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Abstract: Global economic changes have necessitated the development of inflation models that can
accurately describe Indonesia's economic dynamics. This study aims to compare two optimization methods,
Newton Raphson and Stochastic Gradient Descent (SGD), in binary logistic regression modeling to analyze
the effectiveness of monetary policy. This study contributes to evaluating the performance of both methods
in terms of convergence speed and accuracy of inflation model parameter estimation. The results of the
analysis show that the Newton Raphson method is more efficient in achieving convergence with an iteration
value of 0.2933 compared to SGD, while both methods produce equivalent model quality based on the
Akaike Information Criterion (AIC) values of 34.4008 and 34.4254. These findings emphasize the
importance of selecting the right optimization method to support more efficient monetary policy analysis.
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Introduction

In 2021, the pandemic caused global economic instability that affected the
economies of all countries, especially rapidly developing countries such as Indonesia. The
World Bank described Indonesia's -pandemic economic recovery as triggering a rise in
commodity prices. In April 2022, CPI inflation rose from 1.6% to 3.5%, driven by global
oil prices, which caused food prices to increase. Fuel subsidies limited energy transmission
with inflation expectations remaining within the BI target [1].

Inflation is an important macroeconomic indicator in determining the stability of a
country's nvarious macro variables such as interest rates, oil prices, and exchange rates.
Recent empirical evidence shows that oil price shocks are one of the main determinants of
inflation in the ASEAN region, including Indonesia. Previous research found that oil price
shocks significantly drive inflationary pressures, especially when triggered by changes in
global demand, thereby directly impacting the CPI, the national economy, and stock
returns through channels inflation and exchange rates [3][4][5]. Global volatility has been
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shown to increase inflation forecasting errors, making traditional prediction models less
accurate [6]. Furthermore, research conducted by [7] states that the Newton—Raphson
method can experience convergence failure, while SGD is more stable in reaching the
optimum point, especially in complex data structures such as economic growth modeling
[8]. The research found that there are only a few studies or research that evaluate the
convergence of inflation models using a combination of the Newton Rhapson method,
Stochastic Gradient Descent (SGD), and logistic regression.

This study aims to estimate and analyze the equilibrium of the inflation model in
Indonesia for the period 2021 to 2025 using dependent variables in economic dynamics,
namely interest rates, world oil prices, and exchange rates. The Newton Raphson method
is used to find the equilibrium point, followed by parameter optimization using the
Stochastic Gradient Descent (SGD) method to ensure the convergence and stability of the
model. Logistic regression is used to calculate probabilities based on dependent variables.
The results will be used to assist in formulating policies and evaluating the impact of
external shocks on inflation control in the future.

The novelty of this research is an innovation that applies a probabilistic approach
that provides a new perspective in assessing changes in inflation status. Testing the
estimation limits was carried out by integrating the two optimization methods, Newton
Raphson and SGD, to produce a consistent model. Thus, this research can provide
methodological contributions and enrich practical insights into the role of monetary policy
in maintaining inflation stability amid uncertainty.

Materials And Methods
2.1 Research Process

This research was conducted in several stages, beginning with data collection,
followed by the separation of data into training data and testing data, then modeling using
binary logistic regression, followed by iterative modeling using the Newton-Raphson and
SGD methods, and finally evaluating the model performance from the test data to obtain
values and compare the predictive capabilities of each method, as summarized in the
flowchart shown in Figure 1.
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Figure 1 Research Process Flowchart
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2.2 Data Types and Sources

This study uses secondary data in the form of monthly time series for the period
2021-2025 with a total of 57 observations. Inflation data was obtained from the official
website of the Central Statistics Agency (BPS), interest rate data was obtained from BI
Rate/BI7DRR, rupiah exchange rate data was obtained from Federal Reserve Economic
Data (FRED), and world oil prices were taken from the Energy Information
Administration (EIA) database.

Table 2.1 Data on Inflation, Interest Rates, World Oil Prices, and Rupiah Exchange
Rates for the period 2021-2025

Inflation Europe Brent Spot
Y Month I R RBIDBI
ear ont (YoY) nterest Rate Price FOB S
2021 January 1.55% 3.75 54.77 99.12
2021 February 1.38% 3.50% 62.28 98.93
2021 March 1.37% 3.50% 65.41 97.87
2025 August 2.31% 5.00% 67.87 95.38
2025 September 2.65% 4.75% 67.99 93.84

Table 2.1 is a collection of data used in research during a certain period. The data
needs to be cleaned by removing spaces and percentages (%), then standardized on the
predictor variables.

2.3 Variable Transformation and Standardization

Standardization is used if the data obtained has a wide range of values, as the data
grouping process can become complicated and the data becomes invalid, and the
parameters cannot calculate the distance between data points [9]. Standardization aims to
improve model stability and performance so that the data scale is more centered and makes
it easier to interpret coefficient values. This standardization process is carried out so that
the variables used are on the same scale, there by facilitating a fast and accurate
optimization process. Variable standardization is performed using model estimation, and
all variables are standardized using the Z-score formula.

z=2F (1)

2.4 Binary Logistic Regression & Odds Ratio

Binary logistic regression is a regression where the dependent variable consists of
two categories, namely Y=1 or Y=0 [10]. This study uses inflation as the dependent
variable in binary logistic regression with the following definition.

v = { 1if inflation rises
“ |0 if inflation decreases
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The general equation in the binary logistic regression model can be written as follows.

‘%G%;Q%ﬂ:%+m&+“WMk ©)

In this study, the binary logistic regression model in equation 2 will be used to
estimate the probability of inflation based on predictor variables, namely interest rates, oil
prices, and exchange rates. Based on this equation, the binary logistic regression model
estimates the logit as the probability of success as a linear function of the predictor variable
[11]. The binary logistic regression model formula with the logit function.

n(Z55) = 96 )

1-m(xi)

Next, the logit function in equation 3 is used to calculate the observed probability
value, and this calculation then forms the basis for calculating the odds ratio. Odds Ratio
(OR) is a model used in binary regression to interpret parameter coefficients [12]. An OR
value > 1 indicates an increase in the probability of an event, while an OR < 1 indicates a
decrease in the probability of an event [13]. General formula for Odds Ratio.

OR; = eFi 4)

2.5 Newton-Raphson Method

Newton-Raphson is an iterative optimization method that updates parameters using
first and second derivatives, resulting in faster and more accurate convergence in non-
linear models, including logistic regression [14]. In this study, the Newton-Raphson
method integrates information from the first derivative and the Hessian matrix (second
derivative) to ensure a more precise and accurate convergence direction. The Newton-
Raphson iteration formula can be written as follows.

Xpa1 = %Xy — L2 )
f(xn)

In addition to using the Newton-Raphson method, this study also uses the SGD
method as a comparison method that is appropriate for formulating inflation models.
Stochastic Gradient Descent (SGD) is an effective optimization method because it updates
parameters using random samples from the data, making it more efficient than full
gradient methods [15]. Basically, parameter changes in SGD follow a mathematical
scheme:

0t + 1 = 0t — ntVOL(Ot; xi, yi) (6)

2.6 Hosmer-Lemeshow

The Hosmer-Lemeshow (HL) test was applied in this study to validate the
goodness-of-fit of the model by comparing the actual observation frequency with the
model expectation value [16]. The testing process began by sorting all probability estimates
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from the logistic regression model in ascending order. Next, the data is systematically
partitioned into g groups. In each group, the difference between the actual number of
events and the predicted probability is calculated. Statistically, this HL value is
asymptotically distributed chi-square under the null hypothesis [17]. The Hosmer-
Lemeshow test formula can be written as follows.

2 2
_ v¢ (0gi—Eg1) (0g0—Ego)
C=Xgm—p t o ()

2.7 Pseudo R? using McFadden

The contribution of predictor variables in explaining response variance is evaluated
using McFadden's R-Square index [18]. The calculation mechanism involves comparing
the log-likelihood values between the null model (model without predictors) and the full
model (complete model). This ratio is used to measure the predictive power of the model,
where a value close to one indicates a higher level of precision and reliability of the
estimation [19]. The following is the formula for Pseudo R?

_In(L1)
In(L0) (®)

RI%/ICF =1

Meanwhile, the formula for the likelihood function value is as follows.
F0)=X{-1Infi(yi |6) ©)

2.8 Wald Test

The significance of each parameter in the model is evaluated individually through
the Wald test procedure. Technically, this method works by calculating the ratio of the
square of the coefficient estimate to its standard error to obtain the W statistic. The result
is then compared with the chi-square distribution to determine the significance value. If
the resulting p-value is below the threshold of 0.05, then the related independent variable
is declared to have a significant effect on the response variable partially [20]. The Wald
test statistical formulation is stated as follows:

W= SEIE/?) (10)
2.9 Akaike Information Criterion (AIC)

The most optimal model among several alternatives is determined using the Akaike
Information Criterion (AIC) metric [21]. The evaluation mechanism works by penalizing
the log-likelihood value based on the number of estimated variables to minimize the risk
of overfitting. Through this procedure, the model that produces the lowest AIC score is
determined to be the most accurate and efficient representation of the data [22]. The AIC
formulation is stated as follows:

AIC = =21n(L) + 2k (11)
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Results And Discussion

In this study, Python programming was used to calculate and visualise the inflation
convergence model. The use of Python enabled the analysis process to be carried out
efficiently, from parameter estimation to model performance evaluation using various
optimisation methods. The results of the modelling and evaluation are presented and
discussed in the following section.

3.1 Variable Standardization

The first stage of analysis in this study was to clean the data and standardise the
variables to equalise the variable scales without eliminating the original distribution
patterns. All independent variables were standardised to obtain the data presented in
Table 3.1.

Table 3.1 Results of Data Cleaning and Standardization of Predictor Variables

Europe Brent Spot RBIDBIS
Interest Rate Pr;ice FOB P
-1.34063044 -1.25701991 -1.03780985
-1.34063044 -0.56466499 -0.06351371
-1.34063044 -1.44416285 -0.31002237
0.47387843 -1.28364894 -1.773423
-0.20656239 -1.02179676 -1.02179676

Table 3.1 shows the results of standardizing according to equation 1 all predictor
variables with a value range of -2 to 1. Extreme values such as —1.77 and 0.70 indicate
significant deviations from the standard deviation of the data. These values indicate the
presence of outlier observations that have the potential to greatly influence model
formation. Conversely, values clustered around the range of —1 to 0.5 indicate that the data
distribution remains optimal.

3.2 Iteration Results Using the Newton Raphson Method

The second step 1s to optimise the first logistic regression model using the Newton-
Raphson method, which aims to determine the estimated value and the optimal value
maximised by the logit function. The test results show very rapid convergence, as shown
in Table 3.2 below.

Table 3.2 Convergence of Newton Raphson Log-loss

ITteration Log-loss
1 0.344269
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0.301883
0.293979
0.293349
0.293343
0.293343
0.293343

N O U o W

Based on Table 3.2 and using equation 5, the Newton—Raphson log-loss value
decreases rapidly and converges to 0.293343 from the fifth iteration onwards, indicating
that the model parameters have been optimised. This rapid convergence indicates that the
relationship between the convergence status of regional inflation and its predictor variables
such as GDP growth, interest rates, and exchange rates is stable and well-identified.
Consequently, this model can be utilised by Bank Indonesia to map provinces with
inflation that converges or diverges from the national target, whilst also serving as an early
warning system for inflation disparities between regions.

3.3 Iteration Results Using the Stochastic Gradient Descent (SGD) Method

The third stage involves optimising the SGD method used as a comparison to
Newton — Raphson. This method is tested to find optimisation solutions using random
samples. The final results of the test are equivalent to the Newton-Raphson method, as
presented in Table 3.3 below.

Table 3.3 Iteration Results of the SGD (Stochastic Gradient Descent) Method

Epoch Log-loss
50/300 0.296465
100/300 0.294187
150/300 0.293796
2007300 0.293492
250/300 0.293591
300/300 0.293515

Based on Table 3.3, the log-loss value in the Stochastic Gradient Descent (SGD)
method shows a gradual downward trend throughout the iteration process. Although there
is a small increase from epoch 200/300 (0.293492) to epoch 250/300 (0.293591), this
phenomenon is common because this method is stochastic and does not indicate
divergence. Overall, the log-loss value decreases again and stabilizes at 0.293515,
indicating that the model has reached convergence. This condition indicates that the
resulting logistic regression parameters are optimal and capable of representing the
inflation convergence pattern in Indonesia.

3.4 Hosmer-Lemeshow Test
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After performing logistic regression model estimation, a goodness of fit test was
conducted using the Hosmer-Lemeshow test. This test is used to evaluate the suitability of
the model with the observed data. The following are the results of the Hosmer-Lemeshow
test presented in Table 3.4 below.

Table 3.4 Hosmer-Lemeshow Test

Method Chi-Square df p — value
NR 10.700519739790373 8 0.21925226918335183
SGD 10.36985469863977 8 0.2400202915597116

The results of the Hosmer-Lemeshow test using equation 7 in Table 3.4 show a
Newton-Raphson p-value of 0.219 and an SGD value of 0.240, both of which are greater
than the general significance level of 0.05. Therefore, the logistic model is deemed
appropriate for the data and is able to accurately explain the inflation convergence pattern.

3.5 Pseudo R>Test Mc Fadden

The fifth step is to perform a coefficient of determination test evaluated using Pseudo
R? based on log-likelihood comparison. This test value is used to describe the variation in
the probability of events that can be explained by the predictor variables in the model, as
shown in the following test result table 3.5 below.

Table 3.5 Coefficient of Determination Test

Method LL LLnull Pseudo R?
NR -13.2004 -30.2855 0.5641
SGD -13.2127 -30.2855 0.5637

Based on Table 3.5, it is known that both methods produce almost the same log-
likelihood value, namely -13.2 with LLnull -30.2855 as the model without predictors. The
pseudo R*values for Newton Raphson 0.5641 and SGD 0.5637 indicate that the model is
able to explain approximately 56% of the log-likelihood variation compared to the null
model, and the performance results of both are equivalent, with Newton Raphson being
slightly better numerically. This shows that both methods can be used effectively in
modeling inflation convergence patterns.

3.6 Wald Test

As a continuation of the previous maximum logit estimation and goodness-of-fit test
processes, the next step in hypothesis testing is to apply the Wald test to evaluate the
relative contribution of independent variables such as interest rates, world oil prices and
the rupiah exchange rate to the logit model. The results of the Wald test are presented in
Table 3.6 below.

Table 3.6 Parameter Estimates
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Std. Error z —value p-value OR
NR SGD NR SGD NR SGD NR SGD
Intercept Bo 0.6136 0.6146 0.4955 0.4619 0.6203 0.6441 1.3553 1.3197

Interest
Rate

Oil Price  B,X, 0.8876 0.8754 1.9209 1.9374 0.0547 0.0527 5.5019 5.3993
RBIDBIS B;X; 0.6689 0.6762 1.9224 1.9347 0.0545 0.0530 3.6176 3.5243

Variable Coef

BiX, 0.6742 0.6749 2.2524 22274 0.0243 0.0259 4.5652 4.3464

Based on Table 3.6, interest rates are the most influential variable on inflation with
a z-value of around 2.2 and a p-value of around 0.02, as well as an odds ratio of around
4.3-4.6, making it statistically significant in increasing the likelihood of inflation. Oil
prices and exchange rates show positive coefficients with z-values close to 2 and p-values
around the 5% threshold, as well as odds ratios of around 5.4 and 3.5, indicating that they
have a fairly strong influence on inflation increases, although their significance values are
weaker than those of interest rates. The Wald test results indicate that interest rates, oil
prices, and the exchange rate influence inflation dynamics in Indonesia. Therefore,
controlling interest rates and stabilizing the exchange rate and energy prices are crucial for
maintaining inflation convergence.

3.7 Akaike Information Criterion (AIC) Test

Based on equation 11, the AIC calculation results show that both models have
relatively similar performance, with AIC values of 34.4008 and 34.4254, respectively. The
difference of approximately 0.02 points indicates that the quality of the adjustment of both
models is almost the same. The AIC principle states that the model with a lower value is
preferred, because it provides a balance between model fit and complexity. Therefore, the
Newton—Raphson model is considered more efficient and more suitable as the main
reference in the analysis. Furthermore, this model is able to capture the relationship
between observed economic variables and inflation more effectively, thus enabling a better
understanding of inflation patterns and supporting decision-making related to inflation
control.

3.8 Simulation and Visualization of Probability

As the final stage of various tests conducted, including convergence and model
validity tests, a probabilistic simulation of Indonesia's inflation increase over the next six
months was carried out to determine the probability of the estimated logit model. The
projection results are presented in Figure 2 below.
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High Inflation Probability Projection (NR Logistic Model)

o
=1
8

Scenario Remain

Scenario Increase by 25 basis points
Scenario Decrease by 25 basis points
Prob=0.1

XY

High probability of inflation

002

Time

Figure 2 Visualization of High Inflation Probability Projections

Figure 2 is a visualization of inflation probability with a decision threshold or
probability of 0.1. The graph illustrates the projection of high inflation probability from
the Newton Raphson logistic regression model for several scenarios of fixed interest rates,
a 25 bps increase, and a 25 bps decrease. It can be seen that all scenario lines are at a very
low probability level, around 0.5-0.7 percent, and are relatively flat throughout the period,
so that small changes in interest rate policy in this simulation do not significantly alter the
likelihood of high inflation.

Conclusion

Based on the research conducted using interest rate, rupiah exchange rate, and oil
price variables on the inflation variable, it was found that the Newton Raphson method
converged more quickly at the seventh iteration with a value of 0.293343, while the SGD
method converged at the 300th iteration with a value of 0.293515. The Wald test confirms
that interest rates are the most significantly influential variable, while oil prices and
exchange rates also make a fairly strong positive contribution despite being around the
significance threshold, making all three the main determinants of the probability of high
inflation in the model. The Pseudo R? value shows that both methods are able to explain
around 56% of the variation in the probability of inflation in the model. The AIC values
of the two approaches are of nearly equal quality, but the Newton—Raphson model with
an AIC of 34.4008 is slightly better than the SGD model with an AIC of 34.4254, so
Newton—Raphson is chosen as the main model because it provides the most efficient
balance of fit and complexity. Further research is recommended to expand the data
coverage with longer periods and higher frequencies, adding non-monetary variables such
as the producer price index and the food security index. Then consider modeling with
seasonal effects and explore machine learning methods that can capture structural breaks
such as regime-switching or segmented regression models. Thus, future inflation modeling
can be more accurate and relevant to support effective policy formulation.
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