CAUCHY - Jurnal Matematika Murni dan Aplikasi
Volume 10 (2) (2025), Pages 986-997
p-ISSN: 2086-0382; e-ISSN: 2477-3344

Forecasting Indonesia’s Composite Stock Price Index with
Semiparametric Cubic and Local Gaussian Polynomials

Mita Kornilia Dewi* and Nanang Susyanto

Department of Mathematics, Gadjah Mada University, Indonesia

Abstract

The Composite Stock Price Index (CSPI) serves as a crucial indicator for assessing the
performance of the Indonesian capital market, reflecting both economic conditions and investor
confidence. Its movements are influenced by macroeconomic factors such as exchange rates,
inflation, interest rates, and commodity prices, including oil and gold. Parametric models
often fail to capture nonlinear patterns, whereas nonparametric approaches lack efficiency and
interpretability. To address this gap, this study develops a semiparametric regression model
that integrates a cubic polynomial for parametric effects with local polynomial estimators
using Gaussian kernels for nonparametric effects. The results show that the semiparametric
model is effective, yielding an MSE of 0.569747, a MAPE of 8.60%, and an R? of 85%. This
confirms its ability to capture nonlinear dynamics in the stock market. Moreover, the model
provides accurate forecasting and practical insights for investors in portfolio strategies as well
as for policymakers in managing financial market stability.
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1 Introduction

The Composite Stock Price Index (CSPI) is a leading indicator that reflects the movements of
share price of all companies listed on the Indonesia Stock Exchange [1]. This index is widely
utilized by market participants as a benchmark to evaluate macroeconomic conditions and to
gauge investor confidence in the stability of financial markets [2]. Several economic variables,
including inflation, interest rates, exchange rates, and global commodity price such as oil and
gold, are known to significantly influence fluctuations in the CSPI [3].

The CSPI and its relationship with various macroeconomic variables have been modeled in
numerous previous studies using classical statistical approaches, such as multiple linear regression
and the Partial Adjustment Model (PAM) [4]. While these methods effectively capture linear
relationships, they exhibit limitations when addressing the nonlinear patterns inherent in capital
market data. As an alternative, nonparametric approaches, such as kernel-based methods, have
been adopted owing to their flexibility in modeling nonlinear relationships among economic
variables. This is evident in studies that reveal varying relationships between inflation and
sectoral stock indices across economies experiencing different inflationary pressures [5]. However,
nonparametric models often encounter challenges related to the interpretability of coefficients
and estimation efficiency, particularly when dealing with relatively small sample sizes [6].
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To address the limitations of both approaches, semiparametric regression has emerged as a
robust solution that combines the strengths of parametric and nonparametric models within a
unified analytical framework. This method enables explicit interpretation of parameters through
the parametric component, while simultaneously providing the flexibility to capture nonlinear
relationships through the nonparametric component [7], [8]. The use of this approach has
gained increasing attention, particularly through the application of combined estimators such as
truncated splines and Fourier series, which have demonstrated improved estimation accuracy
in the analysis of longitudinal data and complex time series [9]. In practical applications,
semiparametric regression has also been successfully employed in various economic studies,
including modeling life satisfaction as influenced by factors such as country, age, and gender;
estimating property price; and forecasting inflation rates [10], [11], [12].

The effectiveness of semiparametric regression extends beyond economics, having also been
demonstrated across diverse social and environmental contexts. For example, a time series
semiparametric regression model based on least-squares spline estimation has been applied
successfully to predict agricultural production in Indonesia [13]. Similarly, the multiresponse
approach based on local polynomial methods has shown reliable performance in analyzing complex
socio economic data [14]. Furthermore, semiparametric models have been utilized to model
various environmental phenomena, including rainfall, air temperature, and COVID-19 related
mortality [15], [16], [17].

However, previous semiparametric research has primarily focused on spline and Fourier series
approaches. Although effective, these methods have limitations [18], [19], [20]. The spline
approach is sensitive to the number and placement of knots, making it prone to overfitting
and underfitting. Meanwhile, Fourier series are more suitable for seasonal or periodic data
patterns but are less adept at capturing random and irregular market fluctuations. To date, the
application of more adaptive combinations of parametric and nonparametric components remains
limited, especially within the context of the Indonesian stock market [21], [22].

To the best of our knowledge, no previous research has specifically applied a semiparametric
regression approach combining cubic and local polynomials with Gaussian weighting functions to
predict the movement of the CSPI in Indonesia. Cubic polynomials were selected for their ability
to capture complex nonlinear patterns more effectively than lower-order polynomials, while still
maintaining interpretable coefficients [23]. Concurrently, local polynomials with a Gaussian
kernel were utilized to generate smooth, adaptive estimates at each data point without imposing
a specific global structure [24]. This integrated approach is hypothesized to offer advantages over
traditional spline or Fourier methods by effectively balancing global interpretability with local
flexibility [25].

2 Materials and Methods

This study utilizes secondary data comprising 4,813 daily observations retrieved from Yahoo
Finance, covering the period from February 1, 2005, to November 25, 2024. With such extensive
temporal coverage and high-frequency data, this research represents one of the more comprehensive
studies in the context of the Indonesian stock market. The research data employed are summarized
in Table 1.

Table 1: Research Variables

Symbol Variable Type Variable Unit
Y Response CSPI Points
1 Parametric Exchange Rate  IDR/USD
T2 Nonparametric Oil price USD/Barrel
3 Nonparametric Gold price USD/Ounce
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The selection of predictor variables is based on both theoretical considerations in economics
and the statistical characteristics of their relationship with the Jakarta Composite Index (CSPI),
the response variable. From an economic perspective, exchange rates play a crucial role in
determining international trade competitiveness and influencing foreign capital flows, thereby
directly impacting capital market performance. Given the tendency for a linear relationship
between the exchange rate and the CSPI, the exchange rate is modeled as a parametric component.

In contrast, world oil price and gold price are dynamic global economic indicators that tend
to exhibit nonlinear relationships with stock market movements. Oil price can influence both
production costs and inflation rates, while gold price are often perceived as safe-haven assets
during periods of economic uncertainty. Owing to the complexity and potential nonlinearity
in their relationship with the CSPI, these variables are modeled as nonparametric components,
allowing greater flexibility in capturing their patterns.

This study employs a semiparametric model that integrates cubic polynomial parametric
regression with local polynomial nonparametric regression using a Gaussian kernel function. The
model is specified as follows:

10 N2
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where:
Yi response variable of the i-th observation,
51, 82,P3 : parameters for the parametric component of xq,
Ta . evaluation point of x5 used to predict y;,
T3 : evaluation point of x3 used to predict y;,
Q; :  parameters for the nonparametric component of xs,
Vi :  parameters for the nonparametric component of x3,
K : kernel function,
ho, hs :  bandwidths of the kernel function,
€ :error term of the i-th observation, assumed to follow N(0,0?).

The general form of the semiparametric model is as follows [26]:

yi = f(xg; B) +m(zi) + e, i=1,2,...,n, (2)

where:

Yi : response variable of the i-th observation,

T; :  predictor variable associated with the parametric component,

Zi : predictor variable associated with the nonparametric component,

f(z;;8) ¢ parametric regression function of x; with parameter vector 3,

m(z;) :  nonparametric regression function of z;,

€ . error term, assumed to follow N(0,0?).

The model comprises two main components to be estimated: the parametric parameters
and the nonparametric regression function. Estimation proceeds sequentially, starting with the
parametric component using the Least Squares Method, which minimizes the sum of squared

eIrors:
n

SB) =" (yi — flais 8)°. (3)

i=1
The estimated parametric regression function:

i = f(zi;B). (4)
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Next, the nonparametric regression function m(-) is estimated without assuming an explicit
functional form, typically through kernel-based local polynomial regression. At a given point x*,
m(x) is locally approximated by a degree-p polynomial, leading to the following estimator:

() = do(a*) = ef (X"KX) "X Ky, (5)

where K (-) denotes the kernel function, commonly chosen as the Gaussian kernel.

A critical aspect of kernel regression is the selection of the bandwidth parameter (h), which
governs the trade-off between bias and variance in the estimation. If A is too small, the estimator
becomes excessively sensitive to noise, leading to overfitting, whereas a large h oversmooths the
data and conceals important local patterns. Therefore, bandwidth selection plays a central role
in ensuring reliable nonparametric estimation.

In this study, the model was implemented using 5-fold cross-validation, in which the dataset
is divided into five nearly equal folds [27]. In each iteration, four folds are used for training to
estimate model parameters, while the remaining fold serves as the test set, and the process is
repeated so that each fold acts as a test set once. The optimal bandwidth is determined through
this data-driven approach to minimize estimation error. Alternatively, a rule-of-thumb formula
can be used:

h=1.06-6-n"'° (6)

where 6 is the standard deviation of the predictor and n is the sample size [28]. To ensure
robustness, a sensitivity analysis is conducted to evaluate how variations in h affect the stability
and accuracy of the regression estimates.

Finally, the semiparametric regression model combines both components as follows:

A

Ui = f(z) +m(z), i=1,2,...,n, (7)

where f(z;) derives from § and m(z;) is estimated via local smoothing. This approach inte-
grates the structural interpretability of parametric models with the flexibility of nonparametric
techniques to capture nonlinear relationships.

3 Results and Discussion

Based on the model structure outlined in the previous section, the next step involves applying
the estimation procedure to the research data. The results of the analysis are presented in this
section, beginning with the descriptive statistics for each variable. A summary of the descriptive
statistics is provided in Table 2.

Table 2: Descriptive Statistics of Variables

Variable Minimum Median Mean Maximum
CSPI (points) 995 4,832 4,491 7,905
Exchange Rate (IDR/USD) 888 12,023 12,023 16,505
Oil Price (USD/Barrel) -38 72 72 145
Gold Price (USD/Ounce) 413 1,306 1,336 2,788

Based on Table 2, the movements of the CSPI, exchange rate, oil prices, and gold prices during
2005-2024 exhibit a relatively stable long-term trend, although they remain highly influenced by
global turmoil. The CSPI followed a symmetric upward trajectory, while the rupiah exchange rate
depreciated to 16,505 IDR/USD in March 2020 as a consequence of the COVID-19 pandemic. The
sharpest volatility occurred in oil prices, which briefly turned negative in April 2020, reflecting
the steep decline in global energy demand. In contrast, gold maintained a consistent upward
trend, reaching USD 2,788 per ounce, thereby reinforcing its role as a safe-haven asset amid
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uncertainty. Overall, these dynamics highlight the sensitivity of the Indonesian market to global
crises, particularly the COVID-19 pandemic.

To address differences in measurement scales across variables, this study applies data stan-
dardization using the Z-score method. This approach transforms each variable to have a mean of
zero and a standard deviation of one, ensuring a balanced contribution of all variables in the
model analysis [27]. Following normalization, the next step is to visualize each variable over the
period from February 1, 2005, to November 25, 2024, as presented in Fig. 1.

Variable

— C8Pl

— Exchange Rate
Gold Price
Qil Price

Z-score

2005 2010 2015 2020 2025
Years

Figure 1: The relationship between variables and the Z-score

The Z-score visualization illustrates the relationship between the CSPI, exchange rate, oil,
and gold over the period 2005-2024. The CSPI generally followed an upward trajectory in a
relatively symmetric pattern, although it experienced notable declines during the 2008 global
financial crisis and the 2019-2020 COVID-19 pandemic. The rupiah tended to depreciate against
the US dollar and exhibited an inverse relationship with the CSPI through foreign capital flows
and market responses to global uncertainty. Meanwhile, oil prices displayed considerably higher
volatility than the CSPI, with sharp declines in 2008 and even negative values in April 2020 due
to the collapse in global energy demand.

Gold prices, in contrast showed a consistent upward trend as a safe-haven instrument,
particularly during crisis periods such as 2008 and 2020 when the CSPI declined. This pattern
reflects a shift in investment allocation from risky assets to safer ones. Overall, the correlations
between the CSPI, exchange rate, oil, and gold highlight the sensitivity of the Indonesian capital
market to global dynamics and underscore the importance of considering external factors in
investment analysis.

Subsequently, the variables are standardized using K-fold cross-validation to normalize their
scales, ensuring stable and accurate estimation. The optimal polynomial order and bandwidth are
then determined using the Generalized Cross-Validation (GCV) criterion. Table 3 summarizes
the GCV values for polynomial orders at the 0.10 bandwidth.
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Table 3: GCV Values for First-Order Polynomial
Bandwidth Order GCV

0.10 1 2.8262
0.10 2 2.8381
0.10 3 2.8500
0.10 4 2.8620
0.10 ) 2.8740
0.10 6 2.8862
0.10 7 2.8984
0.10 8 2.9107
0.10 9 2.9231
0.10 10 2.9355

The minimum GCYV is attained at order 1 with a bandwidth of 2.8262, indicating the best
bias-variance tradeoff. Fig. 2 visualizes the GCV across bandwidths and orders, showing that
smaller bandwidths and lower orders generally yield better performance.
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Figure 2: GCV Plot Across Polynomial Orders

Estimated parameters for the parametric and nonparametric components are shown in Tables 4
and 5, respectively.

Table 4: Parametric Parameters of Exchange Rate

Parameter Estimate

N

Bo -0.089266
B 0.904031
B, 0.087649
B3 -0.067659
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Table 5: Nonparametric Parameters of Oil and Gold price

J q; || k Yk
0 | —0.118143 0 0.325147
1 0.476209 1 0.772789
2 0.599326 2 | —1.223115
3 | —0.188590 3 | —0.261291
4 | —0.368967 4 0.928090
5 0.055631 5 | —0.144415
6 0.067410 6 | —0.273105
7 | —0.007804 7 0.103602
8 | —0.004835 8 0.019076
9 0.000388 9 | —0.014647
10 0.000108 || 10 0.001889

While the primary focus of this study is a semiparametric model combining cubic and local
polynomials, its performance is also benchmarked against the ARIMAX time series model.
In addition, the model is compared with a Long Short-Term Memory (LSTM) network. This
comparison evaluates the effectiveness of the proposed model against methods specifically designed
to handle temporal dependencies.

The ARIMAX model (Autoregressive Integrated Moving Average with Exogenous Variables)
is used in the form ARIMAX(1,1,1), which combines autoregressive, differentiation, and moving-
average components, as well as involving exogenous variables [29]. The general form of the model
used is

Yr = p+ O1yt—1 + 01641 + PBrwe + Powar + B3z + &, (8)

where p is the constant, ¢1 and 6 are the first-order AR and MA parameters, respectively, 5; is
the coefficient of the exogenous variable x;;, and ¢; is the error term.

Additionally, the proposed model is benchmarked against a neural network-based approach,
specifically the Long Short-Term Memory (LSTM) model [30]. The prediction output is formulated
as:

?j = h7 - Wense + bdenses (9)

where hyp is the final hidden state (output) of the LSTM layer, W gense is the weight matrix of
the subsequent dense layer, and bgense is its bias term.
The performance evaluation results of the three models are presented in Table 6.

Table 6: Model Performance Evaluation

Metric Semiparametric ARIMAX (1,1,1) LSTM

MSE 0.569747 3.030235 1.60487
MAPE 8.60% 7.03% 8.44%
R? 85% 70% 74%

Based on the performance evaluation, the semiparametric model achieved the lowest MSE of
0.569747, compared to 3.030235 for ARIMAX and 1.60487 for LSTM, along with a relatively
low MAPE of 8.60%. Regarding R?, the semiparametric model also outperformed the others,
attaining 85%, compared to 70% for ARIMAX and 74% for LSTM, indicating a superior ability
to explain data variation. This combination of low MSE and high R? demonstrates that the
semiparametric model provides the best predictive performance, and therefore, further research
will focus on this model without additional comparisons to ARIMAX or LSTM.

Next, an evaluation was performed on Fig. 3, which illustrates the variation in MAPE with
bandwidth, highlighting the optimal elimination region.
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Figure 3: MAPE vs. Bandwidth

Forecasting was then performed for November 26, 2024, to July 28, 2025. Table 7 summarizes
the test data.
Table 7: Test Data
No Date CSPI Exchange Rate Oil Price Gold Price

4813  25-11-2024 7,314 15,940 68.90 2,616
4814  26-11-2024 7,206 15,901 68.77 2,620

The predicted value of the CSPI at data point 4,814 is estimated to be 7,206 (USD/IDR),
with the error calculated as follows:

Error = CSPIActual - CSPIPredicted

= Y4813 — Y4814
= 7,246 — 7,206
= 0.040

Fig. 4 compares the predicted and actual CSPI values over the forecasting period. The blue
line represents the actual CSPI data, while the dotted red line indicates the model’s predictions.
The two series closely track each other, particularly during the sharp decline in early March and
the subsequent recovery, demonstrating that the model effectively captures CSPI movements.
Despite minor deviations at certain points, the model overall provides reliable forecasts of CSPI
dynamics.

After confirming the consistency between the actual CSPI and the model’s prediction results
during the observation period, the analysis proceeds with a visualization of the relationships
between the predictor variables, namely the exchange rate, oil price, and gold price, and the
actual CSPI. The semiparametric model exhibits high predictive accuracy for CSPI movements
by effectively capturing nonlinear relationships with these macroeconomic variables.

Currency exchange rates negatively affect the CSPI, oil prices generally exert a positive
influence, and gold prices display a nonlinear pattern, with extreme increases often triggering
selling pressure. These findings underscore the significant role of macroeconomic factors and
market sentiment, providing valuable insights for investors and policymakers. Moreover, they
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Figure 4: Actual vs. Forecasted CSPI

demonstrate that the semiparametric model can accurately predict the dynamics of the Indonesian
stock market, as illustrated in Fig. 5 below.
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Figure 5: Variable and Error Relationship

4 Conclusion

Based on the implementation and evaluation of the semiparametric model for the Composite
Stock Price Index (CSPI), several key findings emerge. The semiparametric model, which
integrates cubic polynomials with local polynomials using Gaussian kernels, effectively captures
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the nonlinear relationships between the CSPI and major macroeconomic variables, namely the
exchange rate, oil price, and gold price. The analysis reveals that an increase in the USD/IDR
exchange rate tends to exert downward pressure on the CSPI, an increase in the oil price is
generally associated with a rise in the CSPI, while a surge in the gold price is often accompanied
by a decline in the CSPI due to investors reallocating assets to gold as a hedging instrument.
Performance evaluation shows that the semiparametric model outperforms ARIMAX(1,1,1) and
LSTM, with an MSE of 0.569747, a MAPE of 8.60%, and an R? of 85%, confirming its ability to
accurately capture nonlinear patterns in the stock market.

These findings underscore the value of the semiparametric approach as a flexible method that
combines the interpretability of parametric components with the adaptability of nonparametric
components. The model also offers practical insights for investors and policymakers in formulating
investment and risk management strategies. Nonetheless, this study is constrained by its reliance
on only three predictor variables and its focus on the CSPI as a single case study. Future research
is encouraged to incorporate additional macroeconomic variables, such as inflation, interest rates,
or economic growth, and to apply the model to other stock indices or time periods to assess its
generalizability and robustness under different market conditions.
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