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Abstract: This study aims to analyse the dynamic relationship between market sentiment and
stock volatility on the Indonesia Stock Exchange (IDX) using the Autoregressive Integrated
Moving Average (ARIMA) model. The research method used is a quantitative method with a
causality approach using secondary data in the form of time series data of quarterly financial
reports of PT Adhi Karya for the period 2008-2023, which is analysed through the ARIMA
model for forecasting and selecting the best model based on statistical criteria. The ARIMA (1,
1, 1) model effectively represents the historical data pattern of quarterly assets of PT United
Tractor with a stable trend and a slight gradual increase for the period December 2024 to
December 2026. However, this model has limitations in capturing more complex variations or
dynamics in the data. Accurate ARIMA models help maintain financial market stability,
support efficient investment decision-making, and provide insights for macroeconomic policy
planning that drives economic growth. In addition, reliable predictions increase investor
confidence, both domestic and foreign, thereby strengthening financial sector risk management
and encouraging investment for sustainable economic development.

Keyword: ARIMA Model, Market Sentiment, Stock Volatility

INTRODUCTION

Capital market activity in Indonesia is growing (Anhar et al., 2024). IDX data (2022)
reported that the JCI performance reached a level of 6,850.52 on 28 December 2022 and
increased by 4.09 per cent compared to the previous period. Indonesia’s capital market activity
showed positive growth, as reflected by several key performance indicators. The Jakarta
Composite Index (JCI) reached the level of 6,850.52 on 28 December 2022, an increase of
4.09% compared to the position on 30 December 2021. The JCI also recorded a record high on
13 September 2022 by reaching the level of 7,318,016. On the other hand, market capitalisation
on 28 December 2022 reached IDR9,509 trillion, an increase of 15.2% compared to the position
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at the end of 2021 which was IDR8,256 trillion. This market capitalisation had recorded a
record high of IDR9,600 trillion on 27 December 2022. This achievement is the highest since
the privatisation process of the Stock Exchange in 1992 and demonstrates the competitiveness
of the market.

Market sentiment reveals that investor sentiment can be interpreted as a form of optimism
(trust) or pessimism held by an investor during future stock market activity (Ryu et al., 2017).
An investor determines his investment decisions, both his sentiment and state of mind can
influence these decisions and his transaction activities in investing in stocks (Chen & Haga,
2021). Investor sentiment itself can be interpreted as the level of optimism or pessimism held
by investors towards future stock market activity. Investor sentiment has an influence on
investment decisions and transaction activities (Dai & Yang, 2018). Stock volatility shows a
negative influence on investment decisions (Ryu et al., 2017). However, another previous study
showed that asset growth has no significant effect on stock price volatility. The study added
several control variables to explore the relationship between stock price volatility and dividend
yield. One of the methods used in this analysis is the Autoregressive Integrated Moving
Average (ARIMA) model.

ARIMA methods have the advantage of identifying and modelling trends well, but have
limitations, especially in the selection of appropriate parameters and interpretation of the results
(Suhermi et al., 2018). ARIMA offers advantages over simpler methods such as benchmark
analysis by considering underlying trends and patterns in time series data (Nanlohy, 2021).
However, the effectiveness of its ARIMA depends on the characteristics of the data. For
complex patterns or situations involving many variables, machine learning may outperform
ARIMA (Kontopoulou et al., 2023). The choice between these two approaches depends on the
data specifications, objectives, and analyses, as well as the need for interpretation versus
complexity. As investors make their investment decisions, both their sentiment and state of
mind can influence those decisions as well as their transaction activity in investing in stocks
(Lim & Kim, 2019). Investor sentiment itself can be defined as the level of optimism or
pessimism held by investors towards future stock market activity (Qi et al., 2018). Investor
sentiment has an influence on investment decisions and transaction activity.

Based on the above, it can be seen that the growth of the capital market in Indonesia is
supported by the positive performance of various indicators, such as the increase in JCI, the
increase in market capitalisation, and investor participation. However, stock volatility and
investor sentiment remain significant factors in influencing investment decisions. On the other
hand, the use of analytical methods such as ARIMA provides deeper insights into historical
data patterns, although it has limitations in more complex situations. It is important to
understand the relationship between investor sentiment, stock volatility and other factors such
as dividend yield to provide a comprehensive view of capital market dynamics. This research
is expected to contribute in several aspects. First, it deepens the understanding of the
relationship between investor sentiment, stock volatility, and investment decisions in the
Indonesian capital market. Second, it provides empirical analysis that can be used to strengthen
investment strategies based on market dynamics. Third, this study can also provide practical
recommendations for investors, regulators, and market participants to manage risks and
maximise opportunities in the face of market volatility challenges. The results of this study are
expected to be not only theoretically relevant, but also practically useful for the development
of a more stable and competitive Indonesian capital market. The introduction section must
contain justifications regarding the urgency and reasons why the research was carried out. The
novelty of research supported by relevant theory and previous research must be written clearly.
This section is also obliged to explain the relationship between variables, relevant research
results, and supporting data (if any). This section is closed with the aim of research or a
statement of the research problem.
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METHOD

This study uses a type of causality research that tests the relationship between more than

one variable (Imfrianti Augtiah et al., 2024; Kumala et al., 2023). The data used in this study
are time series data, namely the financial statements/asset data of PT Adhi Karya from 2008 to
2023. The data is also a type of secondary data, because researchers do not get it directly from
the field but from the company's database online (Rohman & Saefudin, 2024). The variable
used in this study is a quantitative approach. Quantitative research is a research method that
uses data in the form of numbers and is measured and then processed and analysed to obtain
scientific information behind the numbers. The variables used in this study are quarterly
financial/asset data of PT Adhi Karya 2008-2023. The analysis method used to determine the
monthly sales forecasting model in the coming period. The steps of the ARIMA modelling
analysis carried out are as follows:

1. Identification by looking at data stationarity in graphical form using time series plots. If the
data is not stationary to the variant, it is necessary to do a Box-Cox transformation and if it
is not stationary to the mean, it is necessary to do differencing.

2. Make an ACF (Autocorrelation Function) plot and a PACF (Partial Autocorrelation

Function) plot. Stationarity can be seen from the initial data, the data is said to be stationary

to the mean if the ACF plot drops quickly to zero significantly and vice versa.

Make ACF and PACF plots based on data that has been stationary both variant and mean.

. Parameter estimation of the transient ARIMA model. The ARIMA model can be estimated
by looking at the ACF and PACF plots that come out of the confidence interval. The lag is
used to determine the order of the provisional ARIMA model. The lag in the ACF plot is
used to determine the MA model (g-order), while the PACF plot is used to determine the
AR model (p-order).

5. Parameter significance test, to see whether the parameters of the estimated model (point. 4)

are significant or not. If the results are significant, we can continue.

6. Residual Diagnostic Test: The assumptions that must be met in an ARIMA model that has
been significant are normally distributed residuals and white noise. The results obtained
must be significant and fulfil the residual diagnostic test assumptions.

7. Best Model Selection: The best model is selected based on the results of the minimum AIC,
SBC, MAPE and RMSE criteria. Because the smaller the error obtained the better the result.
So, later from several suitable models only one is chosen the best.

8. Forecasting data for the next 9 months: Perform forecasting based on the best model that
has been obtained.

~w

RESULTS AND DISCUSSION
Stationarity Testing

Before modelling, it is necessary to fulfil the assumptions of stationarity in variance and
average. In ARIMA Box-Jenkins modelling, sample data is divided into two groups, namely in
sample and out sample data (Karia et al., 2016). Of the total data of 64 data, 55 data as in sample
and 9 data as out sample. Stationarity in time series is when there is no significant change in the
data (Bogusz, 2015). In a data, it is possible that the data is not stationary in variance or average.
The following is a time series plot for quarterly financial/asset data of PT Adhi Karya. From the
plot, it can be seen that the pattern on the time series plot has been stationary in variance and
mean or not. Furthermore, testing is carried out to see stationarity in variance with Box-Cox
transformation.
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Figure 1. Time Series Plot of Adhi Karya Asset Data

Based on Figure 1 Time Series Plot for quarterly financial/asset data of PT Adhi Karya
shows that the plot indicates that it is not yet stationary in variance or average where the
observation points experience a sharp increase and decrease. In order to clarify the estimation of
stationary to variance, it can be seen in the Box-Cox plot.
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Figure 2. Cox Box Plot of Untransformed Data

Figure 2 shows that the quarterly financial/asset data of PT Adhi Karya has not been
stationary in variance with a rounded value of 0.00 which is between the lower limit of -0.22
and the upper limit of 0.47. So, it is necessary to transform the data. Here are the results of the
Box Cox transformation.
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Figure 3. Cox Box Plot Data After Transformed

Figure 3 shows that after transformation, the quarterly financial/asset data variables of PT
Adhi Karya are stationary in variance with a rounded value of 3.00 which is between the lower
limit of -2.65 and the upper limit of infinity. So, it can be said that the data is stationary in
variance. After checking the stationarity of the data in the variant, the next step is to check the
stationarity in the average. To determine stationarity on average, statistical testing can be done
with the Augmented Dicky Fuller Test on the data.
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Table 1. Augmented Dicky Fuller Test Results
Test Statistic P-value Result Decision Description
-0.218019 0.936 Fail to reject Ho Data is not stationary at the mean

Based on Table 1 on statistical testing with Augmented Dicky Fuller, the p-value is 0.936,
which means that it fails to reject HO so that the quarterly financial / asset data of PT Adhi Karya
is not yet stationary on average. So that further differencing is needed so that the data is stationary
in variance and average. However, previously the ACF and PACF plots were checked to
determine the temporary ARIMA model.
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Figure 4. ACF Plot of Quarterly Asset Data of PT Adhi Karya
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Figure 5. PACF Plot of Quarterly Asset Data of PT Adhi Karya

Based on Figures 4 and 5 it can be seen that the ACF and PACF plots for PT Adhi Karya's
quarterly financial / asset data experience cut off or lag out. In the ACF plot the pattern drops
exponentially even though there are lags that come out of the confidence interval, namely lags 1,
2,3, 4 and 5. Similarly, Figure 5 in PACF shows that there is a lag that comes out, namely at lag
1.

Parameter Estimation of ARIMA Model

Before estimating the initial ARIMA model, observations are made on the ACF and PACF
plots that have been stationary both variants and averages listed in Figures 4.4 and 4.5. In the
initial estimation of the ARIMA model, the temporary models for PT Adhi Karya's quarterly
asset data are ARIMA (1 1 0), ARIMA (0 1 5) or ARIMA (1 1 5). The next step will be the
parameter significance test.

Parameter Significance Test

After determining the ARIMA model, namely the ARIMA (1 1 0), ARIMA (0 1 5) or
ARIMA (1 1 5) model, the next step is to estimate the parameters whether the model is
significant or not. Parameters that are not significant or p-value < o to get parameters that are
significant to the model. This test is carried out with the following hypothesis.
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Table 2. Parameter Significance Test of Quarterly Asset Data of PT Adhi Karya

Model Type Coef SE Coef T P-value Description

ARIMA AR 1 -0.219 0.135 -1.62 0.112 Not Significant
(110)

ARIMA MA 5 0.327 0.139 2.35 0.023 Significant
(015)

ARIMA ARIMA 5 0.430 0.148 2.90 0.006 Significant
(115)

Table 2 shows that all parameters in the initial ARIMA model are significant except
ARIMA (11 0). It can be seen from the table that the ARIMA (1 1 0) model has a P-value greater
than o, namely 0.05. Thus, the model is excluded and no further analysis is continued.

Residual Diagnostic Test
Next is to perform diagnostic testing which includes testing the residuals for normal
distribution and white noise.

Normal Distribution Test
In time series analysis, residuals are assumed to be normally distributed. The following are the
output results from minitab.

\\-.
~
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Figure 6. Normal Distribution Test, a) ARIMA (0 15) and b) ARIMA (1 15)

Based on Figure 6 shows that the shape of the residual plot 4.6 a), and b) form a diagonal
straight line. So, it can be said that the residuals are normally distributed. However, visual
observation will provide subjective conclusions and differ from one researcher to another. So,
more details will be presented p-value in Table 3 Normal distribution hypothesis testing as
follows.

Table 3. Normal Distribution Test on Residuals

Conjecture Model KS P-value Normal Distribution
ARIMA (015) 0.095 0.150 Yes
ARIMA (115) 0.105 0.145 Yes

Based on table 3, the p-value of each residual ARIMA (0 1 5) and ARIMA (1 1 5) is
greater than 5%, namely 0.150 and 0.145. This means that the residuals have met the normal
distribution assumption.

White Noise Test

In addition to the normal distribution test, the residuals are assumed to be independent
and identical, so the residuals must meet the white noise assumption. So, it is necessary to use
the Ljung-Box statistics test to see that the residuals have met the white noise requirements
(Lee, 2022). The hypothesis in this test is as follows.
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Table 4. Ljung-Box Test Output Quarterly Asset Data of PT. Adhi Karya

Model Lag Chi-Square DF P-value Description
ARIMA 12 2.09 6 0.911 White Noise
(015) 24 21.15 18 0.272 White Noise
36 27.45 30 0.599 White Noise

48 34.65 42 0.782 White Noise

ARIMA 12 1.84 5 0.871 White Noise
(115) 24 19.75 17 0.287 White Noise
36 25.69 29 0.642 White Noise

48 32.37 41 0.830 White Noise

It can be seen from table 4 that all ARIMA (0 1 5) and ARIMA (1 1 5) models with each
lag have a p-value greater than o of 5% so that the decision fails to reject HO and it can be said
that the residual requirements are white noise. So, only these two models can be continued in
the selection of the best model.

Best Model Selection

In determining the best model from several selected models using in-sample and out-sample
criteria. Some in-sample criteria include AIC and SBC while out-sample includes MAPE and
RMSE.

Table 5. Best Model Selection

Criteria ARIMA (0 15) ARIMA (115)
Normal Distribution Yes Yes
White Noise Yes Yes
AIC 1680.09 1681.89
SBC 1692.02 1695.81
MAPE 13.18% 14.44%
RMSE 4910131.713 5344499.837

Based on Table 5, it is concluded that all models meet the residual criteria for normal
distribution and white noise. Furthermore, from the in-sample criteria using the AIC and SBC
values, the minimum value is the ARIMA (0 1 5) model. While the out-sample criteria of
MAPE and RMSE values, the minimum value is also found in the ARIMA (0 1 5) model. So,
it can be concluded that the best model based on the fulfillment of all criteria is ARIMA (0 1
5). The ARIMA model for quarterly financial/asset data of PT Adhi Karya is modeled as
follows.

Zt =0,044 + Z1+0,243a:.1 — 0,160a¢.2 — 0,114ar3 — 0,254a:4 + 0,327ars + at

Forecasting

After analyzing using ARIMA with a long enough step, the best model was finally
obtained. The best model of the best obtained is ARIMA (0 1 5), then the forecasting results
are obtained for the quarterly financial / asset data of PT Adhi Karya. The following are the
results of the forecast for the next 9 months which will be presented in Table 6 as follows.
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Table 6. Forecast Value of Quarterly Asset Data of PT Adhi Karya (Rp/billion)

Month Data Projection  Forecasting Results Lower Limit Upper Limit
March'24 39,900,337 41,442,179 39,113,412 43,770,947
June'24 37,682,562 42,125,470 38,832,095 45,418,844
Sept'24 37,682,562 42,808,760 38,775,216 46,842,304
Des’24 37,682,562 43,492,050 38,834,515 48,149,586
March'25 39,986,417 44,175,341 38,968,058 49,382,623
June'25 39,151,850 44,858,631 39,154,339 50,562,924
Sept'25 39,345,389 45,541,922 39,380,582 51,703,261
Des’25 39,418,721 46,225,212 39,638,463 52,811,961
March’26 40,492,030 46,908,502 39,922,200 53,894,805

The following are the plot results between the projection and forecast data from Table
4.6 presented in Figure 7.
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Figure 7. Plot of Projected Data and Forecasting Quarterly Assets of PT Adhi Karya

Based on figure 7 the results of the forecast value are obtained which are between the
upper limit and the lower limit. PT Adhi Karya's quarterly asset forecasting tends to always be
above its projection data and always tends to increase in each quarter. However, if you look at
the plot of the forecast results with the projection data, it is not good because it tends to be
monotonous (constant).

Stationarity Testing

Before modeling, it is necessary to fulfill the assumptions of stationarity in variance and
average. In ARIMA Box-Jenkins modeling, sample data is divided into two groups, namely in
sample and out sample data. Of the total data of 71 data, 62 data as in sample and 9 data as out
sample. Stationarity in time series is when there is no significant change in the data (Zuo, 2019).
In a data, it is possible that the data is not stationary in variance or average (Rivera, 2015). The
following is a time series plot for quarterly financial/asset data of PT United Tractor. From the
plot, it can be seen that the pattern on the time series plot has been stationary in variance and
mean or not. Furthermore, testing is carried out to see stationarity in variance with Box-Cox
transformation.
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Figure 8. Time Series Plot of Asset Data of PT United Tractor
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Based on Figure 8 Time Series Plot for quarterly financial/asset data of PT United Tractor,
it shows that the plot indicates that it is not yet stationary in variance or average where the
observation points experience a sharp increase and decrease. In order to clarify the estimation of
stationary to variance, it can be seen in the Box-Cox plot.
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Figure 9. Cox Box Plot of Untransformed Data

Figure 9 shows that the quarterly financial/asset data of PT Adhi Karya is not yet stationary
in variance with a rounded value of 0.00 which is between the lower limit of -0.10 and the upper
limit of 0.60. So, it is necessary to transform the data. The following are the results of the Box
Cox transformation.
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Figure 10. Cox Box Plot of Data After Transformed 2x

Figure 10 shows that after transformation, the quarterly financial/asset data variables of PT
United Tractor are stationary in variance with a rounded value of 1.00 which is between the lower
limit of -0.12 and the upper limit of 2.26. So, it can be said that the data is stationary in variance.
After checking the stationarity of the data on the variant, the next step is to check the stationarity
in the average. To determine stationarity on average, statistical testing can be done with the
Augmented Dicky Fuller Test on the data.

Table 7. Augmented Dicky Fuller Test Results
Test Statistic P-value Result Decision Description
-188079 0.341 Fail to reject Ho Data is not stationary at the mean

Based on Table 7 on statistical testing with Augmented Dicky Fuller, the p-value is 0.341,
which means that it fails to reject HO so that the quarterly financial / asset data of PT. United
Tractor is not yet stationary on average. So that further differencing is needed so that the data is
stationary in variance and average. However, previously the ACF and PACF plots were checked
to determine the temporary ARIMA model.
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Figure 11. ACF Plot of Quarterly Asset Data of PT United Tractor
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Figure 12. PACF Plot of Quarterly Asset Data of PT United Tractor

Based on Figures 11 and 12, it can be seen that the ACF and PACF plots for quarterly
financial / asset data of PT United Tractor experience cut off or lag out. In the ACF plot the
pattern drops exponentially even though there are lags that come out of the confidence interval,
namely lags 1, 2, 3, 4 and 5. Similarly, Figure 12 in PACF shows that there is a lag that comes
out, namely at lag 1.

Parameter Estimation of ARIMA Model

Before estimating the initial ARIMA model, observations are made on the ACF and PACF
plots that have been stationary both variants and averages listed in Figures 4 and 5 In the initial
estimation of the ARIMA model, the temporary models for the quarterly asset data of PT United
Tractor are ARIMA (11 0), ARIMA (11 1), ARIMA (01 2), ARIMA (0 15) or ARIMA (11
5). The next step will be to test the significance of the parameters.

Parameter Significance Test

After determining the ARIMA model, namely the ARIMA (1 1 0), ARIMA (1 1 1),
ARIMA (0 1 2), ARIMA (0 1 5) or ARIMA (1 1 5) model, the next step is to estimate the
parameters whether the model is significant or not. Parameters that are not significant or p-value
< o to get parameters that are significant to the model. This test is carried out with the following
hypothesis. Hipotesis:

Table 8. Parameter Significance Test of Quarterly Asset Data of PT. United Tractor

Model Type Coef SE Coef T P-value Description

ARIMA AR 1 0.288 0.128 2.25 0.028 Significant
(110)

ARIMA ARIMA 0.590 0.193 3.05 0.003 Significant
(111

ARIMA MA 2 -0.374 0.122 -3.05 0.003 Significant
(012

ARIMA MA 5 0.153 0.135 1.13 0.262 Not Significant
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(015)
ARIMA ARIMA 0.039 0.175 0.22 0.824  Not Significant
(115)

Based on table 8 shows that the initial ARIMA model parameters are significant in ARIMA
(110), ARIMA (111)and ARIMA (01 2). For the rest the results are not significant, it can be
seen from the table that the ARIMA (0 1 5) and ARIMA (1 1 5) models have a P-value greater
than o, which is 0.05. Thus, the model is excluded and does not continue further analysis.

Residual Diagnostic Test

Next is to perform diagnostic testing which includes testing for normally distributed residuals
and white noise.

Normal Distribution Test

In time series analysis, residuals are assumed to be normally distributed. The following are the
output results from minitab.

(a) (b) (c)
Figure 13. Normal Distribution, a) ARIMA (11 0), b) ARIMA (11 1) and c) ARIMA (01 2)

Based on Figure 13 it shows that the shape of the residual plot 4.13 (a), (b) and (c) forms
a diagonal straight line. So, it can be said that the residuals are normally distributed. However,
visual observation will provide subjective conclusions and differ from one researcher to
another. So, more details will be presented in table 9 Normal distribution hypothesis testing as
follows.

Table 9. Normal Distribution Test on Residuals

Model Conjecture KS P-value Normal Distribution
ARIMA (110) 0.105 0.090 Yes
ARIMA (111) 0.071 >0.150 Yes
ARIMA (012) 0.101 0.127 Yes

Based on Table 9 the p-value of each residual ARIMA (1 1 0), ARIMA (11 1) and
ARIMA (0 1 2) is greater than 5%, namely 0.090; >0.150 and 0.127. This means that the
residuals have fulfilled the normal distribution assumption.

White Noise Test

In addition to the normal distribution test, the residuals are assumed to be independent
and identical, so the residuals must meet the white noise assumption. So, it is necessary to use
the Ljung-Box statistics test to see that the residuals have met the white noise requirements.
The hypothesis in this test is as follows.

Table 10. Ljung-Box Test Output Quarterly Asset Data of PT United Tractor

Model Lag Chi-Square DF P-value Description

ARIMA 12 29.21 11 0.002 No White Noise*
(110 24 34.18 23 0.063 White Noise
36 40.44 35 0.242 White Noise
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48 50.73 47 0.329 White Noise

ARIMA 12 17.01 10 0.074 White Noise
(111) 24 21.83 22 0.470 White Noise
36 29.54 34 0.686 White Noise

48 42.07 46 0.638 White Noise

ARIMA 12 8.85 10 0.547 White Noise
012 24 17.72 22 0.723 White Noise
36 24.57 34 0.883 White Noise

48 36.79 46 0.832 White Noise

It can be seen from table 10 that the ARIMA (1 1 1) and ARIMA (0 1 2) models have a
p-value greater than a of 5% so that the decision fails to reject HO and it can be said that the
residual requirements are white noise. So, only these two models can be continued in the
selection of the best model.

Selection of the Best Model

In determining the best model from several selected models using in-sample and out-sample
criteria. Some in-sample criteria include AIC and SBC while out-sample includes MAPE and
RMSE.

Table 11. Best Model Selection

Criteria ARIMA (111) ARIMA (01 2)
Normal Distribution Yes Yes
White Noise Yes Yes
AIC 2045.20 2041.65
SBC 2051.53 2047.98
MAPE 8.19% 10.40%
RMSE 12522450.55 16718090.94

Based on table 11, it is concluded that all models meet the residual criteria for normal
distribution and white noise. Furthermore, from the in-sample criteria using the AIC and SBC
values, the minimum value is the ARIMA (0 1 2) model. While the out-sample criteria of
MAPE and RMSE values, the minimum value is also found in the ARIMA (1 1 1) model. In
this case, a model with a smaller out-sample value should be chosen, because the model can be
better generalized. Thus, it can be concluded that the best model based on the fulfillment of all
criteria is ARIMA (1 1 1). The ARIMA model for quarterly financial/asset data of PT United
Tractor is modeled as follows.

Zt= (1-0,865)Zt-1 + 0,865Z¢.1 - 0,590at-1 + at

Forecasting

After analyzing using ARIMA with a long enough step, the best model was finally
obtained. The best model of the best obtained is ARIMA (1 1 1), then the forecasting results
are obtained for the quarterly financial / asset data of PT United Tractor. The following are the
results of the forecast for the next 9 months which will be presented in table 12 as follows.

Table 12. Forecast Value of Quarterly Asset Data of PT. United Tractor (Rp / billion)

Month Data Projection  Forecasting Results Lower Limit Upper Limit
Des’24 140,170,657 133,081,320 124,341,109 141,821,531
Mar’25 140,478,220 136,064,217 121,910,512 150,217,920
Juni’25 150,701,142 13,8378,999 119,168,386 157,589,612
Sep’25 134,487,106 140,175,313 116,148,828 164,201,797
Des’25 153,141,630 141,569,285 112,950,883 170,187,687
Mar’26 154,028,248 142,651,033 109,658,818 175,643,248
Jun’26 161,426,775 143,490,490 106,335,169 180,645,810
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Sep’26 168,064,765 144,141,923 103,024,045 185,259,800
Des’26 165,873,508 144,647,447 99,755,492 189,539,402

The following are the plot results between the projection and forecast data from Table 13
presented in Figure 14.
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Figure 14. Plot of Projected Data and Forecasting Quarterly Assets of PT. United Tractor

Based on Table 14, the results of the appropriate forecast value are obtained which is
between the upper limit and the lower limit. Quarterly asset forecasting of PT United Tractor
tends to be stable and tends to increase in each quarter. However, if you look at the plot of the
forecast results with the projection data, it is not good because it tends to be monotonous
(constant).

After selecting the ARIMA (1, 1, 1) model as the best model, quarterly asset value
forecasting of PT United Tractor was conducted for the period December 2024 to December
2026. The forecasting results show that the quarterly asset value tends to stabilize with a
gradual increase. For example, assets projected at Rp 133.08 billion in December 2024 are
predicted to increase to Rp 144.65 billion in December 2026. Each projection comes with a
prediction interval in the form of a lower and upper bound, which gives a range of possible
asset values with a certain level of confidence (Allende et al., 2015). Interestingly, these
prediction intervals get wider with time, reflecting the increasing uncertainty in long-term
forecasting.

The comparison graph between the projected data and the forecasting results (Figure
4.14) reveals some important findings. The forecasting curve follows the trend pattern of the
historical data, indicating that the ARIMA (1, 1, 1) model is able to represent the data
movement pattern quite well. The forecasting also shows the stability of United Tractor's asset
performance, with no major fluctuations in the forecast results. However, the monotonous trend
is one of the limitations of this model, which may be due to the nature of the data or the
limitations of the ARIMA model in capturing more complex dynamics (Asadi et al., 2012).

These forecasting results provide strategic insights for the management of PT United
Tractor in planning financial management for the medium to long term.Information on the
lower and upper limits of projected assets is also useful in anticipating risks or uncertainties,
especially in the worst-case scenario.However, this model still has limitations in capturing
more complex or volatile patterns.Therefore, a combination with other methods such as
machine learning could be considered to improve accuracy. This finding also supports the
literature that ARIMA models are effective for stable data, but a more flexible approach may
be needed to handle data with high volatility (Nanlohy, 2021; Wijesinghe & Rathnayaka, 2020;
Yaziz et al., 2013).
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CONCLUSION

United Tractor's quarterly assets for the period December 2024 to December 2026. The
forecasting results show a stable trend with a slight gradual increase in quarterly asset values.
The model is able to represent the historical data pattern well, as evidenced by the forecast
results that are consistently between the lower and upper bounds of the prediction interval. The
forecasting results graph also shows that ARIMA (1, 1, 1) is an effective model for data with
stable patterns. However, the monotonous forecasting reflects the limitations of this model in
capturing more complex variations or dynamics in asset data.

To improve forecasting accuracy in the future, it is recommended to consider using more
complex models, such as a combination of ARIMA with machine learning or deep learning
methods, which are better able to capture dynamic data patterns. In addition, regular monitoring
and updating of the model is necessary as asset data patterns may change due to external factors
such as market conditions or economic policies. Adding other variables, such as market
sentiment or macroeconomic indicators, can also help improve the forecasting quality.
Furthermore, the prediction intervals generated by the model can be utilized by management
as a guide to anticipate risks and devise better mitigation strategies. However, this ARIMA
model has some limitations. The forecasting results tend to be monotonous because the model
only relies on historical data patterns and is less able to capture dynamic changes outside the
observed data. Long-term uncertainty is also a challenge, as reflected by the prediction intervals
that widen over time. In addition, the limitations of ARIMA in managing non-stationary data
require additional transformation steps that may affect the interpretation of the results. External
factors such as policy changes or industry dynamics are also ignored in this model, which may
affect forecasting accuracy. By understanding these limitations, management is expected to be
wiser in their decisions.
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