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Abstract

The capital market is characterized by high volatility, making accurate forecasting Article History:
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and risk measurement essential for investment decision-making. This study aims to ; ;
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and the Value at Risk (VaR) approach for stock prices forecasting and finansial Published: 31 July 2026

risk analysis. The data consist of monthly stock prices of PT Asuransi Jiwa Syariah

Jasa Mitra Abadi Tbk (JMAS) from January 2018 to December 2025. The ARIMA

. . . . . . . K ds:
intervention model is applied to identify and quantify structural changes caused by A?};ﬁ;’; S[mervenn- on, Forecasting
external shocks, particularly the COVID-19 pandemic. The results indicate that the Stock Price, Value at Risk, Volatility

ARIMA (1,2,0) intervention model is the most appropriate model, with a step
intervention function reflecting a sudden and permanent impact on stock price
movements. The model satisfies diagnostic assumptions and demonstrates good
forecasting accuracy, with a Mean Absolute Percentage Error (MAPE) of 13.01%.
Forecasting results for January to March 2026 show that stock prices are expected
to remain relatively low, indicating a slow post-pandemic recovery. Financial risk
is measured using the Cornish-Fisher Value at Risk (VaR) approach at a 95%
confidence level. The estimated VaR is -0.4245 indicating a maximum potential loss
of 42.45% over a one-month period. This high level of risk reflects extreme market
conditions during the COVID-19 period, which significantly increased volatility.
This study contributes to financial analysis by integrating intervention-based time
series modeling with risk measurement in a unified framework.

1. INTRODUCTION

The capital market plays a crucial role in economic development by enabling efficient capital allocation
between investors and firms. Among various financial instruments, stocks are widely preferred due to their
higher return potential, although they are inherently volatile and sensitive to both internal and external factors
[1]. This volatility introduces uncertainty in investment decision-making, making accurate forecasting and risk
assessment essential components in financial analysis.

Time series models, particularly the Autoregressive Integrated Moving Average (ARIMA), are widely used
for forecasting due to their strong statistical foundation and flexibility in modeling temporal data [2], [3].
However, financial time series often exhibit structural changes caused by external shocks, such as economic
crises or policy interventions, which may reduce the forecasting accuracy of standard ARIMA models [4].

To address this limitation, the ARIMA intervention model incorporates external events into the time series
structure, enabling the analysis of both sudden and gradual impacts. Research conducted by Anjuita et al.
(2023) indicates that intervention models effectively capture exchange rate fluctuations due to external shocks
[7]. Similarly, research conducted by Khusna et al. (2024) demonstrates that multi-input intervention models
can improve forecasting performance in the presence of complex external influences [8]. In addition, research
conducted by Sohibien (2018) shows that intervention modeling is capable of identifying the impact of policy
changes on economic indicators [9].
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Despite the effectiveness of forecasting models, price prediction alone is insufficient without evaluating
the associated financial risk. In practice, investors require quantitative measures to assess potential losses under
uncertain market conditions. One of the most widely used approaches is Value at Risk (VaR), which estimates
the maximum potential loss within a given confidence level over a specified time [5], [6]. VaR has been widely
applied in various domains, including energy markets, as demonstrated by Cabedo and Moya (2003), who used
historical simulation to estimate oil price risk [11].

Recent studies have also emphasized the importance of integrating forecasting models with risk
measurement techniques. Research conducted by Aulia et al. (2025) indicates that combining time series
models with VaR provides a more comprehensive framework for capturing both price dynamics and potential
loss risk [10]. Furthermore, advanced approaches such as ARMA-GARCH have been widely used to improve
VaR estimation by modeling volatility clustering in financial data, as demonstrated by Tarno et al. (2021) [12].

Based on these considerations, this study applies the ARIMA intervention model and VaR approach to
simultaneously perform forecasting and market risk analysis. The case of PT Asuransi Jiwa Syariah Jasa Mitra
Abadi Tbk (JMAS) is selected because its stock price experienced substantial changes during and after the
COVID-19 pandemic, providing an opportunity to examine the impact of external shocks on stock price
dynamics and investment risk.

Although previous studies have investigated forecasting models and risk measurement techniques
separately, relatively few studies have examined the combined use of intervention analysis and Value at Risk
(VaR) in the context of Indonesian insurance-related stocks. Therefore, this study contributes to the empirical
literature by examining stock price forecasting and risk measurement under a major structural shock in the
Indonesian insurance sector. The findings are expected to provide additional insights for investors and
researchers regarding stock price behavior and risk exposure under structural changes caused by major
economic disruptions.

2. METHODS

This study employs a quantitative approach using time series analysis with the ARIMA intervention model
to forecast the stock price of PT Asuransi Jiwa Syariah Jasa Mitra Abadi Tbk (JMAS) for the next three periods
and to estimate the associated financial risk using the Value at Risk (VaR) method. The data used are secondary
data, consisting of 96 monthly observations obtained from investing.com covering the period from January
2018 to December 2025. The data represent closing stock prices listed on the Indonesia Stock Exchange (IDX).

2.1 Autoregressive Integrated Moving Average (ARIMA)

The ARIMA (p, d, q) model is combination of autoregressive (AR), differencing, and moving average
(MA) component used to model stationary time series data. The general form of the ARIMA (p, d, q) model
is given by Equation (1)

bp(BY(1 — BYY; = 6,(B)e; M
Where Y; denotes the observed value of the time series at time t, B is defined the backward shift operator,
¢p(B) =1 — 1B — ¢p,B* — -+ — ¢, BP denotes the autoregressive (AR) component, 6,(B) =1 —6,B —
0,B% — - — 8,87 denotes the moving average (MA) component and &; is a white noise error term.

2.2 Intervention Analysis

The response of an intervention may occur immediately or gradually depending on the nature of the
external shock. This response is typically modeled using transfer function components that describe delay,
duration, and decay effects. Two common forms of intervention are used to assess the impact of an intervention
on the observed data, namely the step function and the pulse function[2].[4]. An intervention that occurs at a
particular point in time and results in a persistent effect over a relatively long period is defined as a step
function.
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_ 0, t<T (2)
St_{l, t=>T

Conversely, if the intervention occurs only at a specific point in time and does not persist in subsequent periods,
it is referred to as a pulse function.

_ (0, t=#T 3)
Pe= {1, t=T

In addition to the form of intervention, the response pattern of the intervention function is also important, as it

describes how changes in the data due to an event appear in a time series. The response may occur immediately

or gradually depending on the characteristics of the external shock [7], [8].

2.3 ARIMA Intervention

The ARIMA intervention model is an extension of the ARIMA model that incorporates the effect of external
events occurring at a specific time. This model allows the identification and quantification of structural changes
in a time series caused by interventions. The general form of the ARIMA intervention model can be expressed
as:

w(B) 4)
5 Kot N

Vo=fU)+ N, =
where X; represents the intervention variable (step or pulse), w(B) and §(B)are polynomials describing the
dynamic impact of the intervention, and N, follows an ARIMA process [2], [4], [13]. Parameter estimation is
performed using Maximum Likelihood Estimation (MLE) to obtain optimal coefficients of AR, MA, and
intervention components. Diagnostic checking is conducted to ensure model adequacy, including:
Autocorrelation test using Ljung-Box test, Normality test using Jarque-Bera test and Homoscedasticity check
on residuals. A model is considered adequate if residuals behave as white noise.[2][4][13]

2.4 Value at Risk (VaR)

Value at Risk (VaR) is a statistical measure used to estimate the maximum potential loss over a specified time
horizon at a given confidence level. Since financial return distributions often deviate from normality, this study
employs the Cornish-Fisher VaR approach, which adjusts the standard normal quantile based on the skewness
and kurtosis of the return distribution[14]. The adjusted Cornish-Fisher quantile (z-r) with skewness (s),
kurtosis (k) is calculated as:

1 1 1 6]
— (52 _ 3 _ _ 3 _ 2
Zep = (z + c (z-—Ds + >4 (z° —32)k 36 (2z° — 52)s )

The Parametric VaR using Cornish-Fisher VaR approach with mean return () and standard deviation return
(0) is calculated at a 95% confidence level using Equation (6)

Var, = u+ zcpo (6)
In financial applications, VaR is often expressed in return form and then converted into monetary value as
follows:
Vary = Pe(u + zcro) (7)

where P, represents the asset price at time t. This formulation is widely used in financial risk measurement to
translate return-based risk into actual monetary loss [5], [6]. In this study, VaR is calculated based on the return
distribution derived from the ARIMA Intervention model residuals to capture unpredictable risk components
[10], [12].

2.5 Analysis Procedure
The analysis procedure in this study is carried out through several systematic stages, including data
preparation, model identification, parameter estimation, diagnostic checking, forecasting and value at risk. To
15



Forecasting and Financial Risk Analysis Using ARIMA Intervention Model: A Case Study on JMAS Tbk

Yuliantika, R., Andirasdini, I. G.
provide a clearer overview of the overall process, these stages are summarized and illustrated in the form of a

flowchart as presented in Figure 1.
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Figure 1. Flowchart of ARIMA Modeling with Intervention

3. RESULT AND DISCUSSION

This study uses monthly closing stock price data of Asuransi Jiwa Syariah Jasa Mitra Abadi (JMAS) Tbk
consisting of 96 observations from January 2018 to December 2025. The data were divided into two parts: the
pre-intervention period from January 2018 to December 2019 and the post-intervention period covering the
subsequent months. The pre-intervention data were used to establish the initial ARIMA model.
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Table 1. Descriptive Statistics

Statistic Value

Minimum 53

1%t Quartile (Q;) 111

Median (Q5) 154

3 Quartile (Q5) 516.2
Maximum 990

Mean 318.125
Standard deviation 323.904

To identify stock price movement and examine potential structural changes during the observation period, the
data are presented in a time series plot, as shown in Figure 2.
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Figure 2. Stock prices plot of PT JMAS Tbk

Based on Figure 2., the stock price of PT Asuransi Jiwa Syariah Jasa Mitra Abadi Tbk shows a substantial
change during the observation period, with a sharp decline in January 2020 linked to the COVID-19. Following
this event, prices remained at a lower level with relatively small fluctuations. This pattern indicates the
presence of an intervention effect caused by the pandemic, leading to instability in the data due to external
factors.

3.1 ARIMA modeling

The pre-intervention data were used to develop the ARIMA model. Stationarity was examined in terms
of mean and variance using the Augmented Dickey—Fuller (ADF) test and Box—Cox transformation,
respectively. The Box-Cox parameter A = 1 indicates that the variance of the original series was already stable;
therefore, no transformation was required. Mean stationarity was assessed at a 5% significance level, where p-
value < 0.05 indicates stationary data. The ADF test results are presented below.

Table 2. ADF Test Result

Differencing Order p-value Decision
Before differencing 0.5234 Non-Stationary
1* Differencing 0.1216 Non-Stationary
2" Differencing 0.01813 Stationary

Based on Table 2., after the second differencing, the resulting p-value satisfied the ADF test criterion,
namely p-value < a (0.05). Therefore, the data were stationary in mean and could be further analyzed to identify
the ARIMA model using ACF and PACF plots.
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Figure 3. ACF and PACF Plot after 2" Differencing

Based on the ACF and PACEF plots in Figure 3., the ACF cut off at lag 1, while the PACF tailed off at lag 1,
suggesting the presence of a first-order moving average component, MA(1). Therefore, ARIMA(0,2,1) was
considered the main candidate model. In addition, several alternative models with nearby orders, namely
ARIMA(1,2,0) and ARIMA(1,2,1), were also considered. The parameters of the three candidate models were
then estimated to determine whether the coefficients were statistically significant.

Table 3. ARIMA Model Parameter Estimation

Model Parameter Coefficient p-value Decision
ARIMA (0,2,1) 04 —0.9999 = -1 1.543 x 10711 | Significant
ARIMA (1,2,0) ¢, —0.5274 = —0.53 2.543 x 1073 | Significant

04 —0.0727 = —0.073 7.525 x 10~ | Non-Significant
ARIMA (1,2,1) 1 —
b1 —0.9999 = -1 8.757 x 10 Significant

Parameter coefficients are considered significant if the model p-value is less than a (0.05). Based on
Table 3. only ARIMA(0,2,1) and ARIMA(1,2,0) were significant. However, in this study, all candidate models
were still subjected to diagnostic testing. The Ljung—Box test was used to examine whether the residuals
satisfied the white noise assumption, while the Kolmogorov—Smirnov test was used to assess whether the
residuals were normally distributed.

Table 4. ARIMA model diagnostic test result

Model Test p-value Decision
ARIMA (0.2.1) Ljung-Box . 0.916 Residual w}.zite-noise .
Kolmogorov-Smirnov 0.707 Normally distributed residual
ARIMA (1.2.0) Ljung-Box . 0.333 Residual wi.tite-noise .
Kolmogorov-Smirnov 0.744 Normally distributed residual
ARIMA (12.1) Ljung-Box . 0.886 Residual wi.tite.noise .
Kolmogorov-Smirnov 0.603 Normally distributed residual

Based on Table 4., all three models satisfied the assumptions of white noise residuals and normally distributed
residuals. Furthermore, the best model was selected using the Akaike Information Criterion (AIC).

Table 5. AIC value of ARIMA model

Model AIC
ARIMA (0,2,1) 251.7334
ARIMA (1,2,0) 257.1331
ARIMA (1,2,1) 253.6351

The best model was selected based on the smallest AIC value while still considering parameter significance
and diagnostic test results. Although ARIMA(0,2,1) and ARIMA(1,2,1) had lower AIC values than
ARIMA(1,2,0), both models did not meet the parameter adequacy criteria[13]. In ARIMA(0,2,1), the MA
coefficient was close to one, indicating that the model was near the invertibility boundary and therefore less
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stable. Meanwhile, in ARIMA(1,2,1), the AR coefficient was not statistically significant. Therefore,
ARIMA(1,2,0) was selected as the best model for further analysis.

3.2 ARIMA modeling with Intervention

Based on the data plot in Figure 2., a sharp decline occurred in 2020, and until the end of the observation
period, stock prices remained lower than their level before the decline. This condition indicates a step
intervention that occurred suddenly (abrupt) and had a long-term impact (permanent) on stock price
movements. To strengthen the indication of this intervention form, a visualization was conducted to illustrate
more clearly the effect of the COVID-19 pandemic as an external factor in this study. The intervention pattern
is presented in Figure 4.
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Figure 4. Step Abrupt Permanent Intervention Pattern for JIMAS Stock Prices

Based on Figure 4., the intervention effect appeared after January 2020 (t > 25) and remained
relatively constant until the end of the observation period. According to intervention pattern, the intervention
form indicates a sudden structural change occurring at a specific time and producing a persistent long-term
effect on the stock price level (step abrupt permanent). Next, parameter estimation for the intervention model
was carried out using the Maximum Likelihood Estimation (MLE) approach.

Table 6. ARIMA Intervention Parameter Estimation

Parameter | Coefficient p-value
AR (1) —0,494 4,799 x 1078
w —255,169 | 2,548 x 10711

Based on Equation (4), the estimated model obtained in this study is expressed as follows.
Yt = _255,169525 + Nt

Where N, represents the residual component that follows an ARIMA (1,2,0) process, as follows
(1+0,494B)(1 — B)?N, = ¢,
This can be simplified as follows.

(1 + 0,494B)(Nt - 2Nt—1 + Nt_z) = gt
N; = 1,506N,_; — 0,012N,_, — 0,494N,_; + &,

Based on Equation (4), the ARIMA intervention model can be expressed as.

Yt = —255,169525 + 1,506Nt_1 - 01012Nt—2 - 0'494Nt—3 + St ) t 2 25

Similar to the ARIMA modeling process, the ARIMA intervention model also underwent diagnostic testing
using the Ljung—Box and Kolmogorov—Smirnov tests to ensure that the residuals satisfied the assumptions of
white noise and normal distribution. The statistical test results are presented below.
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Table 7. ARIMA (1,2,0) Intervention Model Diagnostic Test Result

Test p-value Decision
Ljung-Box 0,329 White noise
Kolmogorov-Smirnov 0,024 Not normally distributed

Based on the test results, although the ARIMA model satisfied the normality assumption, the inclusion
of the intervention component altered the residual distribution, resulting in non-normal residuals in the final
intervention model. However, residual normality is not the main requirement of ARIMA model adequacy.
According to Wei (2006), it is more important that the residuals are white noise, independent, and free from
significant autocorrelation. This indicates that the residuals may contain extreme values, which is common in
financial time series data. Therefore, the ARIMA intervention model was still considered appropriate for
analysis and forecasting. Next, the forecasting accuracy of the ARIMA intervention model was evaluated using
MAPE. The data used in calculating the MAPE value of the ARIMA intervention model are the original data
and the fitted values of that model, presented in the Table 8.

Table 8. Stock Price Data and Fitted Value ARIMA (1,2,0) Intervention Model

Period St"(ill‘)l‘;;'ce Fitted Value AZSF ‘:f)"r’e
2018-01 990 989.557 0.442
2018-02 880 881.574 1.574
2018-03 745 766.733 21.733
2018-04 800 622.358 177.642
2025-09 142 152.582 10.585
2025-10 161 144.897 16.102
202511 153 167.642 14.642
2025-12 210 158.346 51.653

The MAPE value of 13.01% indicates that the model achieved a relatively low prediction error and can be
considered adequate for forecasting purposes

3.3 Forecasting
Forecasting was conducted for the next three periods (January, February, and March 2026) using the
ARIMA (1,2,0) intervention model. The forecasting results are presented in the Table 9.

Table 9. Forecasting Stock Price of PT JMAS Tbk using ARIMA (1,2,0) intervention model

Period Stock price Confidence interval 95%
(IDR) Lower bound | Upper bound

January 2026 234,869 142,941 326,798

February 2026 275,621 109,459 441,783

March 2026 308,522 42,797 574,247
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The visualization of the forecasting results can be seen in Figure 5.
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Figure 5. Stock Price Forecast and Prediction Intervals from the ARIMA(1,2,0) Intervention Model

The forecasting results using the ARIMA intervention model with a 95% confidence interval indicate that the
stock price of IMAS Tbk is expected to remain at a relatively low level in the upcoming periods. Although a
slight upward trend is observed in the later periods, the values remain below the pre-pandemic COVID-19
level, indicating no significant recovery. This suggests that the impact of the intervention is long-term and
continues to affect stock price movements.
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Figure 6. Actual and Fitted Stock Prices from ARIMA Models With and Without Intervention

3.4 Value at Risk

Although the ARIMA intervention model is used for forecasting, the VaR estimation is based on return
distribution to capture market risk more appropriately. The Value at Risk (VaR) is calculated using the return
series derived from the ARIMA intervention model. Using Equation (5) the mean return was 0.0183, the
standard deviation was 0.3379, the skewness coefficient was 0.6654, and the kurtosis coefficient was 9.7793.
Using the Cornish-Fisher expansion, the adjusted quantile at the 95% confidence level was obtained z;r =
—1.3106. Thus, the estimated VaR at the 95% confidence level is -0.4245, indicating that the maximum
potential loss is approximately 42.45% within one period. This relatively high value is influenced by extreme
negative returns observed during the COVID-19 period, which significantly increased market volatility.

Table 9. Value at Risk

Period Stock price VaR VaR
(IDR) (return) (IDR)
January 2026 | 234,869 -0.4245 99,7018
February 2026 | 275,621 -0.4245 117,0011
March 2026 308,522 -0.4245 130,9676
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3.5 Discussion

The limitation of this study is the relatively limited number of observations available during the pre-
intervention period. Although the ARIMA intervention model was estimated using the complete dataset, the
baseline ARIMA identification relied on only 24 monthly observations. Consequently, the estimated model
may be sensitive to sample size limitations. Future studies are encouraged to employ higher-frequency data or
longer observation periods to improve estimation stability and forecasting performance.

Another limitation concerns the VaR estimation. Since the residual diagnostic tests indicated departures
from normality, the Cornish-Fisher VaR approach was adopted to adjust the risk estimation for skewness and
kurtosis effects. This adjustment reduces the dependence on the strict normality assumption and provides a
more robust measure of downside risk. Nevertheless, formal VaR backtesting procedures were beyond the
scope of the present study and remain an important direction for future research.

4. CONCLUSIONS

This study applied an ARIMA intervention model combined with Cornish-Fisher Value at Risk (VaR)
approach to analyze stock price forecasting and financial risk. The results show that the ARIMA (1,2,0)
intervention model is the most appropriate model for capturing stock price dynamics, particularly in the
presence of structural changes caused by the COVID-19 pandemic. The intervention effect was identified as a
step function with a permanent impact on stock prices. The forecasting results indicate that the stock price of
JMAS is expected to remain relatively low in the near future, suggesting a slow recovery process. The VaR
analysis further reveals that potential losses remain significant, reflecting ongoing market uncertainty. This
study combine approach that integrates forecasting accuracy and risk quantification. Although the Cornish-
Fisher adjustment improves risk estimation under non-normal return distributions, future studies may
incorporate formal VaR backtesting procedures and more advanced volatility models to further validate risk
forecasts.
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    𝜃  q  ( B ) = 1 −   𝜃 1 B −   𝜃 2   B 2 − … −   𝜃  q   B  q


    𝜀  t


    S  t =  {    0 ,      t < T   1 ,      t ≥ T


    P  t =  {    0 ,      t ≠ T   1 ,      t = T


    Y  t = f  (   I  t ) +   N  t =   𝜔  ( B )  𝛿  ( B )   X  t +   N  t


    X  t


  𝜔 ( B )


  𝛿 ( B )


    N  t


    z  C F )


    z  C F =  ( z +  1 6  (   z 2 − 1 ) s +  1 24  (   z 3 − 3 z ) k −  1 36  ( 2   z 3 − 5 z )   s 2 )


  𝜇 )


  𝜎 )


    V a r  𝛼 = 𝜇 +   z  C F 𝜎


    V a r  t =   P  t ( 𝜇 +   z  C F 𝜎 )


    P  t


      ( Q 1 )


    ( Q 2 )


    ( Q 3 )


  0 . 5234


  0 . 1216


  0 . 01813


    𝜃 1


  − 0 . 9999 ≈ − 1


  1 . 543   ×  10  − 11


    𝜙 1


  − 0 . 5274 ≈ − 0 . 53


  2 . 543 ×  10  − 3


    𝜃 1


  − 0 . 0727 ≈ − 0 . 073


  7 . 525 ×  10  − 1


    𝜙 1


  − 0 . 9999 ≈ − 1


  8 . 757 ×  10  − 11


  0 . 916


  0 . 707


  0 . 333


  0 . 744


  0 . 886


  0 . 603


  251 . 7334


  257 . 1331


  253 . 6351


  − 0 , 494


  4 , 799 ×  10  − 8


  𝜔


  − 255 , 169


  2 , 548 ×  10  − 11


    Y  t = − 255 , 169   S 25 +   N  t


    N  t


   ( 1 + 0 , 494 B )    ( 1 − B ) 2   N  t =   𝜀  t


  ( 1 + 0 , 494 B ) (   N  t − 2   N  t − 1 +   N  t − 2 ) =   𝜀  t


    N  t = 1 , 506   N  t − 1 − 0 , 012   N  t − 2 − 0 , 494   N  t − 3 +   𝜀  t


    Y  t = − 255 , 169   S 25 + 1 , 506   N  t − 1 − 0 , 012   N  t − 2 − 0 , 494   N  t − 3 +   𝜀  t     ,     t ≥ 25


  0 , 329


  0 , 024


  990


  989 . 557


  880


  881 . 574


  745


  766 . 733


  800


  622 . 358


  ⋮


  ⋮


  ⋮


  142


  152 . 582


  161


  144 . 897


  153


  167 . 642


  210


  158 . 346


  234 , 869


  142 , 941


  326 , 798


  275 , 621


  109 , 459


  441 , 783


  308 , 522


  42 , 797


  574 , 247


    z  C F = − 1 . 3106

