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investment, and monetary policy. However, machine learning-based forecasting
studies that specifically target the Jakarta Interbank Spot Dollar Rate (JISDOR) as
the primary output variable remain limited, leaving a notable gap in the Indonesian
financial forecasting literature. This study employs a quantitative time-series

ls(sz‘gg:g \S/.ector approach to address that gap by applying Support Vector Regression (SVR) with a
Regression; two-stage grid search hyperparameter optimization to JISDOR data spanning
Artificial Neural January 2023 to January 2025, and benchmarks its performance against an
Network: Artificial Neural Network (ANN). Nonlinearity in the data was confirmed through

JISDOR; the Terdsvirta test, which justified the use of kernel-based nonlinear models. The
optimized SVR with a Radial Basis Function (RBF) kernel achieved an RMSE of
43.49 and a MAPE of 0.22% on the test set, outperforming the best ANN
architecture which recorded an RMSE 0f 49.72 and a MAPE of 0.25%. Neither model
showed signs of overfitting, as the errors on the test set were consistently lower
than those on the training set. These findings indicate that optimized SVR serves as
areliable and practically applicable forecasting tool for the Rupiah to USD exchange
rate. For policymakers, the model offers a quantitative basis for determining the
appropriate timing of market interventions, while for financial market participants,
it supports more precise hedging decisions and exchange rate risk management.
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A. INTRODUCTION

The rupiah exchange rate against the United States dollar (USD) is a key indicator of
Indonesia's macroeconomic stability, influencing international trade, foreign investment, and
monetary policy. Its fluctuations directly affect price stability and inflation, serve as a key
consideration in the formulation of monetary policy by Bank Indonesia, and determine the level
of risk and profitability for businesses and investors (Amri et al., 2025). Volatile exchange rate
movements pose real risks to exporters, importers, and financial market participants, making
the ability to accurately predict exchange rate movements of significant practical value to
policymakers and economic actors. Contemporary studies indicate that the foreign exchange
market is complex, non-linear, and influenced by a combination of fundamental factors and
market sentiment, making classical prediction models sometimes incapable of capturing these
dynamics (Junior et al.,, 2023). This limitation has driven researchers to explore alternative
approaches, as demonstrated by studies using JISDOR-based data that reveal time-varying
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volatility in the Rupiah-USD exchange rate that linear models fail to adequately represent
(Ahmar et al.,, 2024).

Bank Indonesia created the transparent reference rate, known as JISDOR, in an effort to
address the needs of market participants. An exchange rate represents the value of a nation’s
currency in relation to another, indicating how much foreign currency can be obtained for a
single unit of domestic currency. For instance, in December 2024, Bank Indonesia recorded that
one US dollar was equivalent to Rp 16,162, illustrating the Rupiah’s exchange value at that time
(Johnson, 2024; Marwadi & Rokhim, 2016). However, literature specifically using JISDOR as a
target variable in forecasting studies using a machine learning approach is still relatively
limited (Ahmar et al., 2024).

The development of machine learning methods in financial forecasting has introduced
various non-linear algorithms, one of which is Support Vector Regression (SVR), designed to
address regression problems in non-linear data through the kernel trick and the optimal
margin principle. SVR has been applied to various financial problems, such as stock prices,
commodities, and exchange rates, with results often more accurate than classical parameter
models (Zhang et al., 2022). Applications specifically to the Rupiah-USD pair have confirmed
that SVR with multiple kernel functions — linear, polynomial, and RBF — achieves high
prediction accuracy, with the RBF kernel demonstrating particularly strong performance in
capturing non-linear exchange rate dynamics (Alida & Mustikasari, 2020). Reported that SVR
can provide competitive prediction performance in the foreign exchange market when
compared to conventional time series models. Furthermore, recent research also shows a trend
of combining SVR with hybrid approaches to improve performance on volatile financial data
(Alamsyah et al., 2024). This trend is supported by evidence that SVR integrated with
metaheuristic optimization for hyperparameter tuning consistently outperforms standalone
and conventional forecasting models across multiple currency pairs when evaluated using
MAPE and RMSE (Hu et al., 2021).

The literature review reveals several important findings but also clear research gaps. First,
while comparative studies exist between SVR and other models, such as ARIMA or LSTM, many
of these studies use international data samples or exchange rate data other than JISDOR; few
focus on the Indonesian domestic context, targeting JISDOR (Ahmar et al., 2024; Ningrum et al.,
2025). Second, several studies note that SVR performance is sensitive to kernel selection and
C/e parameters, often requiring optimization or hybrid approaches to achieve optimal results.
However, the application of optimization techniques to the JISDOR dataset is underreported
(Jazayeri, 2024). Third, several recent studies have also shown that combining SVR with models
that address heteroscedasticity (volatility clustering) can improve prediction quality in highly
volatile exchange rates, but the application of SVR-based heteroscedastic models to Rupiah data
remains rarely explored (Alamsyah et al., 2024).

Based on these identified gaps, this study is designed to address several important issues
by utilizing the latest JISDOR data as the primary prediction target to enhance policy relevance,
applying Support Vector Regression with a hyperparameter optimization procedure and
comparing its predictive performance with Artificial Neural Network to evaluate its advantages
in modeling the Rupiah-USD exchange rate, and further exploring modeling strategies that
incorporate heteroscedasticity characteristics inherent in the foreign exchange market. The
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heteroscedasticity effect, characterized by non-constant variance in residuals over time, is a
well-documented challenge in financial time series modeling that standard ARIMA-based
models alone are insufficient to resolve, requiring the integration of more flexible
computational approaches (Devianto et al., 2023). The originality of this research lies in its
combined approach of using up-to-date JISDOR data, implementing an optimized SVR
specifically for the Rupiah context, and examining heteroscedasticity aspects that have received
limited attention in previous studies (Zhang et al., 2022; Mubarok et al., 2024).

According to this framework, the study intends to use JISDOR data to analyze the historical
behavior of the Rupiah-USD exchange rate, create a predictive model based on SVR with
hyperparameter optimization, compare the predictive performance of the optimized SVR with
ANN using out-of-sample evaluation metrics like RMSE and MAPE, and offer market
participants and monetary authorities policy recommendations for managing exchange rate
risk (Aji & Surjandari, 2020). The importance of hyperparameter optimization in SVR for
exchange rate prediction has been demonstrated through hybrid tuning approaches, where
optimized SVR models measured by RMSE and MAPE consistently outperform baseline SVR and
conventional time series models (Halder et al., 2024). These objectives highlight both the
theoretical contribution through testing SVR in the JISDOR context and addressing
heteroscedasticity and the practical contribution through hedging strategies and monetary
policy recommendations based on more accurate exchange rate forecasts (Junior et al.,, 2023).

In brief, this research contributes to the following: (a) adding to the Indonesian foreign
exchange forecasting literature with JISDOR-based empirical data; (b) evaluating the
effectiveness of optimized SVR on Rupiah exchange rate data, thereby adding comparative
evidence between machine learning and classical econometric methods; and (c) providing
practical recommendations for monetary authorities and business actors to reduce exposure
to exchange rate volatility. The urgency of rupiah exchange rate forecasting for monetary policy
planning and economic stability has been consistently affirmed in recent Indonesian literature,
reinforcing the policy relevance of developing more accurate and data-driven prediction
models (Pratiwi et al., 2025). These theoretical and practical contributions are expected to
narrow the gap between the forecasting method literature and policy needs in the Indonesian
foreign exchange market (Jazayeri, 2024; Zhang et al., 2022)

Furthermore, regarding the results and implications, if the optimized SVR demonstrates
superior predictive performance compared to ANN, the implication is that monetary
authorities and market participants should consider machine learning methods as
complementary tools in hedging planning and strategies. Furthermore, if the heteroscedasticity
model combined with the SVR is proven to improve accuracy, practical recommendations
would include applying the model to project short-term risks and adjust market intervention
policies (Alamsyah et al., 2024).

B. METHODS

The overall research procedure employed in this study is illustrated in Figure 1. The
flowchart presents the sequential stages of data collection, preprocessing, model development,
evaluation, and result analysis conducted in this research.
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1. Exploratory Data Analysis

This study employed a quantitative time-series approach using daily Jakarta Interbank Spot
Dollar Rate (JISDOR) data published by Bank Indonesia from January 2023 to January 2025.
This period was chosen to represent exchange rate dynamics before, during, and after the
COVID-19 pandemic, allowing the analysis to reflect the volatile foreign exchange market
conditions over a relatively long period (Andreas, 2025). The dataset was divided into 80%
training data and 20% testing data to evaluate model generalization performance. Prior to
modeling, the data preprocessing stage included missing value checking, normalization, and
stationarity testing using the Augmented Dickey-Fuller (ADF) and KPSS tests. Nonlinearity
testing was conducted using the Terdsvirta test to justify the use of nonlinear machine learning
methods. The operational definitions and measurement scales of the variables used in this
study are presented in Table 1.

Table 1. Operational Definition and Measurement Variables
Variables Operational Definition Variable Type Measurement / Scale

Rupiah The value of 1 USD in Rupiah as . .
exchange rate Dependent Continuous numeric
. recorded on the JISDOR on a . .
against USD articular da variable (Rupiah scale)
(JISDOR) p Y
Lagged exchange rates (JISDOR t-
lag exchange rates), domestic Numerical continuous;
Variable interest rates, inflation, US Independent some are transformed to
Predictor interest rates, trade balance, etc. variables log, or differentiated if not
(depending on the available data stationary.
we use)
SVR hyperparameters such as C Numerical
Parameter SVR  (penalty parameter), € (epsilon) Model values/hyperparameters,
: ’ variables selected through

kernel type (e.g. RBF) optimization

Network structure of Artificial
Neural Network including the

) Model Numeric and categorical
ANN number of hidden layers, number . cares
. comparison  values determined through
Architecture of neurons per layer, and . . .
variable architecture tuning

activation functions (e.g., ReLU,
tanh)

2. Support Vector Regression (SVR)

The Support Vector Regression (SVR) model was developed using several nonlinear kernel
functions, namely Radial Basis Function (RBF), Polynomial, and Sigmoid kernels. The optimal
model was selected based on the smallest Root Mean Squared Error (RMSE) and Mean Absolute
Percentage Error (MAPE). Support Vector Regression (SVR) is a modification of the Support
Vector Machine (SVM) used to solve regression problems by finding the best regression
function that minimizes error and maximizes margin (Saputra et al.,, 2019).

The effectiveness of Support Vector Regression (SVR) is strongly influenced by the type of
kernel function selected during model construction. The chosen kernel plays a crucial role in
handling data nonlinearity, particularly in high-dimensional feature spaces (Du et al., 2024;
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Wang et al,, 2020). A kernel function essentially represents an inner product in a transformed
feature space, expressed as ¢(x;) - ¢(x), and can be formulated as:

K(x,x) = ¢ (x) - p(x) (1)

This formulation allows the SVR regression function to be expressed as:

yi=f0) = ) (@ = @)K (xx) + b 2)
i=1

where a; and «a; are the Lagrange multipliers, K (x;, x) represents the kernel function, and b is
the bias term. Proper tuning of kernel parameters is essential, as it directly affects the model’s
predictive accuracy. Table 2 provides an overview of several kernel functions that are
commonly applied in SVR modelling (Galena et al., 2025).

Table 2. Common Kernel Functions in SVR

Kernel Type Formula Description
Linear K(x;,x) = xx Uses the dot product directly in the input space.
K(x;,x) = (yxlx . . . . :
. p  Captures polynomial relationships with adjustable
Polynomial + r)
’ degreep.
p=12,..
Radial Basis Function K(x;,x) = exp(—yl|lx; Handles nonlinear patterns effectively in high-
(RBF) —x|D? dimensional spaces.

K(x;,x) = tanh(yxlTx Uses the hyperbolic tangent function, producing

Sigmoid +7) outputs between -1 and 1.

In this context, tanhis a hyperbolic function that maps values between -1 and 1, yis a kernel
parameter that controls sensitivity to input differences, and Tdenotes the transpose operator
of a matrix. The primary objective of hyperparameter tuning is to determine the most effective
combination of parameters that yields the highest prediction accuracy on the test dataset. Grid
search is a widely used method for this purpose, but it often requires significant computational
time due to its exhaustive search process. To improve efficiency, the grid search strategy is
typically executed in two stages: aloose grid stage and a finer grid stage (Purnama & Hendarsin,
2020).

In the loose grid stage, candidate hyperparameters are selected from a coarse set of integer
power values to provide a broad overview of the parameter space. Once a promising region is
identified, the finer grid stage focuses on searching around those candidate values in smaller
intervals. This two-stage approach enables more precise tuning while reducing unnecessary
computation, resulting in a more efficient model optimization process (Zhang & O’Donnell,
2020).
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3. Artificial Neural Network (ANN)

The Artificial Neural Network (ANN) model was constructed using feedforward neural
network architectures with one and two hidden layers. Several neuron combinations and
activation functions (Logistic, ReLU, and Tanh) were evaluated to determine the best-
performing architecture. Data normalization was applied before model training to improve
convergence stability. The optimal ANN architecture was selected based on prediction accuracy
on testing data. In general, the ANN function can be written as follows:

y=f (Z Inox; + b) (3)

with x; as input, In; weight, b bias, andf (:)nonlinear activation functions such as sigmoid,
RelLU, or tanh.

ANN is a computational approach inspired by the structure and learning mechanisms of the
human brain, consisting of interconnected neurons capable of modeling nonlinear
relationships between variables (Abdolrasol et al, 2021), (Pusporani et al., 2022). The
architecture of an ANN model is generally determined by three main components, namely the
network structure, learning algorithm, and activation function. Various activation functions
that can be used to generate the output are presented in Table 3.

Table 3. Activation Functions in ANN

Activation

. Equation Description
Function
Linear / Identit f(x) = x The output is directly proportional to the input, commonly
Y - used for regression tasks.
Hyperbolic Tangent () = tanh(x) Maps input values into the range of -1 to 1, often used in
(Tanh) - hidden layers to capture nonlinearity.
Sigmoid f(x)=1/(1+ Maps input values into the range of 0 to 1, useful for

exp(-x)) probabilistic outputs.

The architecture of an ANN model is determined by three key components: the network
structure, the learning algorithm, and the activation function. Some of the various kinds of
activation functions that can be used to get the output can be seen in Table 3. Backpropagation
(BP), a popular learning technique in Artificial Neural Networks (ANN), effectively computes
gradients by using the chain rule. In order to generate outputs, input signals go through the
network in the feedforward phase of BP. In the backward phase, mistakes are calculated and
propagated back to modify the network weights. ANN can reduce prediction errors and
enhance performance over iterations because to this process (Farizawani et al, 2020),
(Abdolrasol et al., 2021).

One of the most common network architectures is Feedforward Neural Network (FFNN),
which is composed of an input layer, one or more hidden layers, and an output layer. The output
of the FFNN can be expressed as:
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- : )
ye=f0qvo + v f (Z Wiky(t—p)> (4)

k=1

where v, represents the weight of the k" neuron in the hidden layer, w;, denotes the weight
of the i*" input connected to the k** hidden neuron, and f"*(-)and f°(-)are the activation
functions for the hidden and output layers, respectively (Pusporani et al., 2019).

In addition to FFNN, deeper architectures such as Deep Learning Neural Network (DLNN)
use multiple hidden layers to improve representation learning and handle more complex
patterns. ANN as a field originated in the 1940s, with the first practical implementation in the
late 1950s through the perceptron network. It gained further momentum in 1988 when the BP
algorithm was developed, addressing early criticisms from Minsky and Papert. Today, ANN is
recognized as a powerful nonlinear estimation tool capable of learning complex functional
relationships from data.

4. Model Comparison and Evaluation

The model was then validated using test data with evaluation metrics such as Root Mean
Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). This evaluation method
aligns with previous research that emphasizes the importance of comparing accuracy using
more than one error measure for more robust results (Andreas, 2025). The formula for
calculating MAPE is as follows:

n
t=1

Ve — It
Yt
n

MAPE = X 100% (5)

where y, is the actual value at time t, and y; represents the predicted value at the same time.
Based on the MAPE analysis, the interpretation of forecasting accuracy levels is as follows Table
4,

Table 4. Criteria MAPE

MAPE Value Criteria

MAPE <10% Very Accurate
10 < MAPE < 20% Accurate
20 < MAPE < 50% Less Accurate

MAPE > 50% Not Accurate

Furthermore, while the Root Mean Squared Error (RMSE) gauges the average magnitude of
prediction mistakes, the Mean Squared Error (MSE) shows the average of the squared
disparities between the predicted and actual values. Lower MSE and RMSE values indicate
better model performance and higher prediction accuracy. The formula for calculating MSE and
RMSE is as follows:
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MSE = 1i( AE
~ Ve — Vi) (6)
t=1

RMSE = VMSE

The methodology used in this study is expected to address the literature gap regarding
JISDOR exchange rate prediction using a machine learning approach. Most previous studies
have been limited to the use of ARIMA or ANN models, while research on the application of SVR
to the JISDOR exchange rate is still relatively rare in the Indonesian literature (Mubarok et al.,
2024; Sari et al,, 2025). Therefore, this study contributes to broadening the understanding of
the effectiveness of SVR while comparing it with traditional approaches. This study can provide
theoretical benefits for the development of exchange rate forecasting methods and practical
benefits for policymakers and financial market players in Indonesia.

C. RESULT AND DISCUSSION
1. Exploratory Data Analysis

Data exploration was carried out to obtain a plot of the JISDOR exchange rate data for the
period January 2023 to January 2025, which is shown in Figure 2.

16500 1

16250 1

16000 A

15750 1

15500 1

15250 A

15000 4

14750 1

Figure 2. Plot of [ISDOR Exchange Rate Data for the Period January 2023 to January 2025

Based on Figure 2, the JISDOR exchange rate data from January 2023 to January 2025 shows
relatively stable fluctuations with short-term upward and downward trends. This pattern
indicates the presence of nonlinear characteristics in the data. To confirm this, the Terasvirta
test was conducted, as shown in Table 5.

Table 5. Terasvirta Test Results

Data Test Statistics P-Value
JISDOR F=11,021 0,00002078

The Terdsvirta test results show that the JISDOR data from January 2023 to January 2025
exhibits a nonlinear pattern, as indicated by a significance value (p-value) of less than 0.05.
Therefore, this study employs Support Vector Regression (SVR) and Neural Network (NN)
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methods, both of which are capable of capturing nonlinear and complex relationships in time
series data. Next, a lag analysis is carried out, which is shown in Figure 3.
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Figure 3. PACF Plot for Determining the Influential Lag

Figure 3 indicates that the first lag (yt-1) is the only one with a substantial influence,
indicating that the observation data from the first time period is not employed. In SVR modeling,
the data division yt for training data begins at t = 2 to t = 477, and for testing data, it begins at t
=478 to t =496. These findings support previous studies stating that exchange rate movements
are highly nonlinear and volatile, making machine learning approaches more suitable than
conventional linear models for capturing complex market behavior.

2. Support Vector Regression (SVR)

Based on the results of data exploration, nonlinear kernel functions such as the Radial Basis
Function (RBF), Polynomial, and Sigmoid were applied to construct the SVR model, as the data
exhibited nonlinear characteristics. Next, a comparison of the SVR Kernel is carried out, which
is shown in Table 6.

Table 6. Initial Modeling of SVR with Nonlinear Kernel Function

Kernel Functions Parameter RMSE MAPE
Radial Basis Function (RBF) Cost(C) =1 59.79239 0.28%
Polynomial Gamma (y) =1 204.4671 1.09 %
Sigmoid Epsilon (¢) =0,1 9358.881 52.25 %

From the comparison results of the three kernels used in SVR, the RBF kernel provided the
best performance with the smallest RMSE of 59.79 and MAPE of 0.28%, so it was selected as
the optimal kernel. This result indicates that the RBF kernel is more effective in capturing
nonlinear exchange rate patterns compared to Polynomial and Sigmoid kernels. Next, SVR
parameter optimization is based on the Grid Search Optimization Method, as shown in Table 7.

Table 7. Loose Grid Method Parameter Value Range

Parameter Value Range
Cost (C) 275, 2-4:2-3;,..; 25; 26; 27

Gamma (y) 2-7;276;...; 24; 25

Epsilon (€) 0;0,01;..;0,99; 1

Table 7 presents the parameter ranges used in the loose grid stage, while the optimal results
obtained are shown in Table 8.
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Table 8. Optimal Parameter Values at the Loose Grid Stage

Parameter Parameter Optimal
Cost (€) 25

Gamma (y) 2-7

Epsilon (€) 0

The next stage is to use the finer grid stage to fine-tune the parameters after determining
the best SVR model parameters in the loose grid stage. The finer grid is a further stage of the
loose grid that aims to obtain optimal values. C, ¢, and y optimal in the vicinity of the SVR
parameter values at the loose grid stage. The range of parameter values used at the finer grid
stage to obtain optimal parameter values for the parameters C, ¢, and y are presented in Table
0.

Table 9. Parameter Value Range of Finer Grid Method

Parameter Value Range
Cost (C) 242425, | 2575;26
Gamma (y) 2-8; 2-775; ,.,; 2-625;2-6

Epsilon (€) 0

The range of parameter values within the ideal parameter values at the loose grid stage is
displayed in Table 9. The ideal values for the finer grid stage will be established using these
values. Parameter selection is carried out at the finer grid stage C and y with parameter values
€ based on the previous stage, namely the loose grid stage. In addition, the range of optimal
parameter values, especially in selecting the value C and y that is, the power value is within the
optimum parameter range of the loose grid stage. The lowest error value is used to determine
the ideal parameter selection. The grid search method's ideal parameters for the finer grid stage
are shown in Table 10 as follows.

Table 10. Parameter Value Range of Finer Grid Method

Parameter Parameter Optimal
Cost (€) 255

Gamma (y) 2-8

Epsilon (€) 0

Table 10 shows the optimal SVR parameters used to determine prediction accuracy. The
prediction accuracy results of the SVR model after tuning are presented in Table 11.

Table 11. SVR Model Prediction Accuracy Results After Tuning

RMSE MAPE Information
59.60527 0.28% The prediction results are very accurate

Based on Table 11, the SVR model for training data with the RBF Kernel function has a high
level of accuracy in modeling the JISDOR value as shown in the graph presented in Figure 3.
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Figure 4. Plot of SVR Model Predictions After Tuning

Based on Figure 4 and Table 11, it shows that the model with the best parameters is the
model after tuning with parameter values C =45.25483, ¢ =0, and y = 0.00390625. Calculations
to obtain the model with the help of the R program, obtained the value w amounting to
118.8895 and the value b of -0.1600989. So the SVR model equation is written as follows.

9, = 118.8895 exp (—0.00390625| |x; — x||*) — 0.1600989

Next, prediction of testing data is carried out with SVR which is displayed in Table 12.

Table 12. SVR Model Prediction Accuracy Results for Testing Data

Model Type RMSE MAPE
Data Testing 43.48656 0.22 %

Table 12 shows that the SVR model successfully predicted the testing data with high
accuracy. This is because the SVR model's testing data prediction results had a minimum RMSE
value of 43.48656 and a MAPE value of 0.22%, which is categorized as less than 10%. These
results indicate that the optimized SVR model has strong generalization capability and can
accurately predict JISDOR exchange rate movements. The findings are consistent with previous
studies by Zhang and Jazayeri, which reported that SVR performs effectively in forecasting
highly volatile financial time-series data. However, this study extends previous research by
specifically applying optimized SVR to the Indonesian JISDOR exchange rate context, which
remains limited in the literature. This means the SVR model was able to predict the testing data
with high accuracy. A visualization of the SVR model's testing data prediction results is
presented in Figure 5.
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Figure 5. Plot of SVR Model Prediction Based on Testing Data

Based on Figure 5 and Table 12, the prediction results with testing data show a very high
level of accuracy in the JISDOR value so that the SVR method can be used as a comparison with
other methods such as ANN.

3. Artificial Neural Network (ANN)

Based on the results of data exploration, the exchange rate data exhibited a nonlinear
pattern, making the Artificial Neural Network (ANN) approach suitable for capturing complex
relationships within the data. Then, before being fed into the model, the data is normalized to
the range [0.1, 1]. This ensures that the value scale is not too large, thus ensuring a more stable
neural network learning process and faster convergence. Once the predictions are obtained, the
results were denormalized back to their original scale so that they could be directly compared
with the actual exchange rate values, as shown in Table 13.

Table 13. Data Training Transformation Results

yt yt-1 yt_transform yt-1_transform
15590 15572 0.57218 0.563308
15615 15590 0.584502 0.57218
15610 15615 0.582037 0.584502
15635 15610 0.594359 0.582037
15574 15635 0.564294 0.594359
15589 15574 0.571687 0.564294
15527 15589 0.541128 0.571687
15366 15527 0.461774 0.541128
15177 15366 0.36862 0.461774
15019 15177 0.290745 0.36862
16159 16270 0.852629 0.907338
16208 16159 0.876780 0.852629
16251 16208 0.897974 0.876780
16162 16251 0.854107 0.897974

16157 16162 0.851643 0.854107
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Next, model was tested using various combinations of network architectures, consisting of
different numbers of hidden layers, neurons in each hidden layer, and activation functions. This
process aimed to determine the best configuration for achieving optimal prediction
performance. The following Table 14 presents the architecture combinations used in the initial
modeling stage.

Table 14. Initial Modeling of ANN

Hidden Neurons in Hidden Layer Activation

Layer Function
1 (5),(10), (50), (100), (1000)
(5,5), (5,10), (5,50), (5,100), (5,1000), (10,5), (10,10), (10,50), (10,100), Logistic
2 (10,1000), (50,5), (50,10), (50,50), (50,100), (50,1000), (100,5), ReLU
(100,10), (100,50), (100,100), (100,1000), (100,5), (100,10), Tanh

(100,1000), (1000,5), (1000,10), (1000,50), (1000,100), (1000,1000)

Based on Table 14, the tested network architectures consist of models with one and two
hidden layers. These structures can be illustrated in Figure 6 and Figure 7:

input layer hidden layer  output layer

ooy

S

Figure 6. ANN Architecture with One Hidden Layers

Figure 6 represents one example of the neurons in hidden layer structure, specifically for a
model with a single hidden layer. Based on Figure 5, the structure of an ANN consisting of three
main layers: the input layer, hidden layer, and output layer. The input layer contains a single
neuron representing the variable y;_;. The signal from this neuron is transmitted to the hidden
layer, which consists of five neurons (m,;,m,,...,ms) that process and extract nonlinear
patterns from the data. In this figure, the neurons labeled m, to ms correspond to the number
of neurons contained in the hidden layer. If the hidden layer consists of 10, 100, or more
neurons, the notation will follow accordingly, becoming m, to m;,, m; to m;¢o, and so on. The
processed information is then passed to the output layer with a single neuron (y,) that
produces the predicted value. Each layer is equipped with a bias term, namely b, for the hidden
layer and b, for the output layer, which helps adjust the neuron activation to allow the model
to learn data patterns more flexibly and accurately.
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input layer hidden layer output layer

Figure 7. ANN Architecture with Two Hidden Layers

Similarly, Figure 7 shows another example of the Neurons in Hidden Layer structure, but
for a model with two hidden layers. Based on Figure 6, the structure of an ANN consisting of
one input layer, two hidden layers, and one output layer. The input y;_; is processed through
two hidden layers, each containing neurons with their respective weights and biases (b4, b,, b3).
The first hidden layer produces outputs from neurons m; to msg, which are then passed to the
second hidden layer (n; to n,q), before generating the final output y; in the output layer. The
notation m and n follows the number of neurons in each hidden layer, where m represents the
neurons in the first hidden layer and n represents the neurons in the second hidden layer. If the
number of neurons in the hidden layers increases to 10, 100, or more, the notation will expand
accordingly, such as m; to m;, or m; to myy, in the first layer, and n; to n,y or ny to n,, in the
second layer. This structure enables the network to learn more complex nonlinear
relationships between inputs and outputs.

Based on the analysis results with the help of Python software, the results obtained were
that the best activation function is Tanh which is known to effectively capture complex
nonlinear patterns and the best architecture is two hidden layers with 1000 and 50 neurons.
This indicates that the model performs best when the network is sufficiently deep, allowing it
to better capture the fluctuation patterns of the JISDOR exchange rate.

Based on the results of the neural network model testing, the RMSE value obtained for the
training data was 59.545 and for the testing data was 49.717. RMSE indicates the average error
of the model's predictions against the actual data in the same units as the data, namely the
JISDOR exchange rate. A smaller RMSE value for the testing data compared to the training data
indicates that the model has good generalization capabilities. In other words, the prediction
error rate for new data (testing) is actually lower than for the training data, so the model does
not experience symptoms of overfitting. Furthermore, the evaluation results with MAPE
showed a value of 0.282% for the training data and 0.251% for the testing data. MAPE measures
relative error as a percentage. The very small MAPE value, which is less than 1%, for both the
training and testing data, proves that the neural network model has a very high level of
prediction accuracy and the prediction results can be said to be very close to the actual JISDOR
value. The following is a plot of the ANN model’s predictions based on the test data, as shown
in Figure 8.



Elly Pusporani, Exchange Rate Prediction of Rupiah... 1455

16350
|

data_nn$yt
16300
1

16250
|

16200
|

—— Data Testing
— NN Testing
T T T

5 10 15

Index

Figure 8. Plot of ANN model prediction based on testing data

Based on Figure 8, the prediction results using the testing data demonstrate a very high
level of accuracy in estimating the JISDOR value. This indicates that the Artificial Neural
Network (ANN) method can serve as a valid comparison to the SVR method in predicting
JISDOR exchange rate fluctuations. The findings demonstrate that the ANN model was able to
effectively identify nonlinear patterns in the exchange rate data and generate highly accurate
forecasts. However, when compared with SVR, the ANN approach produced slightly higher
prediction errors, indicating that SVR provided more stable and reliable performance for the
JISDOR dataset analyzed in this study. These results are consistent with previous studies
reporting that ANN performs well in forecasting financial time-series data characterized by
nonlinear relationships. Nonetheless, the present study suggests that an optimized SVR model
may achieve better generalization capability for exchange rate prediction, particularly when
using relatively limited predictor variables.

4. Model Comparison and Evaluation
The following are the prediction accuracy results for the SVR and ANN models, as shown in

Table 15.

Table 15. Prediction Accuracy Results of SVR and ANN Models

Model Type RMSE MAPE
Support Vector Regression 43.48656 0.22 %
Artificial Neural Network 49.71652 0.25%

Table 15 shows that both methods, Support Vector Regression (SVR) and Artificial Neural
Network (ANN), are able to provide highly accurate prediction results for the JISDOR exchange
rate data. However, the SVR method shows a better level of accuracy than ANN. This is indicated
by the lower RMSE value (43.49) and smaller MAPE (0.22%) in SVR compared to ANN which
has an RMSE of 49.72 and a MAPE of 0.25%. Both models also do not experience overfitting
problems, because the MAPE value in the testing data is lower than in the training data, so it
can be concluded that both SVR and ANN have good generalization capabilities. However, SVR
is superior in modeling JISDOR exchange rate data compared to ANN because it produces
smaller prediction errors and higher accuracy, as shown in Figure 9.



1456 | JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 10, No. 4, Ocfober 2026, pp. 1440-1458

— Actual Data
—— SVR Prediction
_| —— ANN Prediction

JISDOR Value
16300 16350
1

16250
1

16200
I

Index

Figure 9. Comparison of Actual, SVR, and ANN Prediction Results

Figure 9 presents a comparison between the actual JISDOR exchange rate data and the
predicted results generated by the Support Vector Regression (SVR) and Artificial Neural
Network (ANN) models. The black line represents the actual data, while the red and blue lines
correspond to the SVR and ANN predictions, respectively. It can be observed that both models
closely follow the actual data trend, indicating a high level of prediction accuracy. The SVR
model’s prediction line appears slightly closer to the actual data compared to the ANN,
suggesting that SVR produces smaller prediction errors and better captures the JISDOR
exchange rate movement pattern.

This finding directly addresses the research gap identified in the introduction regarding the
limited application of optimized SVR for JISDOR exchange rate prediction in the Indonesian
context. The results are also consistent with previous studies showing that nonlinear machine
learning approaches tend to outperform conventional forecasting methods in capturing
complex financial time-series dynamics. From a practical perspective, the high predictive
accuracy of the SVR model may support monetary authorities, investors, and business actors in
improving exchange rate risk management and short-term financial decision-making under
volatile market conditions. Nevertheless, this study is still limited by the use of lagged exchange
rate variables and a relatively short observation period, so future studies are recommended to
incorporate broader macroeconomic indicators and hybrid volatility-based models such as
GARCH-SVR to improve forecasting robustness.

D. CONCLUSION AND SUGGESTIONS

This study demonstrates that a Support Vector Regression (SVR) model with a deeply
optimized RBF kernel can predict the Rupiah exchange rate against the US Dollar based on
JISDOR data with high accuracy, achieving an RMSE of 43.49 and a MAPE of 0.22%. SVR
outperforms the Artificial Neural Network (ANN) model, which recorded an RMSE of 49.72 and
MAPE of 0.25%, confirming the superiority of SVR in both accuracy and generalization for this
forecasting task. The success of the SVR model opens up opportunities for applying similar
methods to assist monetary policy decision-making and exchange rate risk management in
Indonesia. Nevertheless, this study has several limitations: the data is restricted to the January
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2023-January 2025 period, which may not fully capture longer-term structural exchange rate
dynamics, and the model relies solely on historical JISDOR values without incorporating
exogenous macroeconomic variables such as inflation rates, interest rate differentials, or
commodity prices that are known to influence exchange rate movements. For future research,
itis recommended to extend the observation period to cover a longer time horizon, incorporate
relevant macroeconomic and external variables as additional input features, and explore hybrid
models that combine SVR with GARCH-family models to better capture the heteroscedasticity
inherent in foreign exchange market volatility.
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