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ABSTRACT - This study aims to compare the performance of basic statistical approaches and machine learning in identifying
environmental, social, and governance (ESG) issues that influence the stability of the rupiah through the Indonesian interest Rate.
This study proposes two approaches: machine learning analysis (long short-term memory (LSTM) and multiple long short-term
memory (M-LSTM)) and fundamental statistical models (autoregressive integrated moving average (ARIMA), transfer function, and
Koyck regression) to forecast the Indonesian interest rate time series data based on ESG factors. The analysis uses a completely
randomized design to capture complex patterns, utilizing interest rate data, PM2.5 air quality data, and rainfall index data. This
study provides novelty through data splitting scenarios in its empirical analysis and a comparative study of approaches to the model.
The analysis results indicate that ESG factors, specifically air quality (PM2.5) and the rainfall index, have a significant influence on
Indonesian interest rate values, as determined by the transfer function results, Koyck regression, and M-LSTM model analyses. All
proposed model approaches demonstrate good forecasting accuracy, empirically proven by MAPE values with MAPE<10%. The
MAPE values of the basic statistical models (Koyck regression, transfer function, and ARIMA) are 0.2842%, 1.0350%, and 2.1245%,
outperforming machine learning models (LSTM and M-LSTM) with MAPE values of 4.660% and 7.7353%.

Keywords— ESG, climate risk, forecasting, Indonesia interest rate, machine learning.

. INTRODUCTION

Climate change (environmental), environmental issues (social), and governance (ESG) are the main forces driving
global finance. These global challenges require the involvement of various parties, such as investors, companies,
regulators, and governments, to implement ESG principles in maintaining the stability of the Rupiah, controlling
inflation, and promoting economic growth through the Indonesian Interest Rate. ESG factors are not only a social
responsibility that will have a significant impact on finance [1] but also on the environment [2]. However, environmental
problems resulting from climate change risks are becoming increasingly worrying and require attention because they
have a significant impact on the survival of humans and future generations [3]. As a result of these conditions, structured
steps are necessary to prevent issues for all levels of society. Another impact that can be caused by increasingly frequent
disasters due to climate change and the transition to a low-carbon economy is its fundamental influence on the national
economy, such as inflation and the overall stability of the Rupiah [4]. Fluctuations in the value of the Rupiah due to
climate risk pose a complex challenge. The dynamic national economy, influenced by various factors such as
macroeconomic conditions, geopolitical events, investor sentiment, and incomplete, unstructured ESG data, makes it
challenging to integrate data into models for analysis. Therefore, a model capable of capturing data volatility and
predicting Indonesia's Interest Rate values due to ESG factors is crucial.

Developments in statistics, particularly through the latest approaches with high levels of data complexity, offer new
opportunities that need to be studied to address these issues. A renewed approach with machine learning statistics in
modelling time series data, such as neural networks and their developments, as has been done in [5], [6], [7], which have
not only one input but multiple inputs, has proven to be effective in modelling non-linear, complex, and noisy time series
data. The approach proposed in this study, which considers the volatility history of previous time series data, aims to
identify the risks associated with climate change and obtain benefits. In addition, volatility is the most important
consideration in this study because it can estimate the potential future losses from the Indonesian interest Rate. Therefore,
this study proposes two strategic approaches, long short-term memory (LSTM) and multiple long short-term memory
(M-LSTM)), for the machine learning statistical approach and the basic model approach, autoregressive integrated moving
average (ARIMA), transfer function, and Koyck regression. The proposed model will be analysed and tested for
significance using a completely randomised design to capture complex patterns in historical Indonesian interest Rate
data and ESG factors, thereby enhancing the accuracy of Indonesian interest Rate forecasting.

This study divides the research objectives into two specific and general objectives, taking into account the
contributions generated. The specific objectives are to determine the significance of the relationship between ESG factors
and Indonesia's Interest Rate fluctuations, and to compare the performance of machine learning statistics and basic model
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statistics in predicting Indonesia's interest rate. Moreover, to determine the accuracy of ESG factor forecasts in relation to
Indonesia's interest rate fluctuations, based on the mean absolute percentage error (MAPE) accuracy measure. The
general objective is to develop an ESG-based Indonesia interest rate forecasting model with several proposed approaches,
with the best accuracy based on the analysis results. In general, this study presents a novel approach to empirical studies,
integrating multiple inputs to compare forecasts between basic model statistics and machine learning statistics in the
context of ESG factors and Indonesia's interest rate performance. Leveraging the power of the proposed approach to
forecast Indonesia's interest rate performance in the context of climate risk, this study integrates ESG data into the
approach, utilising multiple inputs. Thus, the significance of the relationship between the two can be clearly determined
through the model. Therefore, this research is fundamental because business actors require accurate and relevant
information to make informed decisions about the appropriate national economic conditions, particularly regarding how
ESG factors impact Indonesia's Interest Rate performance, thereby minimising climate risk. In addition, regulators also
need effective and accurate tools to monitor and manage systemic risks due to climate change that affect the national
economic sector.

Il. LITERATURE REVIEW
A. Koyck Regression
Koyck regression, also known as distributed-lag regression, is a basic statistical forecasting method that helps
illustrate the relationship between dependent and independent variables distributed over a specific time period. This
method considers the role of time, which separates the prediction of the dependent variable from changes in the value
of the independent variable. In general, the Koyck regression model is defined as follows [8].

P
Yt =a +Z,8iXt_,- + e
i=o0
Bi = ag + a;ji + azi? + - + api™
2

Vi =a+ Z(ao + ;i + ayi® 4 4 api™)BiXe—i + e
i=o
Where Y, is the value of the dependent variable at time ¢t, « is the intercept, f; is the coefficient of the i*" independent
variable, X,_; is the independent variable at time t — i, a,, is the coefficient of the independent variable with the m*"
degree of polynomial, and e, is the error at time t.

B. Autoregressive Integrated Moving Average (ARIMA)

Autoregressive integrated moving average, or ARIMA, is a basic statistical forecasting method for time series data,
also known as the Box-Jenkins method. This method uses past and present values to generate predictions. In general,
the ARIMA model can be denoted as ARIMA(p, d, q), where p represents the order of the autoregressive process, q
represents the order of the moving average process, and d represents the order of the differencing process.
Mathematically, the ARIMA(p, d, ¢) model is defined as follows [9], [10].

¢p(1—B)Y, = u + 6,(Be;

¢, is the coefficient of the autoregressive component with order p, 6, is the coefficient of the moving average
component with order g, d is the order of the differencing, B is the backshift operator, Y is the time series data at time
t, and e; is the residual at time ¢.

C. Transfer Function
The transfer function, also known as autoregressive integrated moving average with exogenous (ARIMAX), is an
extended forecasting method of ARIMA where the predicted value of the output time series data Y; is based on the

past values of the input time series data X;. If ws(B) = wg — w1B — w,B? — -+ — wgB® and §,(B) = 1 — §;B — 6,82 —
-+ — 6,B7, then mathematically the transfer function equation can be written as follows [11], [12].
ws(B) 6q(B)

BT T B

b is the lag recorded in x;_, s is the length of time the input series influences the output series, and r is the length
of time the output series at time t is influenced by the output series at time (k —t). A comprehensive explanation of
the transfer function analysis stages can be found in [10].

D. Long Short-Term Memory (LSTM)

Long short-term memory (LSTM) is a statistical machine learning method for forecasting that extends recurrent
neural networks (RNNs). This method is capable of producing good forecasts with an architecture consisting of
several layers. The first layer is the input layer, followed by the hidden layer, and finally the output layer [13]. First,
the input gate is a gate that takes the previous output and the new input. This gate also returns a value of 0 or 1.
Suppose the input value is symbolised by in;, with the sigmoid activation function o, for the input gate weight matrix
W;, and the bias of the input gate b;. Then, if Y; is the input at time t and h;_; is the hidden state at time t — 1, the
value of in; can be defined as follows.
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in, = o(W;Y; + Wihy_1 + b;)

For a memory cell that has a candidate value C; with input gate weights from memory cell W,, where the bias of the

memory cell is b., and h;_ is the state at time t — 1. The candidate value can then be defined as follows.
C; = tanh(W,Y; + W h,_, + b.)

Second, the forget gate takes input at time t and output at time (t — 1), which then uses the sigmoid activation
function g. Suppose the forget gate is symbolised by f;, with the weight matrix for the forget gate Wy, and the bias for
the forget gate by. Then, if there is input at time ¢ symbolised by Y; and h;_ is the hidden state at time t — 1, the value
of the forget gate can be defined as follows.

ft = O'(nyt + tht—l + bf)
With the state value of the memory cell updated from the previous process, denoted as C;, defined as follows.
Ce=ing*Co+ fr+Crq

Where in, is the input gate at time ¢, C; is the candidate value of the memory cell, f; is the forget gate at time t, and
C;-4 is the cell state at time t. Finally, the output gate. This gate controls the number of states that pass through. If we
start from the output gate symbolised by o,, where ¢ is the sigmoid activation function with the weight matrix for the
output gate W, and b, is the bias for the output gate. Then, if there is an input at time t symbolised by Y, with hy_4
being the hidden state at time t — 1 for the state of the updated memory cell C; and V, being the weight matrix for the
output gate, then the value of the output gate can be defined as follows.

0 = o(WpYy + Wohi—y + Vo Cy + by)

Where the final output of the cell is symbolised by h;, then the value of h; can be calculated based on the following

formula.
ht = o¢ * tanh(C;)

o¢ is the value of the output gate and C; is the state of the updated memory cell [13], [14]. Furthermore, the activation
function itself is used in LSTM to generate the output of each layer. Mathematically, in the explanation above, the
activation functions, specifically the sigmoid and tanh activation functions, are defined as follows.

tanh(x) = 20(2x) — 1

1

T l4e™’
x is the input data, o is the value of the sigmoid activation function, tan h is the value of the tan h activation function,

and e is the exponential value [15]. In general, the architecture of LSTM is shown [16].

E. Multiple Long Short-Term Memory (M-LSTM)

Multiple long short-term memory (M-LSTM) is a forecasting method in statistical machine learning that extends the
LSTM method, differing primarily in the input section. In M-LSTM, multiple inputs are used. However, in general,
the architecture of both is the same. Clearly, the distinguishing input between the two can be seen based on previous
research (Xu et al. 2020; Miran et al. 2021). The LSTM method with a single input, where the input used is the data at
time t — 1, symbolised by Y;_;, then in the M-LSTM method or with multiple inputs with data at time t — 1, there are
three inputs, which can be symbolised as Y;,_4, Y1,_5, Y1,—3. In general, the architecture of M-LSTM is shown in [5].

F. Forecasting Accuracy Measures
Forecasting accuracy measures are calculations used to determine the accuracy level of the forecasting method. This
study employs the mean absolute percentage error (MAPE) as a measure of accuracy. Mathematically, the MAPE
value can be calculated using the formula proposed by [19].
n

1 e
MAPE = —Z |—| X 100%
=

The i-th observation data is symbolised by y; and the estimated value at time i is symbolised by ¥;, where e; is the
difference between y; and y; or ¢; = y; — ¥;.

G. T-Test
The hypothesis test used in this study is the t-test. This test is one of the tests used to test the difference in the means
of two samples. In general, the paired t-test has hypotheses Hy: i, = Ag or Hy: ug # Ao, with t-test statistics where n
is the sample size and n; and n, are the sample sizes of group 1 and group 2. Then, the t-test statistics can be defined
as follows [5].

X1 — X2

1 1
Sp |-+
n N
. (n;—1)s2+(n,—1)s2 2 2 . = =
The variance value s, = I ——— for s{ and s3 are the sample variances of groups 1 and 2. For x; and ¥,
1 27

are the means of groups 1 and 2 with degrees of freedom df = n; +n; — 2.

t=
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lll. METHODOLOGY

The empirical data used in this study are divided into three categories. Indonesia Interest Rate (¥) data is historical
monthly Indonesia Interest Rate data from the Bank of Indonesia, ESG data (X;) is monthly air quality (PM25) data
from the Air Quality Index (AQI), and climate risk data (X3) is rainfall index data sourced from the Indonesian Central

Statistics Agency database with analysis steps as below.

1. Data preprocessing by collecting the proposed data for analysis, performing data cleaning, handling missing data:
linear interpolation and forward-filling, normalising data according to the model input, and testing data stationarity
and data transformation.

2. Data exploration

3. Splitting Data

Table 1 Splitting Data
Data Training Data  Testing Data

1 80% 20%
2 75% 25%
3 70% 30%

4. Modelling with machine learning statistics by preparing the data input from step (1). Then, determine the model
hyperparameters and building a model using training data with LSTM and M-LSTM.

5. Modelling with basic model statistics by preparing input data from step (1) and building a model using training data
with ARIMA, transfer function, and Koyck regression.

6. Comparison of analysis results, by comparing the accuracy of model predictions based on analysis results using
training data and identifying significant factors.

7. Comparative analysis of model performance: to compare the forecasting accuracy across models, a descriptive
comparison of MAPE values was conducted. Additionally, an exploratory analysis of variance (ANOVA) was
performed to examine the MAPE values, which are presented as exploratory and descriptive guidance only, not as
confirmatory statistical inference.

8. Model validation with test data

9. Interpretation and recommendations

IV. RESULTS AND DISCUSSIONS

This research began with the collection of data related to Indonesia's monthly interest rates from Bank Indonesia,
ESG data related to monthly air quality (PM25) data from the Air Quality Index (AQI), and climate risk data related to
rainfall index data sourced from the Indonesian Central Statistics Agency database, taken from January 2015 to February
2025. Next, data preprocessing was carried out in accordance with missing data checks, utilising linear interpolation and
forward filling methods. The handling of missing data using both proposed methods yielded the same value. Therefore,
the method that will be used next is linear interpolation, which will then be used for analysis.

This research considers two study scenarios. First, a comparative study of basic statistical methods and machine
learning statistics. Second, a study of data splitting. The data, which had undergone missing data handling, was split into
three training and testing data comparison scenarios, as shown in Table 1. Furthermore, both basic statistical methods
and machine learning statistics will use the proposed data splitting scenario. The three basic statistical model methods
proposed in this study were tested for data stationarity using the Augmented Dickey-Fuller (ADF) test, where the null
hypothesis is Hy: non-stationary data and the alternative hypothesis is H;: stationary data. With a significance level of
5%, if the p-value is greater than 0.05, it means that Hy cannot be rejected, or the data is non-stationary. Meanwhile, if
the p-value < 0.05, it means that Hj is rejected, or the data is stationary. The results of the ADF test on the Indonesian

Interest Rate (Y) data are presented in Table 2.
Table 2 ADF Test Results for Indonesia Interest Rate (Y) Data

Data Differencing Value Decision

1 2 0.01 Reject Hy
2 2 0.01 Reject Hy
3 2 0.01  Reject Hy

The first analysis using this basic statistical model approach, where the data that has undergone the ADF test in
Table 2 will be modelled using ARIMA, where the model candidates obtained are based on the values of the
autocorrelation function (ACF), partial autocorrelation function (PACF), and extended autocorrelation function (EACF)
plots. The ARIMA model candidates obtained are presented in Table 3.
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Table 3 ARIMA Model Candidates
Data  Differencing  Value

ARIMA(0.2.2)  -102.18
ARIMA(2,2,0)  -99.41

L ARIMA(1,2,1) 10385
ARIMA(2,2,2)  -100.02
ARIMA(0,2,1)  -87.65
ARIMA(2,2,0)  -87.48

2 ARIMAQ1,2,1)  -90.7
ARIMA(2,21)  -89.21
ARIMA(0.2.1)  -79.29

X ARIMA(2,2,0)  -79.53

ARIMA(1,2,1) -81.48
ARIMA(2,2,1) -79.57

The best model, selected from the model candidates, is the one with the smallest AIC value. Therefore, in each
proposed data division scenario, the best model obtained is the same, namely ARIMA(1,2,1). Next, each model undergoes
parameter estimation and model diagnostics. The formality tests performed in this model diagnostic process are

normality tests, residual mean tests, and autocorrelation tests. For normality tests with a significance level of a = 5%, if
the p-value is greater than 0.05, it means that Hy cannot be rejected, indicating that the residuals are normally distributed.
If the p — value < 0.05, it means that H, is rejected or the residuals are not normally distributed. The residual mean test
was conducted with a significance level of & = 5%. If the p-value is greater than 0.05, it means that H, cannot be rejected,
indicating that the residual mean is equal to zero. If the p — value < 0.05, it means that H, is rejected or the residual mean
is not equal to zero. The last, the autocorrelation test was conducted with a significance level of @ = 5%, where a p-value
greater than 0.05 indicates that Hy cannot be rejected, suggesting no signs of autocorrelation. If p — value < 0.05, it means
that Hy is rejected or there are signs of autocorrelation. The complete diagnostic results of this model are presented in

Table 4.
Table 4 Estimation of Parameters

Parameter Estimation

Data
Estimated Value p-value
. ¢, = 05799501  6.96 x 10-12*
6; = 0.9999981 2.22 x 10716
2 ¢, = 0.5839122 7.05 x 10~ 11*
6, = 0.9999987 2.22 x 10716
3 ¢, = 0407994 2.70 x 1072*

0, =0.846132 211 x 1071%*

Table 5 Diagnostics Model of Table 4

Parameter Estimation

Data Normality Test** Mean Residual Test*** Autocorrelation Test****

p-val Decision p-val Decision p-val Decision
1 1.44x107**  Reject H, 9.39x 10™* Do Not Reject H, 9.47x 10™* Do Not Reject H,
2 1.35x 107*2  Reject H, 9.31x10™* Do Not Reject H, 9.79x 10™* Do Not Reject H,
3 5.99x 107*%  Reject H, 6.56x 107" Do NotReject H, 9.83x 10™* Do Not Reject H,

Note: * Significant at @ = 5% in the dataset. **Kolmogorov-Smirnov test. *** t-test. ****Ljung-Box test.

Based on Table 4-5, the estimated values for each data division scenario are statistically significant at @ = 0.05.
Additionally, the model's diagnostic results confirm that the mean residual value is equal to 0 and there are no signs of
autocorrelation. Therefore, this model is suitable for forecasting. Mathematically, the best model obtained using the
backshift operator decomposition for the ARIMA model is following this equation.

Datal:Y, = p + 2.5799501Y;_; — 2.1599002Y;_, + 0.5799501Y;_3 + e, — 0.9999981e,_,
Data 2: Y, = p + 2.5839122Y;,_; — 2.1678244Y,_, + 0.5839122Y;_3 + e, — 0.9999987¢,_,
Data 3:Y; = u + 2.407994Y,_; — 1.815988Y;_, + 0.407994Y;_3 + e; — 0.846132¢;_,

The equation above can then be used to forecast the training data, which is subsequently applied to the test data.
The goodness of this research model is evaluated using the MAPE measure. The accuracy of the ARIMA model's forecast
results, validated on the test data in this study, is shown in Table 6.

\

Table 6 MAPE of ARIMA Model Forecasts
Data MAPE (%)

1 2.4439
2 1.9741
3 1.9556
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The findings presented in Table 6 indicate that forecast accuracy increases as the amount of training data used
decreases. Based on previous research [19], MAPE accuracy values can be categorised into four categories, with MAPE<
10% indicating an excellent model forecast. Therefore, using three forecast data scenarios, the ARIMA(1,2,1) model
categorises the Indonesian interest Rate data as excellent.

In the second analysis, using the basic statistical model approach, the data tested using the ADF (Augmented
Dickey-Fuller) in Table 2 will be modelled using a transfer function, or ARIMAX. In accordance with the stages in
modelling a transfer function, the first input variable, X;,, in this study relates to air quality data (pm25), and the output
variable, Y;, is the Indonesian interest Rate data. In the second analysis, the second input variable, X,, is rainfall index
data, and the output variable, Y, is the Indonesian Interest Rate data. The input data from X;, and X, will first be
modelled using ARIMA. The missing data handling results are divided into the same proportions as in the standard
ARIMA model, with training data and test data ratios of 80:20, 75:25, and 70:30. Next, the training data is tested for
stationarity using the Augmented Dickey-Fuller (ADF) test, where the hypothesis is that H, is non-stationary and H; is
stationary. With a significance level of 5%, a p-value greater than 0.05 fails to reject the null hypothesis (H,), indicating
non-stationary data. A p — value < 0.05 rejects Hy, indicating stationary data. The results of the ADF test on the input
data X;; and X, are Rejecting H, with all of the p-value of first differencing is 0.01.

The input data X;, which has undergone the ADF test in Table 2, will be modelled using ARIMA. The candidate
models obtained are based on the values of the autocorrelation function (ACF), partial autocorrelation function (PACEF),
and extended autocorrelation function (EACF) plots. The candidate ARIMA models obtained are presented in Table 7.

Table 7 AIC of ARIMA Candidates Model
Data Model AIC

1 ARIMA(0,1,1) 894.044
ARIMA(1,1,1) 895.367
ARIMA(1,1,0)  893.703
ARIMA(2,1,0) 894.963

2 ARIMA(0,1,1) 835.691
ARIMA(1,1,1) 837.026

Xie ARIMA(1,1,0) 835.345
ARIMA(2,1,0)  836.658
3  ARIMA(0,1,1)  783.886
ARIMA(1,1,1) 785455
ARIMA(1,1,0)  783.629
ARIMA(2,1,0)  785.144
1 ARIMA(0.1.1) 1600.712
ARIMA(1,1,1)  1602.543
ARIMA(1,1,0)  1639.593
ARIMA(2,1,0)  1630.408
2  ARIMA(0.1.1) 1492.310
ARIMA(1,1,1)  1494.144

Xt

ARIMA(1,1,0)  1528.341

ARIMA(2,1,0)  1519.970

3 ARIMA(0.1.1) 1399.172

ARIMA(1,1,1)  1401.014

ARIMA(1,1,0) 1432.610

ARIMA(2,1,0) 1424.948
The best model for the input X;, selected from the candidate models, is the one with the smallest AIC value.
Therefore, in each data distribution scenario for the two proposed inputs, the best models obtained were the same:
ARIMA(1,1,0) for X1, and ARIMA(0,1,1) for X,,. Next, parameter estimation and model diagnostics were performed for
each model. The formal tests performed in this model diagnostic process were the normality test, the residual mean test,

and the autocorrelation test. The hypotheses used in the previous ARIMA model explanation were used.

Table 8 Estimation of Parameters

Parameter Estimation

Data
Estimated Value p-value
1 ¢, =—014566 1.48x 107!
X, 2 ¢, =-0151681 147 x107!
3 ¢, =-014775 172 x 107!
1 0, = 1.00 2 x 10716+
Xy 2 0, = 0.99 2 x 10716%
3 8, = 0.99 2 x 10716%
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Table 9 Diagnostics Model of Table 8
Parameter Estimation

Data Normality Test** Mean Residual Test*** Autocorrelation Test****
p-val Decision p-val Decision p-val Decision
1 299%x107'* Reject H, 9.85x 107" Do NotReject H, 0.51x 1072 Do Not Reject H,
X, 2 336x107® RejectH, 9.85x107" Do NotReject H, 1.13x 107" Do Not Reject H,
3 222x107'®  RejectH, 9.85x107" Do NotReject H, 1.01x10* Do Not Reject H,
1 555%x107'%  RejectH, 9.96x 107! Do Not Reject H, 1.00 Do Not Reject H,
Xoe 2 6.66x107'®  Reject H, 9.51x 107* Do Not Reject H, 1.00 Do Not Reject H,
3 220x107'® RejectH, 9.30x 107* Do Not Reject H, 1.00 Do Not Reject H,

Note: * Significant at @ = 5% in the dataset. **Kolmogorov-Smirnov test. *** t-test. ****Ljung-Box test.

The estimated values presented in Table 8 for each input and data sharing scenario, for input Xy, are significant
at @ = 5%. Furthermore, the diagnostic results (see Table 9) for all model inputs meet the assumption of a residual mean
of 0 and no autocorrelation. Therefore, this model is suitable for use. Next, the pre-whitening of input X, is converted to
a;. This pre-whitening value of input a;, is applied to output Y¥;, denoted by ;. Mathematically, the best model obtained
using the backshift operator is ARIMA(1,1,0) for X;; and ARIMA(0,1,1) for X,; with a, is input and B, is output are
presented following this equation.

For X;; Data 1.
@ = i — X + 0.85434X,_; + 0.14566X,_, + e,
= 1 — Yy +0.85434Y;,_; + 0.14566Y;_, + e,
For X;; Data 2.
a; =pu— X, +0.848319X,_; + 0.151681X;_, + e,
By = u—Yy+0.848319Y;,_, + 0.151681Y;_, + e,
For X;; Data 3.
ar =pu— Xy +0.85225X;_4 + 0.14775X;_, + e,
B = 1t — Y, + 0.85225Y,_; + 0.14775Y;_, + e,
For X, Data 1.
ar=p—Xe+Xe1+e—eq
c=pu—Yr+Y1te —e
For X,; Data 2.
ar=pu—X+Xe_q+e—099%e,_4
Be=u—-Y+Y_1+e —099%;_,
For X;; Data 3.
ar=p—X¢ + X1+ —0.99%;_1
Be=u—-Y+Y_1+e —099%_,

The pre-whitening results of the input a; and output S, are calculated based on the values from the cross-
correlation plot. Based on the cross-correlation plot, both inputs are significant at the first lag, resulting in a value of b =
1, indicating that a one-month delay in X; affects the value of Y;. The selection of order r = 2 is based on the fit of the
cross-correlation plot to the impulse function with s = 0. The residual values of b, s, and r are then checked based on the
ACF, PACF, and EACEF values to obtain the order (py, ¢»)- The obtained transfer function model has the order (b,r,s) =
(1,2,0) and the noise series model (p,, g,) = (1,0). The obtained transfer function model is followed this equation.

For X;; Data 1.
v 1 . 1
t = 11042628 + 0.5490B2 "1 T 1_-09994B
For X;; Data 2.
v 1 N 1
£~ 15096058 — 0.1053B2 "1 T 1-0.9994B
For X;; Data 3.
1 1

Y, = 4
t = 140350178 — 0.999382 "1 " 1-0.99938 “
For X, Data 1.

1 1
Y, = e
t= 17081068 + 0232282 ¢ 1 T1_g*%
For X;; Data 2.
v 1 .\ 1
t = 17070848 + 0329382 "t T1-09991B ¥
For X;; Data 3.

1 1

Y, = -
= T¥ 131168 + —0285682 1 T 1-0.099938 “
The equations above can then be used to forecast training data, which is then applied to the test data. The MAPE

measure is used to evaluate the goodness of fit of the research model. The accuracy of the transfer function model
forecasts validated on the test data in this study is shown in Table 10.
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Table 10 MAPE of Transfer Function Model Forecasts
Data MAPE (%)

1 0.12319
X, 2 013588
3 0.14244
1 1.54733
X,y 2 176314
3 249827

The findings presented in Table 8 indicate that forecast accuracy decreases as the amount of training data used
decreases. Based on previous research [19], MAPE accuracy can be categorised into four categories, with MAPE <10%
indicating excellent model forecasting. Therefore, using three forecast data scenarios, the model's input X;, is air quality
data (PM2.5) and its input X, is rainfall index data, with the output variable Y; being the Indonesian interest rate data,
which is categorised as excellent.

The third analysis, employing a basic statistical model approach in this study, is Koyck regression. This method
is proposed to examine the influence of predictor variables, namely air quality data (PM2.5) and rainfall index data, on
the dependent variable, the Indonesian Interest Rate in Indonesia. Mathematically, the Koyck regression model, obtained
using the three data distribution scenarios, is employed for parameter estimation and model diagnostics. With a
significance level of @ = 5%, this model diagnostic will reject Hy if the p — value < a, meaning there is sufficient statistical
evidence to conclude that there is a significant relationship between the independent variable (X;) or (X;) and the
dependent variable (Y). If the p — value > a, it will accept Hy, meaning there is insufficient statistical evidence to
conclude that there is a significant relationship between the independent variable (X;) or (X;) and the dependent variable

m.

Table 11 Parameter Estimates for the Koyck Regression Model

Estimated Parameter

Data
Estimated Value p-value
a(l1—2)=0.0667947 440 x 107t
1 Bo = 0.9957643 2.00 x 10716
A =—-0.0006773 3.58 x 107!
a(l1—21)=0.0601214 5.00 x 107!
X, 2 Bo = 0.9965110 2.00 x 10716*
A =—-0.0006656 4.03 x 107!
a(1—2)=0.0535969 5.63 x 107!
3 Bo = 0.9970804 2.00 x 10716*
A =-0.0006412 476 x 107!
a(1—1) = 02061418 558 x 10 *
1 B, = 0.9318711 1.86 x 10-11*
A =0.0003710 6.68 x 107!
a(l—21)=0.1824076 5.77 x 1071
X, 2 Bo = 0.9373913 2.16 x 10712+
A =0.0003425 6.76 x 107!
a(l—21)=0.1580410 6.17 x 1071
3 Lo = 0.9416830 1.64 x 10712*
A =0.0003363 6.85 x 107!

Table 12 Diagnostics Model of Transfer Function

b Coefficient of Determination Hypothesis Testing**
ata
R? Adjusted R? p-value Decision
1 0.9723 0.9718 2.22x 10716 Reject Ho
X 2 0.9730 0.9724 2.22x 10716 Reject Ho
3 0.9730 0.9723 2.22x 10716 Reject Ho
1 0.8643 0.8614 2.22%x 10716 Reject Hy
Xor 2 0.8817 0.8790 2.22x 1076 Reject Hy
3 0.8833 0.8804 2.22x 10716 Reject Hy

Note: * significant at a = 5%. ** Wald Test

Based on Table 11-12 above, the estimated values obtained indicate an excellent coefficient of determination,
supported by the test that the proposed independent variables significantly influence the dependent variable, the
Indonesian Interest Rate. Furthermore, the goodness-of-fit model, based on the R? and adj R? values, shows values
greater than > 0.85. This means that more than 85% of the variation in the Indonesian Interest Rate can be explained by
air quality (PM2.5) and the rainfall index included in the model. Therefore, mathematically, the obtained Koyck
regression model has the equation presented below.
For X; Data 1.

Y, = 0.0667947 + 0.9957643X, — 0.0006773Y,_; + e,

For X; Data 2.

Y, = 0.0601214 + 0.9965110X; — 0.0006656Y;_1 + e;
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For X; Data 3.

Y, = 0.0535969 + 0.9970804X, — 0.0006412Y,_; + e,
For X, Data 1.

Y; = 0.2061418 + 0.9318711X; + 0.0003710Y;_; + e,
For X, Data 2.

Y, = 0.1824076 + 0.9373913X; + 0.0003425Y;_; + e,
For X, Data 3.

Y, = 0.1580410 + 0.9416830X; + 0.0003363Y;_; + e,

Based on the equation above, the model can then be used to forecast training data, which is then applied to test
data. The model's goodness-of-fit (MAPE) is used to evaluate the model's goodness-of-fit in this study. The forecast
accuracy of the Koyck regression model for training and test data in this study is shown in Table 13.

Table 13 MAPE of Koyck Regression Model Forecasts
Data  MAPE (%)

1 0.244
X, 2 0.226
3 0.219
1 0.357
X, 2 0.328
3 0.331

Table 13 shows that forecast accuracy increases with decreasing training data, a trend similar to that observed in
ARIMA forecasting. Previous research [19] found that MAPE accuracy can be categorised into four categories, with
MAPE <10% indicating superior forecasting. Therefore, using three forecast data scenarios for the Koyck regression
model, the Indonesian Interest Rate data, based on both air quality data (PM25PM2.5) and rainfall index data, is
categorised as excellent.

The second approach is through machine learning statistics, where the first analysis in this section uses LSTM.
Modelling with LSTM in practice does not have standard rules, such as basic model statistics, for determining its
hyperparameter values. Generally, hyperparameters in LSTM include the number of epochs, batch size, and number of
neurons or unit. If Khikmabh et al. (2025) proposed to conduct a one-by-one analysis and then test the hypothesis for the
significance of the difference in the prediction results with ANOVA, this study proposes to conduct further research by
tuning hyperparameters using grid search. This method the proposed parameter combination by evaluating all
combinations of hyperparameter values using cross-validation techniques on the training data to identify the
hyperparameter combination that yields the best accuracy. Furthermore, this value is referred to as hyperparameter

initialisation. The hyperparameter initialisation to be tuned on the training data is presented in full in Table 14.
Table 14 Hyperparameter Initiaization of the LSTM Archtitecture

Hyperparameter Specification Value
Neuron/ Unit 4;20; 50
Batch Size 10; 20; 32; 40; 100

Epoch 10; 50; 100; 200

LSTM layer 1 LSTM Layer

Cross validation 3
Number of dense layer 1 Dense Layer
Activation Function Relu
Optimizer Adam

Research by [20], [21], [22] shows that the number of neurons or unit, batch size, and epochs affect the forecasting
power of LSTMs. Therefore, the hyperparameter tuning applied in Table 12 in this study was applied to the Indonesian
Interest Rate training data in each normalised data sharing scenario. The best model hyperparameter combination

obtained based on grid search for each data sharing scenario is presented in Table 15.
Table 15 Hyperparameter Tuning Results with Grid Search

Hyperparameter
Data
Neuron/ Unit Batch Size Epoch
1 20 20 200
2 20 20 200
3 50 20 200

The values obtained in Table 15 were then used for modelling and forecasting on the Indonesian Interest Rate
training data, where the proposed empirical data forecasting results were compared based on MAPE accuracy. Based on
the forecasting results validated using the test data, the error for the 80:20 data was 4.264%, followed by the 75:25 data
with a forecast error of 4.551%, and the 70:30 data with a forecast error of 5.165%. See Table 16. These results indicate that
the forecasting error increases with decreasing training data, consistent with the forecasting results using the transfer
function.
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Table 16 MAPE of LSTM Model Forecasts
Data MAPE (%)

1 4.264
2 4.551
3 5.165

The second analysis, based on the statistical machine learning approach, uses M-LSTM. This method, an extension
of LSTM, similarly lacks standard rules for hyperparameter values in practice. Therefore, similar to LSTM, M-LSTM
employs the same hyperparameter initialisation criteria as those in Tables 14-15. The hyperparameter specifications used
by the M-LSTM method with LSTM are then applied to modelling and forecasting the Indonesian interest Rate training
data, combined with air quality data (PM2.5) and the PM25 rainfall index data. The forecast comparison criterion used is
MAPE. Validated forecast results on the test data show an error of 6.902% for the 80:20 data, 7.703% for the 75:25 data,
and 8.601% for the 70:30 data (see Table 17). Similar to LSTM, M-LSTM has an increasing forecast error as the training

data decreases.
Table 17 MAPE of M-LSTM Model Forecasts

Data MAPE (%)

1 6.902
2 7.703
3 8.601

Next, this assumption is tested by hypothesis testing the forecast MAPE values using analysis of variance. This
analysis aims to detect MAPE values based on the levels of each factor and their interactions. This hypothesis testing was

conducted at a significance level of o = 0.05, as fully presented in Table 16.
Table 18 Results of The Analysis of Variance

Source of Variance DF SS MS F-count p-val
Approach 1 117.90 117.90 2860.863 *3.49x 10~*
Data Splitting 2 0.70 0.35 8.553 1.05% 1071
Model 4 19.32 4.83 117.197 *8.48x 1073
Approach+Data Splitting 2 1.05 0.53 12.768 7.26x 1072
Data Splitting*Model 8 0.68 0.09 2.063 3.67x 1071
Approach *Model 1 6.60 6.60 160.129 *6.19%x 1073

Residual 2 0.08 0.04

Note: *) significant at a=5%; *) interaction

To explore the sources of variation in MAPE values, a three-factor analysis of variance (ANOVA) was conducted
with factors, approach, data splitting, and model. The results, presented in Table 18, should be interpreted cautiously
due to the limited degrees of freedom (only two residual degrees of freedom). As such, these findings are exploratory
rather than confirmatory. Furthermore, this empirical study also proposed a t-test hypothesis test. With a significance
level of a = 5%, the p-value of the t-test obtained was 3.468 x 108 (p-value< @), meaning H, is rejected. This test is
shown as exploratory descriptive statistics only. They should not be overinterpreted as confirmatory hypothesis tests and
the p-values are shown for transparency but lack sufficient statistical power for definitive conclusions. Instead, the

primary comparison of model performance is based on descriptive MAPE values (see Table 19).
Table 19 MAPE of All Model Forecasts

Approach Model Best MAPE Value
Statistical ARIMA 2.1245
Fundamental Transfer Function 1.0350
Koyck Regression 0.2842
LSTM 4.6600

Machine Learning M-LSTM 77353

The MAPE values summarized in Table 19 above indicate that the fundamental model statistics have a smaller
MAPE value than the machine learning statistics, indicating that the baseline model statistics have better accuracy than
the machine learning statistics. According to [19], they fall into the category of good forecast accuracy (MAPE < 10%).
This aligns with the findings of research [23] that the baseline model statistics are suitable for use when the data used is
time series data with a specific time period or not big data. However, the forecast accuracy results of the machine learning
statistics are still in the good category (MAPE < 10%). In theory, machine learning statistics should have high accuracy
when used for big data forecasting due to the learning outcomes achieved with large datasets. The results of the forecast
accuracy with limited time period data from the machine learning statistics, which fall into the good category, also align
with the results of a thesis study by [24], where LSTM and M-LSTM have good forecast accuracy on data with a limited
number of observations (n < 30). The analytical results obtained in this study have significant research strengths,
providing important insights into national economic interventions aimed at increasing awareness of the Indonesian
Interest Rate. This study also highlights the significant influence of independent variables on the dependent variable (the
Indonesian interest rate).

Furthermore, this study sheds light on Indonesia's interest rate fluctuations from a statistical perspective, using
both basic models and machine learning. These perspectives provide insights not only into their application in empirical

DOI: 10.12962/j27213862.v9i1.9511 Department of Statistics, Institut Teknologi Sepuluh Nopember



INFERENSI, Vol. 9(1), May. 2026. ISSN: 0216-308X (Print) 2721-3862 (Online)

129

studies. The results of these studies provide experience and insight into the comparison of forecasting methods,
indicating that basic statistical models are also worthy of consideration for forecasting, as demonstrated in this study by
the smaller MAPE values. However, this study also provides important insights, namely that statistical machine learning
actually has good forecasting accuracy when used not only on big data, as theoretically, but also on data with limited
timeframes. This suggests that statistical machine learning possesses significant strengths that can be further developed
in future research for forecasting purposes.

Furthermore, this research is not without limitations. The study is based on values initialized by the author, and
the number of possible hyperparameter combinations is substantial. However, in general, this research provides insight
into the evaluation of basic statistical models and machine learning methods for Indonesia's Interest Rate fluctuations,
both with and without ESG and environmental factors, and with the Indonesia interest rate alone.

The novelty of this comprehensive evaluation, which includes comparative studies, data sharing scenarios, multi-
input analysis, and hyperparameter tuning, provides empirical evidence for the superior performance of the proposed
method. The consistently high accuracy of the forecast MAPE values achieved by the proposed model underscores its
potential as an automated tool for Indonesia's interest rate forecasting, facilitating policymakers and other researchers in
maintaining national economic stability. This research also makes a significant contribution to the literature, particularly
in statistics. Further studies can be developed through the integration of machine learning into economic issues to
maintain national economic stability, particularly in the context of Indonesia's interest rate fluctuations. It demonstrates
the importance of selecting appropriate models for specific domains.

Statistics plays a crucial role in understanding, measuring, and predicting the impacts of various human activities
on the economy and the environment, and serves as a tool for identifying trends, patterns, and correlations in simple to
complex data. The comparative study in this research examines the results of various statistical approaches to enrich
understanding by highlighting the differences and similarities in the effects of environmental, social, and governance
(ESG) factors on national economic conditions, as reflected in Indonesian interest rates. It is important to emphasize that
this research does not claim that air quality (PM2.5) and rainfall indices are the only factors influencing Indonesian
interest rates. We fully acknowledge that other macroeconomic variables, such as inflation, gross domestic product
(GDP), and foreign exchange reserves, also play important roles in determining monetary policy and interest rate
fluctuations. The primary contribution of this research is to quantify the statistical relationship between two measurable
environmental factors (PM2.5 and rainfall) within a comparative forecasting framework involving basic statistical models
(ARIMA, transfer function, Koyck regression) and machine learning models (LSTM and M-LSTM), not to prove full
causality between environmental factors and interest rates. Nevertheless, statistical and empirical evidence obtained from
the analysis indicates that environmental and ESG factors have a significant influence on Indonesian interest rates, as
evidenced by the results of the transfer function model, Koyck regression, and M-LSTM. These findings allow us to
measure the effectiveness of various environmental policies, such as air pollution control and water resource
management.

The study of ESG and environmental effects, analyzed using various statistical approaches proposed in this
research, provides new and interesting insights for discussion. The Indonesian interest rate is Bank Indonesia's
benchmark interest rate, serving as the primary monetary policy instrument for controlling inflation and maintaining
national economic stability [26]. The statistical forecasts conducted in this study the environmental impact on these
economic issues. The results, which are significantly influenced by air quality data and the rainfall index, obtained in this
study, evaluate how long-term environmental quality stability is needed to achieve Indonesia's interest rate stability.
Furthermore, this relationship can be described as complex, involving a feedback mechanism where all three factors
mutually influence one another. Changes in monetary policy that affect the Indonesian interest rate can influence
innovation in green technology, putting pressure on natural resources, which in turn affects environmental quality and
air quality. Therefore, mitigating the impact by integrating ESG environmental data into economic models is crucial.

The integration of environmental and ESG data into economic models conducted in this study, using five
statistical models, demonstrates the urgency of this research. In the context of comparative studies, this provides findings
from two perspectives, both in terms of scientific literature and meta-analysis, which offer a more comprehensive and
measurable understanding of environmental and ESG factors that moderate the relationship between monetary policy,
as represented by the Indonesian interest Rate, and its sustainability and environmental effects. The development of a
forecasting model, with comparisons and a preliminary holistic study conducted in this research, enables the capture of
the complexity of non-linear relationships, interactions between environmental issues, and dynamic economic feedback
with the Indonesian interest Rate, utilizing fundamental statistical insights and machine learning statistics.

V. CONCLUSIONS AND SUGGESTIONS

The Indonesian interest rate forecasted through a comparative study of the two approaches showed promising results.
In accordance with the research objectives, ESG factors namely, air quality (PM2.5) and rainfall index significantly affect
the Indonesian interest rate value, as indicated by the analysis results of the transfer function model, Koyck regression,
and M-LSTM. Generally, all proposed approach models have good forecast accuracy, as evidenced empirically by MAPE
values with MAPE<10%. The MAPE values of basic statistical models (Koyck regression, transfer function, and ARIMA)
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of 0.2842%, 1.0350%, and 2.1245% outperformed machine learning (LSTM and M-LSTM) by 4.660% and 7.7353%. Thus,
the initial hypothesis of the study is that the development of an ESG-based Indonesia interest rate forecasting model is
worthy of use as a decision-making tool, as the results of the forecast accuracy analysis have also shown significant
differences through analysis of variance. The results of this study, encompassing the empirical study, can provide new
insights for various parties, particularly researchers in the field of statistics who aim to understand the performance of
different approaches. Furthermore, the findings of this study can serve as reference material and tools for policymakers
in making decisions to maintain national economic stability, which is affected by ESG conditions and requires the
development of monetary policies that internalize climate risks, particularly those related to PM2.5 and rainfall variables.
This study has limitations in data coverage from January 2015 to February 2025 and location (Indonesia). Therefore,
further research can be expanded to incorporate global data or explore hybrid model interpretability techniques to
enhance the transparency of predictions and integrate macroeconomic and ESG variables within a single model. This
would provide a clearer understanding of the interactions between environmental conditions, monetary policy, and
economic stability. This study contributes methodologically by comparing forecasting approaches. It also paves the way
for more holistic economic models that include environmental sustainability factors.
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