potential of up to 12%, thereby strengthening its
attractiveness to foreign investors [3].

In January 2025, the number of Indonesian capital market investors reached 15.16 million Single
Investor Identification (SID) accounts, with 99.7% coming from the younger generation [4]. Nevertheless,
the experience during the 2020 pandemic demonstrated that the Jakarta Composite Index (JCI) could decline
by more than 5% in a single day and fall by up to 36% on a year-to-date basis [5]. Furthermore,
macroeconomic conditions in early 2025, such as low inflation of 0.76% in January, 0.09% in February, and
1.03% in March 2025 [6], along with a reduction in the Bl Rate to 5.75%, were insufficient to maintain
market stability [7]. These conditions indicate increasing stock market instability and heightened investment
risk, thereby necessitating reliable prediction methods to reduce uncertainty prior to investment decisions [8].

Initially, stock market prediction was conducted using traditional methods based on fundamental
analysis and price movement patterns, and later evolved into modern technology-based approaches [9]. With
the advancement of artificial intelligence, machine learning (ML) and deep learning techniques have been
widely adopted due to their ability to process both historical and real-time data, thereby assisting investors in
making informed decisions to reduce risk while increasing potential returns [10]. ML enables systems to
automatically learn from data and has been extensively applied in pattern recognition, classification,
regression, and prediction tasks [11]. Several ML algorithms that have been employed in previous stock
prediction studies include Support Vector Machine (SVM), Decision Tree (DT), Logistic Regression (LR),
Naive Bayes (NB), K-Nearest Neighbor (KNN), AdaBoost, XGBoost, Artificial Neural Network (ANN),
Hidden Markov Model (HMM), and Support Vector Regression (SVR) [12], [13].

A study on the MSI 20 index demonstrated that SVR achieved the best predictive performance, with
a Mean Absolute Error (MAE) of 3.092, Root Mean Square Error (RMSE) of 3.993, and Mean Absolute
Percentage Error (MAPE) of 0.368. These results outperformed Multilayer Perceptron (MLP) with MAE of
3.101 and RMSE of 4.018, Long Short-Term Memory (LSTM) with MAE of 5.065 and RMSE of 6.322, and
XGBoost with MAE of 9.165 and RMSE of 13.515 [14]. Another study on stock price prediction of BBCA
using SVR showed the best performance with an RMSE of 4.79% and MAE of 3.52% compared to Random
Forest (RF), which produced an RMSE of 6.80% and MAE of 5.35%, and K-Nearest Neighbors (KNN) with
an RMSE of 6.98% and MAE of 5.21% [15].

SVR is an extension of SVM designed for continuous value prediction using the g-insensitive loss
function, which ignores small errors and only penalizes data points that lie far from the predicted function
[16]. The SVR algorithm maps data into a high-dimensional feature space and seeks an optimal hyperplane,
enabling accurate target estimation, effective handling of non-linear problems, strong generalization
capability, and robustness to noise and outliers [17]. However, using SVR with default parameters still has
limitations in capturing complex nonlinear patterns. This is evidenced by a study on stock data, where SVR
performed worse, with RMSE 0.1575 and MAE 0.1364, compared to LSTM, which achieved RMSE 0.0316
and MAE 0.0240. Based on these results, the study recommended the exploration of hybrid models and the
integration of optimization techniques to improve SVR performance [18]. A similar conclusion was reported
by on cryptocurrency data, where SVR obtained an MAPE of 0.07772, prompting the authors to suggest the
development of optimization methods to improve the consistency of SVR performance [19].

SVR also suffers from several limitations, including long training time for large datasets, difficulty
in modeling complex and highly dynamic data, challenges in selecting appropriate hyperparameters, and
sensitivity to hidden noise in the input data [20]. To address these issues, various metaheuristic algorithms
such as Artificial Bee Colony (ABC), Genetic Algorithm (GA), Grey Wolf Optimizer (GWO), Particle
Swarm Optimization (PSO), and Water Cycle Algorithm (WCA) have been employed for hyperparameter
optimization. GA is an optimization technique inspired by natural selection and biological evolution, utilizing
crossover, mutation, and selection processes to solve complex optimization problems. It has demonstrated
strong capability in exploring large solution spaces and effectively solving complex optimization tasks [21].
A study showed that applying GA to optimize LSTM parameters for stock data reduced RMSE from 64.97 to
18.03 and MAE from 35.46 to 14.98 [22] . Similarly, GA-based optimization of SVR parameters
significantly improved energy consumption prediction performance, reducing RMSE from 6.50 to 1.53 and
MAE from 5.02 to 1.18 [23]. However, most previous studies have focused on stock indices, other
companies, or different financial datasets, while the application and evaluation of the SVR model optimized
using a GA (SVR-GA) specifically for ANTM.JK stock prediction remain limited. This indicates a research
gap that still needs to be further examined to evaluate the effectiveness of the SVR-GA approach on
ANTM.JK stock data.

2. RESEARCH METHOD
PT Aneka Tambang Tbk (ANTM) is a state-owned mining company engaged in the management
and sale of mineral resources, such as nickel, gold, and bauxite. ANTM is part of Indonesia’s state-owned
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mining holding company, MIND ID. The company’s main activities cover the entire mining value chain,
ranging from exploration and extraction to processing and marketing of mining products. ANTM operates its
business through three main segments: the nickel business, which is one of its flagship products, the gold
business and precious metal refining services; and the bauxite business, which is processed into alumina.

As a commodity-based company, ANTM’s stock price is highly influenced by global market
fluctuations, which result in high volatility and non-linear data patterns. These are the characteristics which
present a significant challenge for traditional orecasting methods. Therefore, this study is set to employ a
hybrid SVR-GA approach, in which the GA is specifically utilized to optimize SVR hyperparameters.
Moreover, this study aims to ensure the SVR-GA model is applicable to capture the complex trends in
ANTM’s historical stock data effectively.

2.1 Research Data

The data used in this study are derived from the historical stock data of PT Aneka Tambang Tbk
(ANTM), which include the opening price (open), highest price (high), lowest price (low), closing price
(close), percentage change (change %), and trading volume. The dataset was obtained from Investing.com
and covers a period of the last five years. A sample of daily data for one week is presented in Table 1.

Table 1. ANTM Stock Data Sample

Date Close Open High Low Vol. Change %
11/09/2025 3.390 3.530 3.570 3.380 161,96M -3,42%
10/09/2025 3.510 3.580 3.600 3.470 192,13M -4,10%
09/09/2025 3.660 3.680 3.930 3.590 514,31M 1,39%
08/09/2025 3.610 3.470 3.710 3.450 400,45M 6,49%
04/09/2025 3.390 3.470 3.470 3.370 142,47TM -2,59%
03/09/2025 3.480 3.520 3.580 3.360 393,01M 0,29%
02/09/2025 3.470 3.300 3.480 3.290 441,94M 8,44%

Table 2.1 presents a sample of the historical stock data used in this study. This research uses daily
time series data of PT Aneka Tambang Thk stock downloaded from Investing.com, covering the period from
September 11, 2020 to September 11, 2025. The total number of data entries obtained is 1,202 records,
including the attributes date, closing price (close), opening price (open), highest price (high), lowest price
(low), trading volume (volume), and price change (change %).

2.2 Research Flow
This research was conducted through a series of interrelated stages forming a clear research
workflow. The stages of the research process are illustrated in Figure 1.

/—D SVR
/au,u‘,-—b| Training
Data Split SUR-GA Evaluation

RMSE, MAE, MAPE
\zom—b

Preprocessing I—}

Literature I—b

Data Collection I—b

Figure 1. Research Flow

In accordance with Figure 1 which presents research flow, this study was conducted through a
systematic workflow which designed to optimize the prediction accuracy. First, the process was begun with a
Literature Review to identify the research gap and establish the theoretical foundation for stock price
forecasting. Seconf, the Data Collection stage was performed by gathering historical stock data of ANTM
from Investing.com. Third, the raw data entered the preprocessing stage where it was cleaned and then
transformed, in this stage, feature selection and data normalization were conducted to ensure its suitability for
machine learning analysis. Fourth, the Data Split stage was conducted to divide the dataset into two parts,
mainly 80% of the data was allocated for Training while the remaining of 20% data was reserved for the Test
set to evaluate the model’s performance on unseen data. Fifth, during the modeling phase, the training data
were processed using two different approaches including a standard SVR and an optimized SVR-GA. The
GA itself was specifically worked within the SVR-GA block to find the most optimal hyperparameters.
Sixth, both models were validated against the Test Data in the Evaluation Stage. In this stage, the accuracy
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was measured and compared using RMSE, MAE, and MAPE metrics to determine the effectiveness of the
proposed hybrid model.

2.3 Data Preprocessing

Data preprocessing is the initial step in machine learning that transforms raw data into a structured
format through cleaning, integration, transformation, and reduction processes, thereby improving data quality
and helping the model better understand features to produce more accurate predictions [24]. Preprocessing
also includes preparing and organizing data to make it more suitable for analysis, ensuring that the data
quality is maintained and ready for the next stage [25].

2.3.1 Data Cleaning

Data cleaning is an essential step to eliminate missing values or inconsistent data [26]. In this stage,
the cleaning process for the ANTM dataset which consists of 1.202 records involved three stages mainly
identification, handling missing values, and removing duplicates. Through identification, the data structure
was reviewed to ensure consistency across 1.202 rows. Through handling missing values, the dataset was
then inspected for null entries. However, No. missing values were found as it meant that the data integrity for
the 5-year-time-series were well-maintained. Through removing duplicates, a verification for duplicate rows
was conducted to prevent data reduncancy and ensured each trading date was unique.

2.3.2 Data Transformation

Data transformation is a stage performed to convert or adjust data prior to its use in analysis or
machine learning modeling, with the objective of ensuring that the data meet the requirements of the analysis
[27]. For the ANTM dataset, symbols (%), text notations (M), and varying price scales were then converted
into pure numerical values as shown in Table 2. This stage involved the simplification to numerical constants
in order to ensure consistency across all features.

Table 2. Data Transformation

Feature Before Transformation After Transformation
Date 28/08/2025 28/08/2025
Last Price 2.98 2980
Opening Price 3.00 3000
Highest Price 3.02 3020
Lowest Price 2.92 2920
Volume 121.88M 121,880,000
Change (%) 0.68% 0.68

2.3.3 Data Selection

Data selection is a dimensionality reduction technique aimed at selecting relevant features by
eliminating redundant and irrelevant features in order to improve the performance of machine learning
algorithms and simplify the model [28]. In this study, the features used consist of open, high, low, and close
(OHLC) prices as input variables, while the closing price is also employed as the target variable. Other
features, such as trading volume and percentage change, are excluded from the modeling process, as they are
considered less relevant for closing price analysis. Therefore, the model is focused solely on OHLC price
data [29]. The features selected for this study are presented in Table 3.

Table 3. Data Selection

Last (Close) Open High Low
3390 3530 3570 3380
3510 3580 3600 3470
3660 3680 3930 3590
3610 3470 3710 3450
3390 3470 3470 3370
3480 3520 3580 3360
3470 3300 3480 3290

Table 3 displays the features used in this study, specifically the Last (Close), Open, High, and Low
prices as input variables, with the Last (Close) price also serving as the target variable. Other features such as
Volume (M) and Percentage Change (%) were excluded from the modeling process. This decision aligns with
the earlier study, which emphasizes that these features are less relevant for predicting the final closing price
and allows the model to focus purely on core price-action data [30].
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2.3.4 Lagged Features

Lagged features are characteristics formed by shifting time series data points forward or backward
to introduce historical values as new features. This technique is important in autoregressive modeling
because it captures the influence of past data on current conditions and improves prediction accuracy [31].
The computation of lagged features is shown in Equation 1.

lag k
XPE = X, (1)

To capture the temporal dependencies inherent in stock price movements, this study implemented a
lag-1 configuration. In this process, the historical values from the previous days were transformed into new

input features, where the lagged feature value at time t was computed as Xt(’“g %) with k = 1. Specifically, the
values of Openg.1), Hight.1), Low(.1), and Close (1) were utilized as inputs to predict the current day’s closing
price, Closey. Consequently, the lagging process removed the first data record, reducing the total dataset
from 1.202 to 1.201 records.

2.3.5 Data Normalization
Data normalization is the process of transforming data to a uniform scale, typically 0 to 1, to
facilitate analysis and improve the performance of machine learning models that are sensitive to data
distances. One commonly used method is Min-Max Normalization [32]. The computation of Min-Max
Normalization is shown in Equation 2.
Xr _ X—Xmin

- Xmax—Xmin (2)

X is the value of Min-Max Normalization which is achieved. While X represents the original value,
Xmin and Xmax denote the minimum and maximum values within the feature set, respectively. This formula
ensures that high-magnitude features do not dominate the learning process during SVR training [33].

2.3.6 Data Split

Data split is a common approach in model validation by dividing data into training data and testing
data. Training data are used to build the model, while testing data are used to evaluate prediction
performance [34]. Previous studies have shown that an 80:20 split ratio provides optimal performance for
stock index prediction [35].

2.3.7 Data Denormalization
Data denormalization is the process of converting model output values back to their original range
before normalization [36]. The computation of data denormalization is shown in Equation 3.

Xj = X,(Xmax - Xmin) *+ Xmin (3)

Xi is the value of data denormalization which is achieved through formulation. While x’ denotes the
data to be normalized, and Xmax also Xmin correspond to the maximum and minimum values of the original
data. This step is crucial to return the predicted stock prices to the Indonesian Rupiah (IDR) scale so they can
be compared directly with actual datmarket prices [37].

2.4 Support Vector Regression (SVR)

Support Vector Regression (SVR) is a high-performance machine learning algorithm from the SVM
family. Unlike conventional regression models, SVR focuses on controlling the error margin, enabling it to
handle complex and nonlinear relationships between input and output. Through kernel functions, SVR maps
input features into higher-dimensional space, making it effective for nonlinear data and robust to outliers
[38]. The linear regression function in Support Vector Regression (SVR) is defined as follows in Equation 4.

fx)=w-x+b 4

Where f(x) is the predicted value, w represents the weight vector that determines the orientation of the
hyperplane, and b denotes the bias or intercept.

The objective of SVR is to minimize the model complexity by minimizing the norm of the weight
vector, which is expressed as Equation 5.
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min [|w]||? 5)

Where Min is the minimization operation, é is a constant used to simplify the differentiation process, and

||w||?is a squared norm of the weight vector.
SVR introduces an e-insensitive loss function, which constrains the prediction error to lie within a
predefined tolerance margin. The mathematical representation of this loss function is defined in Equation 6.

lyi—(w-x;+b)|<e (6)

Where vy; is the actual value of the i-th data point, X; is the input value of the i-th data point, and € is the
acceptable error margin.

To account for data points outside the e-insensitive boundary, the model incorporates slack variables,
which are defined by the following constraints in Equation 7.

€ = max(0, |y; — (w-x; +b)| —€) )

Where €; is the deviation outside the € margin and max (0,n) is a function that ensures only errors exceeding
the margin are penalized.

The primary objective of SVR is to minimize model complexity while penalizing predictions that fall
outside the tolerance margin. This is achieved by minimizing the norm of the weight vector combined with
an ; loss function. Based on [39], the optimization problem is formulated as equation 8.

min ~|w|? + CIN, ¢ 8)
Subject to the constraint (equation 9).

Vi-— w.x;+b) <€+ ¢
w.x; +b) —y; < € + € 9)
e+e =20

Where C is the regularization parameter that controls the trade-off between model complexity and penalty for
prediction errors, €; is the total prediction error outside the € margin, and N is the number of data samples.

2.4.1 Kernel Function-RBF

The Gaussian Radial Basis Function (RBF) kernel is the most widely used kernel in SVM because it
can implicitly map data into a high-dimensional space [40]. The RBF kernel function is formulated as shown
in Equation 10.

o2
Kya(x,y) = exp (— %}, x,y € R4 (10)

Where K, 4(%,y) represents the Gaussian Radial Basis Function (RBF) Kernel value between data
points x and y, where both x and y are input vectors within a d-dimensional feature space (x,y € RY). The
term ||x-y||> denotes the squared Euclidean distance between these data points, while y2serves as the Kernel
parameter that controls the width of the Gaussian function.

Through systematic testing of various ranges, this study determined the optimal y value to be 0.001
to ensure the best generalization performance.

2.4.2 Sequential Minimal Optimization (SMO)

Sequential Minimal Optimization (SMO) is an efficient algorithm used to solve the complex
quadratic programming (QP) optimization problems that arise during the training of SVR. SMO breaks the
large optimization problem into the smallest possible sub-problems, which are then solved analytically. The
dual optimization problem for SVR solved by SMO is expressed as follows [41].

e 1 * * * *
Minimize: > N1 2 (o) —oc) (o —oc)K (x5, %1) + X yi (i —o¢) — BN, € (o —oxy) (11)

Subject to the following constraints
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Ni(-x)=0, 0<a<Ci=12..N (12)

Where «;—c; represents the Lagrange multipliers optimized through the SMO algorithm, while y;
denotes the actual target value of the i-th training data sample. The term K(x;, x;) refers to the kernel function
used to map data into a higher-dimensional feature space, and € indicates the acceptable error margin or
tolerance level. Furthermore, C serves as the regularization parameter that limits the influence and
contribution of each individual data point to the solution. Finally, the linear equality constraint}:N., (ot —cc,)
ensures the bias term b is correctly calculated [41].

In this study, Sequential Minimal Optimization (SMO) is employed to solve this quadratic
optimization efficiently by breaking it into smaller sub-problems. Based on the experimental testing, the
optimal parameters for the SVR model were found to be C = 400, an epsilon value of 0.0001, and a
maximum of 1000 iterations.

2.5 Genetic Algorithm (GA)

Genetic Algorithm (GA) is a metaheuristic optimization method based on the principles of natural
selection and genetics used to find high-quality solutions for complex problems. In this study, GA is utilized
to optimize the SVR hyperparameters, specifically the regularization parameter (C), epsilon (g), and gamma
(v). Each candidate solution is represented as an individual or “chromosome" within a population. The
quality of each individual is evaluated using a fitness function, which is defined as the Root Mean Square
Error (RMSE) of the SVR prediction on the training data. The objective is to minimize the fitness value to
achieve the most accurate prediction model [41]. The fitness function used to evaluate each candidate
solution is defined in Equations 13 and 14 [42].

. _ -1
fitness = 2{1:1 fStarget‘Si - Zin=1 Z]'n=i+1 fSi,Sj (13)

Where n represents the total number of selected features, and y denotes the target feature, which corresponds
to the predicted class or output. The terms f; and fj refer to the i-th and j-th features being evaluated,
respectively. Additionally, | is defined as the feature relationship score, which quantifies the dependency or
mutual information between the variables.

fs,s; = Mlgs; + Fs, s + Cs; 5, (14)

Where S represents the combined relationship score between features, which integrates multiple statistical
measures. The term F denotes the F-statistic value used to evaluate the significance of the features, while r
indicates the Pearson Correlation Coefficient value, which measures the linear strength and direction of the
relationship between variables.

2.6 Evaluation

The evaluation metrics used in this study include MAE, MAPE, and RMSE to evaluate and compare
the prediction accuracy of the developed models. The mathematical formulations for these performance
indicators are presented in Equations 15-17.

2.6.1 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) is a metric used to measure the average magnitude of errors in a set of
predictions by calculating the mean of the absolute differences between the forecasted values and actual
targets. The MAE is computed using the equation 15 [43].

1
MAE=131, |A - F| (15)

Where n represents the total number of observations, A; denotes the actual value (target) for the i-th data
point, and F; signifies the predicted or forecasted value for the same point.

2.6.2 Mean Absolute Percentage Error (MAPE)

The Mean Absolute Percentage Error (MAPE) is a measure of prediction accuracy expressed as a
percentage that compares the absolute difference between predicted and actual values to the actual
observation. This metric indicates the relative error scale and is calculated through equation 16 [44].

1 Ai—Fj
MAPE =2 31, |A—| x 100% (16)
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Where n is the number of data points, A; is the actual value, and F; is the predicted value for each
observation i.

2.6.3 Root Mean Squared Error (RMSE)

Root Mean Square Error (RMSE) is a standard evaluation metric that measures the average
magnitude of error by taking the square root of the average squared difference between predicted and actual
observations. RMSE effectively penalizes larger errors and is defined by the formula 17 [45].

RMSE = J ST (A — Fp)? (17)

Where n reprsents the total number of data observations, while A; and F; represent the actual and
forecasted values at index I, respectively. In this study, RMSE also serves as the fitness function for the
Genetic Algorithm to optimize the SVR parameters.

3. RESULTS AND ANALYSIS

This section presents the experimental results of the hybrid SVR-GA model for PT stock price
forecasting. Aneka Tambang Tbk (ANTM.JK). The analysis focuses on parameter optimization and
performance comparison between standard SVR and hybrid SVR-GA models.

3.1 Data Preprocessing

The dataset consists of historical stock price data including Open, High, Low, Close (OHLC) prices.
Preprocessing involved data cleaning (no missing values detected), lag feature engineering (lag=1), and
MinMaxScaler normalization. The dataset was split 80:20 (training:test), resulting in 960 training samples
and 241 test samples with 4 input features (previous day's OHLC values) to predict the current day's closing
price.

3.2 SVR Model Parameter Optimization

A systematic parameter sensitivity analysis was conducted to identify optimal hyperparameters for
the SVR model. Four critical parameters were evaluated: iteration count, regularization parameter C, epsilon,
and gamma.

Table 4. Optimal SVR Parameters

Parameter O\%IITSI Range Tested Performance Impact
Iterations 1,000 100-1,000 RMSE: 118.12 (100 iter) to 77.73 (1000 iter)
o 400 100-500 Balances complexity and generalization
Epsilon 0.0001 0.0001-1.0 Narrow tolerance for precision
Gamma 0.001 0.000001-1.5 Moderate RBF kernel sensitivity

Table 4 presents optimal SVR hyperparameters. Iteration testing showed 34.2% RMSE
improvement from 100 to 1,000 iterations, indicating substantial iterations are required for convergence.
Iteration count testing revealed significant performance improvement with increased iterations. Performance
improved from RMSE 118.12 at 100 iterations to 77.73 at 1,000 iterations, representing a 34.2% reduction.
This indicates that SVR optimization requires substantial iterations to converge for this dataset. Parameter C
testing across ranges 100-500 identified C=400 as optimal, providing balance between model complexity and
generalization. Epsilon testing indicated that a narrow tolerance margin (0.0001) is appropriate for financial
forecasting precision. Gamma testing showed that moderate kernel sensitivity (0.001) provides optimal
performance, with extreme values degrading accuracy.

3.3 Hybrid SVR-GA Model Parameter Optimization

The hybrid SVR-GA model employs a Genetic Algorithm to automatically optimize SVR
hyperparameters. Comprehensive testing was performed on both SVR hyperparameters and GA control
parameters. Optimal SVR-GA Parameters can be view Table 5.

Table 5. Optimal SVR-GA Parameters

Optimal Range
Parameter Type Parameter Value Tested
C 445.32 50 — 600
SVR Hyperparameters Epsilon 0.0078 0.00001 - 1.5
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Optimal Range
Parameter Type Parameter Value Tested
Gamma 0.0038 0.000001 - 1.5
Population Size 50 30 - 100
Generations 30 30-150
GA Parameters Crossover Rate 0.8 05-0.9
Mutation Rate 0.1 0.01-0.3
Selection Rate 0.5 0.3-0.7

Table 5 shows the optimal parameters obtained for the hybrid SVR-GA model. The Genetic
Algorithm identifies optimal SVR hyperparameters, with C ranging from 400 to 445.32, epsilon from 0.0001
to 0.0078, and gamma from 0.001 to 0.0038, demonstrating the capability of automated parameter
optimization. Population size testing (30, 50, 70, and 100) indicates that 50 individuals provide sufficient
genetic diversity. Generation testing shows that 30 generations achieve efficient convergence. A crossover
rate of 0.8 supports effective genetic material exchange, while a mutation rate of 0.1 enables adequate
exploration without disrupting convergence. In addition, a selection rate of 0.5 maintains a balance between
exploration and exploitation.

3.4 Model Performance Comparison
Model performance was evaluated using RMSE, MAE, and MAPE on the test set. Table 6 presents
the comparative results.

Table 6. Model Performance Comparison

Model RMSE MAE MAPE (%)
SVR (Best Parameters) 85.48 59.02 2.62
Hybrid SVR-GA 75.97 52.42 242

Table 6 reports the forecasting performance of the baseline SVR model and the proposed hybrid
SVR-GA model on the test set consisting of 241 samples. All metrics are computed on denormalized
predictions. The hybrid SVR-GA model consistently outperforms the baseline SVR across all error
measures. In particular, RMSE decreases from 85.48 to 75.97 (an improvement of 11.1%), MAE from 59.02
to 52.42 (11.2%), and MAPE from 2.62% to 2.42% (7.6%). These results indicate that GA-based
hyperparameter optimization leads to a more accurate forecasting model.
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——- SVR Best (RMSE=85.48)
35001 ——- SVR+GA Best (RMSE=75.97)
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2500
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Figure 2 Prediction Comparison: SVR Best vs SVR-GA Best

Figure 2 compares actual closing prices with the SVR and hybrid SVR-GA model predictions on
the test set. Both models follow the general upward and downward trend of the series; however, the SVR-
GA trajectory is visibly closer to the actual curve, especially during highly volatile periods with sharp price
jumps and drops. Around several local peaks and troughs, the hybrid model more accurately reproduces both
the magnitude and timing of price movements, whereas the baseline SVR tends to under-estimate or
over-estimate these extremes. The visual evidence in Figure 2 is consistent with the quantitative
improvements reported in Table 6.

3.5 Residual Analysis
The summary statistics of these residuals are presented in Table 7.
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Table 7. Residual Statistics on the Test Set

Model Mean Residual Std Residual Min Residual Max Residual
SVR (Best Parameters) 26.78 81.31 -232 341
Hybrid SVR-GA 9.44 75.50 -235 263

Residuals are defined as the difference between actual and predicted prices at each time step. Table
7 summarizes the residual statistics for both models on the test set. The mean residuals of both models are
close to zero, indicating no strong systematic over- or under-estimation. However, the hybrid SVR-GA
exhibits a smaller mean residual (9.44 vs. 26.78) and a lower standard deviation (75.50 vs. 81.31) than the
baseline SVR, which suggests that its prediction errors are less biased and less dispersed. Moreover, the
maximum residual is reduced from 341 for SVR to 263 for SVR-GA, implying that large positive deviations
from the actual prices occur less frequently in the hybrid model, even though the minimum residuals are of
similar magnitude. Overall, the residual statistics confirm that the GA-optimized model produces smaller and
more stable errors, in line with the global metrics reported in Table 6 and the visual behavior in Figure 2.

From a methodological perspective, the reduction in error can be attributed to the Genetic
Algorithm's role in tuning the SVR hyperparameters. Instead of relying on manually selected or coarsely
tuned values, GA performs a global search over a wider and continuous space of C, €, and y, and selects
combinations that provide a better trade-off between model complexity and generalization. Properly
chosen C and y allow the RBF kernel to capture nonlinear dynamics in the stock price series, while an
appropriate e controls the model's sensitivity to small fluctuations and noise. As a result, the hybrid SVR-GA
model is less prone to underfitting in volatile regions and overfitting in relatively stable segments. This leads
to consistently lower RMSE, MAE, and MAPE values, as well as reduced residual dispersion, thereby
explaining why the error decreases after applying GA-based optimization.

4. CONCLUSION

This study proposes a hybrid SVR-GA model for forecasting the stock price of PT Aneka Tambang
Tbk (ANTM.JK), where a Genetic Algorithm is used to optimize SVR hyperparameters and GA control
parameters. The experimental results show that the SVR-GA model achieves lower prediction errors than the
standard SVR model, with RMSE decreasing from 85.48 to 75.97, MAE from 59.02 to 52.42, and MAPE
from 2.62% to 2.42%. These results indicate that GA-based optimization is more effective in adapting SVR
parameters to the nonlinear and volatile characteristics of financial time series data, leading to improved
generalization performance. Although both models are able to capture the overall trend of stock price
movements, the hybrid SVR-GA model demonstrates more consistent predictive accuracy across all
evaluation metrics. However, this study is limited to a fixed train-test split and OHLC features; therefore,
future research is recommended to apply time series cross-validation, incorporate additional technical
indicators (e.g., RSI, MACD, and moving averages), and compare the proposed model with other forecasting
methods such as ARIMA or LSTM. Furthermore, future studies could explore comparing GA with other
metaheuristic optimizers such as PSO or GWO to further enhance forecasting performance.
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