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ABSTRACT

Inflationary pressure remains a major challenge for Indonesia’s economic stability, especially amid
fluctuations in monetary conditions and policy rates. The purpose of this research is to develop a
reliable forecasting model that captures the dynamic interplay between monetary variables and in-
flation in Indonesia. This study employs a multi-input transfer function approach, incorporating the
money supply and interest rates as input variables, using monthly data from January 2001 to Novem-
ber 2025 from Bank Indonesia and the Badan Pusat Statistik (BPS). The overall research procedure
involves conducting stationarity tests, selecting the optimal ARIMA models for the input and out-
put series, determining the appropriate structure of the multi-input transfer function, and generating
forecasts. The results of this study yield a transfer function model of the form (0,0,0)(0,2,1)[0,0,2],
which demonstrates the best forecasting performance. This model successfully captures the defla-
tionary phenomenon in early 2025 and the subsequent rise in inflation in the months that followed.
The forecast for 2026 indicates a fluctuating pattern consistent with macroeconomic dynamics such
as liquidity shifts, interest rate adjustments, and global commodity conditions. A MAPE value of
1.3975% indicates excellent forecast accuracy, confirming that the transfer function framework is a
reliable and effective method for modeling and forecasting inflation in Indonesia.
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A. INTRODUCTION
The economy is a priority sector because its instability can have widespread impacts on society (Amir, 2024). In the post-

pandemic period, global and domestic conditions have become increasingly volatile due to geopolitical tensions, disruptions in
global supply chains, fluctuations in international commodity prices, and tighter monetary policy in major economies, all of which
have influenced Indonesia’s inflation dynamics throughout 2024–2025. Inflation remains a central concern for the government due
to its significant impact on economic stability and public welfare. Based on data from the Badan Pusat Statistik (BPS) and Bank
Indonesia, Indonesia’s inflation rate from 2016 to 2025 generally remained under control, with inflation stabilizing around 2–4%
between 2016 and 2021, in line with BI’s target of 3 ± 1%. A notable surge occurred in September 2022 when year-on-year (YoY)
inflation reached 5.95% due to rising energy and food prices and post-pandemic fuel adjustments, while the month-over-month
(MoM) inflation for the same month was 1.17%, highlighting the need for clear differentiation between YoY and MoM measures.
Entering 2023–2025, inflation eased again to 2.31% (YoY) in August 2025, within BI’s target range of 1.5–3.5%, reflecting the
ongoing dynamics shaped by global commodity shocks, domestic supply conditions, and policy responses.

Inflation refers to a general and continuous rise in the prices of goods and services over a period, typically measured by the
Consumer Price Index (CPI) as year-on-year (YoY) and month-on-month (MoM) inflation. Changes in inflation are important to

85

https://doi.org/10.30812/varian.v9i1.6143
mailto:kiranarispanzira@gmail.com
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/


86 | Kirana Rispanzira JURNAL VARIAN | e-ISSN: 2581-2017

observe because they affect economic stability and public welfare (Saputra & Febrianti, 2025; Tanial et al., 2022). Uncontrolled
inflation can reduce the value of currency, trigger economic instability, and increase poverty rates (Rangkuty et al., 2024; Taufik,
2024). Prameswati et al. (2025) state that inflation is triggered by an imbalance between public demand and the amount of money in
circulation. The money supply represents the total amount of money available in an economy, including cash, demand deposits, and
savings accounts, which are controlled by the central bank (Amir, 2024). If the amount is excessive, it can trigger high inflation and
disrupt long-term economic growth (Tanial et al., 2022). Therefore, an appropriate monetary policy is essential in controlling inflation
(Dalimunthe et al., 2025). Apart from the amount of money in circulation, another influential factor is interest rates. Agustin (2021)
research shows that interest rates have a significant positive impact on inflation. Interest rates are the cost of borrowing, calculated as
a percentage of the loan amount (Ompusunggu et al., 2025), while BI interest rates are the price paid to exchange one rupiah today
for one rupiah in the future (Yanti & Soebagyo, 2022). The government needs to be objective in determining interest rate changes in
order to maintain public welfare (Tanial et al., 2022).

To support appropriate policy-making, inflation forecasts that can accurately describe future conditions are needed. The devel-
opment of inflation forecasting methods continues to advance, mainly due to monetary policy requirements that increasingly demand
accurate forecasts to maintain economic stability (Coker, 2025; Iftikhar et al., 2025). One relevant method is the transfer function
model, which is a multivariate forecasting method that combines ARIMA and multiple regression elements (Khikmah et al., 2023).
This method uses past values of output variables while accounting for the influence of input variables, thereby producing more rep-
resentative future estimates, especially when external factors affect inflation. In the context of the Indonesian economy, the use of
transfer function models is important because inflation is influenced not only by its historical behavior but also by macroeconomic
indicators such as money supply and interest rates (Astasia et al., 2020). The multi-input transfer function model has advantages
because it can simultaneously input multiple variables, capture the cause-and-effect relationships between each variable and infla-
tion, and clearly describe the structure of the delay effect. Compared to univariate ARIMA, simple regression, and single transfer
functions, this model is more informative and easier to interpret for economic policy needs (Ananda et al., 2020).

The literature review shows that the analytical methods used in previous studies are still diverse. Taufik (2024) show that simple
regression can be applied to explore the direct relationship between an independent variable and a dependent variable as an initial
stage in economic analysis. However, in the context of forecasting, multiple regression has a limitation. When the relationship
between the independent and dependent variables is not linear, the model will produce inaccurate predictions. Rizal et al. (2025)
demonstrate that within the Hybrid ARIMA-ANN model, the ARIMA component plays a crucial role in capturing linear patterns in
the time series, thereby providing a stable foundation for predictions before the ANN analyzes non-linear patterns. However, ARIMA
has a fundamental limitation: it can only model linear relationships, so when data contain complex non-linear patterns, its forecasting
accuracy decreases. Albeladi et al. (2023) noted that LSTM has limitations in time series forecasting, as it yields lower accuracy
compared to ARIMA on data with linear patterns, and is less effective at learning stable linear patterns, so the resulting predictions
tend to be less accurate. This aligns with the findings of Pratiwi et al. (2025) and Liu (2022), who stated that deep learning-based
models, such as LSTM, can experience a decline in accuracy when the data structure is dominated by linear patterns that are better
modeled by traditional statistical approaches.

The research gap in this study stems from the limited application of advanced multivariate time-series models, particularly the
Multi-Input Transfer Function model, for inflation forecasting in Indonesia, despite the fact that inflation is influenced by multiple
interrelated macroeconomic variables. Most previous studies rely on simpler regression models or univariate approaches, such as
ARIMA, without incorporating external variables, such as the money supply and interest rates. Findings from Mutamakkinah et al.
(2024), Azizah et al. (2025), and Yundari et al. (2025) also indicate that ARIMA has limitations in capturing dynamic interactions
among variables and becomes less effective when external factors are excluded. Therefore, this study fills an existing research gap
by applying the multi-input transfer function model, which is considered better at modeling causal relationships and improving
forecasting accuracy. The novelty of this study compared to previous studies is the direct application of a Multi-Input Transfer
Function model that integrates money supply and interest rates as predictor variables, allowing for a more comprehensive modeling
of causal relationships. This approach also uses longer, more up-to-date datasets, enabling more accurate pattern recognition and
improved forecasting performance.

This study seeks to forecast inflation in Indonesia by incorporating the effects of the money supply and interest rates using
a multi-input transfer function model. The primary contribution of this study is to offer empirical evidence regarding the model’s
superiority in forecasting inflation, as demonstrated by recent research confirming the superiority of the transfer function model over
ARIMA in capturing macroeconomic dynamics (Azizah et al., 2025; Khikmah et al., 2023).The effectiveness of this multivariate
approach is further supported by the findings of Iftikhar et al. (2025), making the results of this study a valuable methodological
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reference and aiding Bank Indonesia in formulating monetary policies that are more responsive to inflation volatility.

B. RESEARCH METHOD
This research applies a multi-input transfer function model to forecast inflation in Indonesia, incorporating money supply and

interest rates as explanatory variables. The analysis is based on monthly data from January 2001 to November 2025. The data were
sourced from the official websites of Bank Indonesia and Badan Pusat Statistik (BPS). The stages of the research are as follows:

1. Data were collected for both the input series and the output series. The in-sample period spans from January 2001 to December
2024, while the out-of-sample period extends from January 2025 to November 2025.

2. Prepare the input sequence and output sequence with the following steps:

a. Create a time series plot for input series (X1,t and X2,t).
b. Examine the stationarity of the data with respect to variance. If the series is found to be non-stationary in variance, a Box–Cox

transformation is performed to stabilize the variance and attain stationarity. As stated by Chatfield and Xing (2019), the
Box–Cox transformation is defined as in Equation (1):

Z∗
t =

{
Zλ

t −1
λ λ ̸= 0

log Zt λ = 0
(1)

c. Assess the stationarity of the data with respect to the mean. If the series is not stationary in mean, differencing is applied
to achieve stationarity. Referring to Makridakis et al. (1998), stationarity in mean can be evaluated using the Augmented
Dickey–Fuller (ADF) test. To determine the stationarity in mean, the ADF test employs the model specified in Equation (2).

∆Zt = α+ γZt−1 +

m∑
i=1

βi ∆Zt−i + at (2)

With the following hypothesis:

H0 : γ = 0

H1 : γ < 0

Test criteria:
If t-count < t-critical or p-value < α (0.05), the decision is to reject H0, which means that the data are stationary.
If t-count > t-critical or p-value > α (0.05), the decision is to fail to reject H0, which means that the data are not stationary.

3. Form an ARIMA model for stationary input and output series with the following steps:

a. Determine the order of the ARIMA (p, d, q) model for the series X1,t, and X2,t by examining the ACF and PACF plots.
b. Construct the ARIMA model based on the identified orders p and q. According to Wei (2019), the ARIMA (p, d, q) model can

be expressed in Equation (3).

ϕp (B) (1−B)
d
Zt = θq (B) at (3)

Where Zt represents the Time series data values in period t. The symbol B denotes the backshift operator (time shift),
where BZt = Zt−1. The term ϕp(B) refers to the autoregressive (AR) polynomial of order p, expressed as ϕp(B) =

1 − ϕ1B − ϕ2B
2 − . . . − ϕpB

p. Meanwhile θqB denotes the moving average (MA) polynomial of order q, defined as
θq(B) = 1 − θ1B − θ2B

2 − . . . − θqB
q . The parameter drepresents the differencing order, and at is the random error

component in period t.
c. Estimation of ARIMA model parameters for X1,t and X2,t.
d. Performing diagnostic checking of the ARIMA model
e. The best ARIMA model is selected as the one with the smallest AIC value.

4. Form a multi-input transfer function model with Equation (4) (Wei, 2019):

Zt =

m∑
j=1

ωj (B)

δj (B)
Bbjxjt +

θ (B)

ϕ (B)
αt (4)
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a. Perform prewhitening on the input series to obtain the series α1,t and α2,t followed by prewhitening on the output series to
obtain the series β1,t and β2,t. These are expressed in Equations (5) and (6):

αt =
ϕx (B)

θx (B)
xt (5)

βt =
ϕx (B)

θx (B)
Zt (6)

b. Calculation of the cross-correlation between each prewhitened input series and the prewhitened output series.
c. Estimation of impulse response weight parameters.
d. Determine the parameter values (b, r, s) of the transfer function model for each input series. The identification of the transfer

function orders (b, r, s) is based on the analysis of the cross-correlation function (CCF) and the pattern of the impulse response
weights. Specifically, the parameters (b1, r1, s1) are associated with the input series X1,t, whereas (b2, r2, s2) correspond to
the input series X2,t.

e. Identifying, diagnostic checking and selection best model for the ARIMA model order (pn, 0, qn) for the noise series.
f. Estimate the parameters of the initial multi-input transfer function model.
g. Perform diagnostic checks on the final multi-input transfer function model to ensure that the residuals are white noise.
h. Select the best multi-input transfer function model if there are several viable models.
i. Forecast the output series Zt using the best multi-input transfer function model.
j. In this study, forecasting accuracy is assessed using three error metrics: Mean Absolute Error (MAE), Root Mean Square Error

(RMSE), and Mean Absolute Percentage Error (MAPE). MAE indicates the average absolute deviation between actual and
forecasted values, while RMSE represents the square root of the mean squared prediction error, and MAPE presents the error
as a percentage, making it easy to compare across models (Saifudin et al., 2026). Model with the lowest MAE, RMSE, and
MAPE values were selected as the best model (Hyndman & Athanasopoulos, 2021; Montaño Moreno et al., 2013). Accuracy
values were calculated using the Equations (7), (8), and (9) by Montgomery et al. (2011):

MAPE =
1

n

n∑
t=1

∣∣∣∣∣Zt − Ẑt

Zt

∣∣∣∣∣× 100 (7)

MAE =
1

n

n∑
t=1

∣∣∣Zt − Ẑt

∣∣∣ (8)

RMSE =

√√√√ 1

n

n∑
t=1

(
Zt − Ẑt

)2

(9)

C. RESULT AND DISCUSSION
1. Collect Data for a Series of Inputs and Outputs

This study uses a quantitative time-series design, dividing the data into in-sample (January 2001–December 2024) for model
development and out-of-sample (January 2025–November 2025) for forecasting evaluation. Data processing and partitioning
were performed in R. The following constitute the data analysis stages conducted in this study.

2. Preparation of Input and Output Sequences
a. Testing the Stationarity of Input and Output Series

Stationarity tests are conducted to ensure that the time series’ variance remains constant over the observation period.
Data movement patterns are then examined to detect trends, changes in volatility, or other fluctuations that indicate non-
stationarity and require confirmation through statistical tests before proceeding to the model identification stage. Data on
money supply (X1,t) and interest rates (X2,t) for the period January 2001–December 2024 are shown in Figures 1 and 2.
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Figure 1. Amount of Money in Circulation Figure 2. Interest Rate Time Series Plot

Based on Figures 1 and 2 above, the graphs of the money supply and interest rates both show clear trends: the money
supply continues to rise sharply, while interest rates decline gradually from the early to the late periods. This non-stationarity
is evident from the mean and variance, which change over time, making transformation or differentiation necessary.

b. Tests for Stationarity of the Variance and Mean in Time Series
Stationarity test results show that the series X1,t is not stationary in variance or mean, while the series X2,t is stationary

in variance and not stationary in mean. To make the X1,t series stationary, Box-Cox transformation, and first-order differ-
encing are performed, while the X2,t series undergoes first-order differencing. Stationarity test results post-transformation
and differencing are shown in Table 1.

Table 1. Stationarity Test Results

Time Series λ value P-value (ADF Test)
X1,t 0.985 0.01
X2,t - 0.01

Based on Table 1, the data are stationary in terms of both variance and mean, as indicated by the λ value approaching
1 and the p-value < α, confirming the appropriateness of the applied transformation. Since the input series has already
undergone first-order differencing to achieve stationarity, the same procedure is applied to the output series Zt by performing
first-order differencing. This step ensures that all series used in the subsequent modeling process are on the same level of
stationarity, thereby meeting the assumptions required for identifying and estimating the transfer function model.

3. Identification of ARIMA Models
a. Identify The ARIMA Model for the Series X∗

1,t Based on the ACF and PACF Plots
The following presents the ACF and PACF plots of the input series X2,t after applying the first-order differencing

procedure. These plots are used to observe the remaining autocorrelation structure and to assess whether the differenced
series has achieved an adequate level of stationarity. The ACF and PACF results used to identify the appropriate prewhitening
model are shown in Figure 3.

Figure 3. ACF and PACF plots of money supply (d = 1)
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Based on Figure 3 above, several ARIMA models can be estimated. These ARIMA models are then estimated and
tested for parameter significance. The results of the parameter significance test indicate that the significant ARIMA models
are ARIMA (1,1,6), ARIMA (2,1,1), ARIMA (2,1,6), ARIMA (3,1,3), ARIMA (3,1,6), ARIMA (4,1,1), ARIMA (4,1,6),
ARIMA (5,1,1), and ARIMA (5,1,6).

b. Estimation of ARIMA model parameters for Series Input X∗
1,t

The next step is to estimate the ARIMA model’s parameters to obtain optimal coefficient values. This process is
performed on several previously identified candidate models; however, Table 2 shows only the parameter estimates for the
selected ARIMA (5,1,6) model.

Table 2. Estimation of ARIMA Model Parameters for Input Series X1,t

Model Parameters Estimate Std. Error t Statistic P-value
ARIMA ϕ1 -0.356619 0.106292 -3.3551 0.0007934
(5,1,6) ϕ2 0.636959 0.107318 5.9352 2.934e-09

ϕ3 0.991600 0.010897 91.0015 2.2e-16
ϕ4 0.358209 0.107396 3.3354 0.0008518
ϕ5 -0.637338 0.107946 -5.9042 3.543e-09
θ1 0.056390 0.116004 0.4861 0.6268918
θ2 -0.869428 0.057994 14.9916 2.2e-16
θ3 -0.896279 0.080754 -11.0988 2.2e-16
θ4 -0.044662 0.121747 -0.3668 0.7137362
θ5 0.871004 0.054012 16.1261 2.2e-16
θ6 -0.030764 0.086397 -0.3561 0.7217825

Table 2 shows the results of the parameter significance test, where there are several insignificant parameters, namely θ1, θ4,

and θ6. Overall, most parameters in the ARIMA (5,1,6) model proved significant, so this model remains feasible as a basis
for forming a multi-input transfer function model.

c. Diagnostic Checking of the ARIMA Model for Series Input X∗
1,t

Subsequently, diagnostic tests were conducted on the model, including a white-noise test using the Ljung–Box test
and a normality assessment using the Kolmogorov–Smirnov test. The results indicate that the selected model satisfies the
white-noise assumption and that the residuals follow a normal distribution, as indicated by a p-value exceeding the chosen
significance level of α = 0.01. Thus, the model can be deemed suitable for use in forecasting.

d. Selection of the best model for Series Input X∗
1,t

Of the several ARIMA models tested, the ARIMA (5,1,6) model was chosen as the best specification because it produced
the lowest AIC value, namely 6.951. A low AIC value indicates that this model is more efficient at modeling the time series
dynamics than the other candidate models. The ARIMA (5,1,6) model can be written as follows:

X∗
1,t = 0.643381X∗

1,t−1 + 0.993578X∗
1,t−2 + 0.354641X∗

1,t−3

− 0.633391X∗
1,t−4 − 0.99547X∗

1,t−5 + 0.637338X∗
1,t−6 + at

− 0.056390at−1 + 0.869428at−2 + 0.896279at−3

+ 0.044662at−4 − 0.871004at−5 + 0.030764at−6

e. Identify The ARIMA Model for Series X2,t Based on the ACF and PACF Plots
The following displays the ACF and PACF plots of the input series X2,t after applying first-order differencing procedure

was applied. These plots are used to assess whether the differenced series has achieved an adequate level of stationarity. The
ACF and PACF results, which serve as a reference for identifying the appropriate prewhitening model, are presented in Figure
4.
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Figure 4. ACF and PACF Plots of Interest Rate Data (d = 1)

Based on Figure 4, three candidate ARIMA models were identified: ARIMA (1,1,3), ARIMA (2,1,3), and ARIMA (3,1,3).
Based on the parameter significance test results, the statistically significant models are ARIMA(2,1,3) and ARIMA(3,1,3).
Therefore, these models were selected for use in the subsequent analysis stage.

f. Estimation of ARIMA Model Parameters for Series Input X2,t

The next step is to estimate the ARIMA model parameters to obtain the optimal coefficient values. This process is
performed on several previously identified candidate models; however, Table 3 shows only the parameter estimates for the
ARIMA (3,1,3) model, which was selected.

Table 3. Estimation of ARIMA Model Parameters for Input Series X2,t.

Model Parameters Estimate Std. Error t Statistic P-value
ARIMA ϕ1 -0.019859 0.056305 -3.3551 0.7243156
(3,1,3) ϕ2 -0.296204 0.046091 -6.4264 1.306e-10

ϕ3 0.790047 0.051653 15.2953 2.2e-16
θ1 0.589630 0.093462 6.3087 2.813e-10
θ2 0.722773 0.100852 7.1666 7.686e-13
θ3 -0.308512 0.088403 -3.4898 0.0004833

Table 3 shows the results of the parameter significance test, where only one parameter, ϕ1, is insignificant. Overall, most
parameters in the ARIMA (3,1,3) model are significant, so this model remains feasible as a basis for constructing a multi-
input transfer function model.

g. Diagnostic Checking of the ARIMA Model for Series Input X2,t

The results of the diagnostic tests indicate that the ARIMA (1,1,3), ARIMA (2,1,3), and ARIMA (3,1,3) models satisfy
the white noise and normality assumptions at the 0.01 significance level. The fulfillment of these two assumptions confirms
that these models are statistically valid for use in further modeling.

h. Selection of the best model for Series Input X2,t

Of the several ARIMA models tested, the ARIMA (3,1,3) model was identified as the best option because it yielded
the lowest AIC value, namely -85.788. The relatively lower AIC value suggests that this model provides a more efficient
representation of the time series dynamics than the other candidate models. Accordingly, the ARIMA (3,1,3) model can be
expressed as follows:

X2,t = 0.980141X2,t−1 − 0.276345 X2,t−2 + 1.086251X2,t−3 − 0.790047X2,t−4 − 0.589630a2,t−1

− 0.722773a2,t−2 − 0.308512a2,t−3 + at

4. Create A Multi-Input Transfer Function Model
a. Prewhitening the Input Series of Money Supply and Output Series of Inflation

The prewhitening results of the input series X∗
1,t and the output series, obtained using the ARIMA (5,1,6) model, provide

an overview of the filtering process applied to both variables. In this procedure, α2,t refers to the prewhitened version of the
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input series X∗
1,t, while β2,t represents the prewhitened output series Zt. These prewhitening are carried out to eliminate the

autocorrelation present in the original data, ensuring that the remaining series reflects only the random component needed for
further analysis. The results of this prewhitening process, which form the basis for computing the cross-correlation function
in the model identification stage, are as follows:

α1,t = X∗
1,t − 0.643381X∗

1,t−1 − 0.993578X∗
1,t−2 − 0.354641X∗

1,t−3 + 0.633391X∗
1,t−4

+ 0.99547X∗
1,t−5 − 0.637338X∗

1,t−6 + 0.056390at−1 − 0.869428a1,t−2

− 0.896279a1,t−3 − 0.044662a1,t−4 + 0.871004a1,t−5 − 0.030764a1,t−6

β1,t = X∗
1,t − 0.643381X∗

1,t−1 − 0.993578X∗
1,t−2 − 0.354641X∗

1,t−3 + 0.633391X∗
1,t−4

+ 0.99547X∗
1,t−5 − 0.6373386X∗

1,t−6 + 0.056390β1,t − 0.869428β1,t−2

− 0.896279β1,t−3 − 0.044662β1,t−4 + 0.871004β1,t−5 − 0.030764β1,t−6

b. Prewhitening Interest Rate Input Series and Inflation Output Series
The prewhitening results of the input series X2,t and the output series, obtained using the ARIMA (3,1,3) model,

provides an overview of the filtering process applied to both variables. In this procedure, α2,t refers to the prewhitened
version of the input series X2,t, while β2,t represents the prewhitened output series Zt. These prewhitening are carried
out to eliminate the autocorrelation present in the original data, ensuring that the remaining series reflects only the random
component needed for further analysis. The results of this prewhitening process, which form the basis for computing the
cross-correlation function in the model identification stage, are as follows.

a2,t = X∗
2,t − 0.980141X∗

2,t−1 + 0.276345X∗
2,t−2 − 1.086251X∗

2,t−3 + 0.790047X∗
2,t−4

+ 0.589630a2,t−1 + 0.722773a2,t−2 + 0.308512a2,t−3

β2,t = X∗
2,t − 0.980141X∗

2,t−1 + 0.276345X∗
2,t−2 − 1.086251X∗

2,t−3 + 0.790047X∗
2,t−4

+ 0.589630a2,t−1 + 0.722773a2,t−2 + 0.308512a2,t−3

c. Cross-Correlation Between a1,t and Output Series β1,t

The cross-correlation results provide an overview of the relationship between the input and output series after prewhiten-
ing. These results help identify lag values that show significant correlation and are therefore relevant in determining the trans-
fer function structure model is determined based on the cross-correlation analysis. The complete cross-correlation results are
presented in Figure 5.

Figure 5. Cross Correlation between a1,t and β1,t

Based on Figure 5, the cross-correlation analysis between the prewhitened input series a1,t and the prewhitened output
series β1,t. was conducted. The identification results suggest two alternative transfer function models for describing the
relationship between the input and output series. namely the model with order (b1, r1, s1) = (0, 0, 0) and the model with
order (b1, r1, s1) = (0, 2, 0).

Vol. 9, No. 1, February 2026, pp 85–100
DOI: https://doi.org/10.30812/varian.v9i1.6143

https://doi.org/10.30812/varian.v9i1.6143


93 | Kirana Rispanzira JURNAL VARIAN | e-ISSN: 2581-2017

d. Cross-Correlation Between a2,t and Output Series β2,t

The cross-correlation results illustrate the relationship between the prewhitened input and output series at different lag
values. These results help identify the lags that exhibit significant correlation and are therefore relevant in determining the
structure of the transfer function model. The complete cross-correlation output is presented in Figure 6.

Figure 6. Cross Corelation between a2,t and β2,t

Based on Figure 6 above, the identification results indicate two possible transfer function model orders that may be used to
describe the relationship between the series X2,t and Zt namely the model with order (b2, r2, s2) = (0, 2, 1) and the model
with order (b2, r2, s2) = (0, 2, 0).

e. Direct Estimation of the Impulse Response Weight of the Input Series X∗
1,t with Output Series Zt

The impulse response weight estimates how changes in the input series X1t affect the output series Ztin subsequent
time periods. This estimation provides information on the timing, magnitude, and duration of the influence transmitted from
X∗

1,t to Zt. The estimated impulse response weight is shown in Figure 7.

Figure 7. Estimation of Impulse Response Weight X∗
1,t and Zt

Based on Figure 7, the influence of the input variables on the output variable appears to occur immediately, without any
observable delay. The response pattern also shows a gradual decline over time, indicating a direct effect that weakens
progressively. Accordingly, the most appropriate initial transfer function specification is (b1, r1, s1) = (0, 2, 0).

f. Direct Estimation of the Impulse Response Weight of the Input Series X2,t with Output Series Zt

The estimation of the impulse response weights illustrates how variations in the input series X1t influence the output Zt

series across subsequent time periods. This estimation provides information on the timing, magnitude, and duration of the
influence transmitted from X2,t to Zt. The estimated impulse response weight is shown in Figure 8.
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Figure 8. Estimation of Impulse Response Weight X2,t and Zt

Based on Figure 8, the impulse response shows how the effect of the input series on the output evolves over time. The shape
of the response suggests that the effect appears after a short delay and then gradually decreases. Therefore, the initial transfer
function model that best matches this pattern is the one with the order combination (b2, r2, s2) = (0, 2, 1).

g. Noise Series Estimation and ARMA Model Identification for Noise Series
The residuals from the initial multi-input transfer function model with order (pn, 0, qn) = (0, 0, 0) are used as estimators

of the noise series. This step aims to identify the remaining lag dependency patterns, which will serve as a basis for selecting
the most appropriate ARIMA model for the noise series. Based on the results of the parameter significance test and noise
series diagnostic checks, the best model for the noise series is ARIMA(0,0,2) with an AIC value of 615.122, and this model
is then used to form the multi-input transfer function model. The ARIMA noise series order (0,0,2) can be written with the
following equation:

n̂t = αt − 0.19047αt−1 − 0.1134αt−2

h. Parameter Estimation for the Multi-Input Transfer Function
Based on the identification of order (b, r, s) that has been carried out, four multi-input transfer function models can be

formed by combining the order of each input series, namely (b1, r1, s1) for the first input and (b2, r2, s2) for the second input,
which are combined with the ARIMA noise series model (pn, 0, qn). At this stage, the ARIMA noise series model used is
(0,0,2). The candidate multi-input transfer function models are presented in Table 4.

Table 4. Results of the Significance Test of the Multi-Input Transfer Function Model Parameters

No Transfer Function Model Parameter Estimate T statistic p-value
1 (0, 0, 0)(0, 2, 1)[0, 0, 2] ω10 -0.009392995 -1.463829 0.1432

ω20 0.695107118 7.794147 0.00
ω21 0.6909771 -6.815070 0.00
δ21 0.5217259 10.864061 0.00
δ22 -0.4530752 -3.193882 0.0014
θ1 0.9047 12.656789 0.00
θ2 0.1134 1.551917 0.1206

2 (0, 0, 0)(0, 2, 0)[0, 0, 2] ω10 -0.003516231 -0.03919389 0.968
ω20 0.1410598 2.44881630 0.014
δ21 -0.3771277 -23.40287389 0.00
δ22 -0.9845196 -74.01689394 0.00
θ1 0.715336478 11.90163759 0.00
θ2 0.237517090 3.90698338 0.00009

3 (0, 2, 0)(0, 2, 1)[0, 0, 2] ω10 -0.000413376 -4.2033539 0.00
ω20 0.6711099 0.1618356 0.871
ω21 -0.6744509 -0.1572284 0.875
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No Transfer Function Model Parameter Estimate T statistic p-value
δ11 0.6342154 14.8043218 0.00
δ12 -0.6130716 -14.2469025 0.00
δ21 0.6934177 5.9559505 0.00
δ22 -0.4777651 -3.6526265 0.0002
θ1 0.878742138 15.4529834 0.00
θ2 0.145141208 2.4845641 0.0129

4 (0, 2, 0)(0, 2, 0)[0, 0, 2] ω10 -0.007474179 -134.22776244 0.00
ω20 0.2188987 0.07276494 0.941
δ11 0.006555695 10.51865701 0.00
δ12 0.959214219 28.55090217 0.00
δ21 -0.373197 -20.31535197 0.00
δ22 -0.9742714 -69.86587701 0.00
θ1 0.790373662 19.99851562 0.00
θ2 0.232889216 5.73193489 0.00

i. Diagnostic Checking on the Final Multi-Input Transfer Function Model
The four multi-input transfer function models, namely (0,0,0)(0,2,1)[0,0,2], (0,0,0)(0,2,0)[0,0,2], (0,2,0)(0,2,1)[0,0,2],

and (0,2,0)(0,2,0)[0,0,2], have been tested using the Ljung-Box test for white noise. Based on the test results, all models
produce p-values that are higher than the predetermined level of significance (α = 0.01). Thus, the residuals of each model
satisfy the white noise assumption, making these transfer function models suitable for the next stage of analysis.

j. Select the Best Multi-Input Transfer Function Model
For forecasting, choosing the appropriate model involves considering both parameter properties and the Akaike Infor-

mation Criterion (AIC), with preference given to the model with the lowest AIC, which is considered the most efficient and
best able to explain the data. Based on a comparison of the AIC values for each model, model (0,0,0)(0,2,1)[0,0,2] has the
lowest AIC value of -248.5186, so that model is selected as the best model to use in the forecasting process. The multi-input
transfer function model with order (b1, r1, s1)(b2, r2, s2)[pn, 0, qn] = (0,0,0)(0,2,1)[0,0,2] can be expressed in equation form
as follows:

Zt = 0.5217259Zt−1 − 0.4530752Zt−2 − 0.009392995x1t + 0.049x1,t−1

− 0.00425573x1,t−2 + 0.6951071180x2,t − 0.6951071180x2,t−1+αt − 0.19047αt−1 − 0.1134αt−2

k. Forecasting Inflation Using the Multi-Input Transfer Function Model
The next step is to generate forecasts for the out-of-sample data, which represents observations not included in the

model estimation process. This step is important for assessing the model’s ability to produce accurate predictions on new
data and evaluating its overall performance. The inflation forecast results for the year 2025, which serve as the basis for this
evaluation, are presented in Table 5.

Table 5. Results of the Input Series Model Parameter Significance Test X2,t

Period 2025 Forecast (%) 2025 Actual (%)
January -1.026.813.213 -0.76
February -0.782283085 -0.48

March 2.342.415.257 1.65
April 180.746.098 1.17
May -1.948.648.672 -0.37
June 0.066527379 0.19
July 1.171.956.053 0.3

August -0.386136368 -0.08
September -0.073369469 0.21

October 3.392.519.168 2.86
November 337.808.516 2.72

Based on Table 5, in early 2025, Indonesia experienced deflation, which generally occurs due to a decline in demand
after a surge in consumption at the end of the year, stable food commodity supplies, and no price pressure from government-

Vol. 9, No. 1, February 2026, pp 85–100
DOI: https://doi.org/10.30812/varian.v9i1.6143

https://doi.org/10.30812/varian.v9i1.6143


96 | Kirana Rispanzira JURNAL VARIAN | e-ISSN: 2581-2017

regulated goods. This phenomenon is also reflected in the forecast results, where the forecast value points in the same
direction as the actual data, which is negative at the beginning of the year. The alignment between the forecast and actual
data indicates that the model can capture the seasonal dynamics and economic conditions that influence inflation during this
period. Based on the forecast data, a comparison plot can be made as shown in Figure 9.

Figure 9. Comparison Plot of 2025 Forecast Data and 2025 Actual Data

Based on Figure 9, the projected inflation pattern for 2025 generally aligns with actual data. The monthly fluctuations
show a similar trend, including a period of deflation at the beginning of the year and a rise in inflation from the middle
to the end of the year. Although there are slight differences in some months, the discrepancies are not significant; there-
fore, the model is deemed capable of accurately capturing inflation dynamics from January through November 2025. After
comparing these forecast results, the next step is to forecast inflation for 2026, which is presented in Table 6 for the period
January–December 2026.

Table 6. Indonesia Inflation Forecast Results for 2026

Period Prediction Value
January -1.336233161
February 0.494903789
March 0.258976578
April -1.15817614
May -0.769939194
June 2.63069352
July 1.305930204
August -2.556004816
September -0.875080112
October 1.016388386
November -0.321886632
December -0.416569993

Based on the forecast results in Table 6, inflation in 2026 is expected to fluctuate throughout the year, alternating between
deflation and inflation. Deflation is projected in January, April, May, August, September, November, and December, whereas
positive inflation is expected in February, March, June, July, and October. The highest inflation spike is expected to occur in
June, while the deepest deflation will occur in August. Overall, this pattern indicates unstable price dynamics and reflects the
influence of seasonal factors and changing macroeconomic conditions throughout the year.

l. Forecasting Accuracy

To evaluate the accuracy of inflation forecasts, various error measures quantify the difference between forecasted and
observed values. These indicators reflect the average magnitude of forecast errors and provide a clearer picture of the model’s
overall performance. The MAPE, MAE, and RMSE values obtained are presented in Table 7.
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Table 7. Forecasting Accuracy

Period Prediction Value
January -1.336233161
February 0.494903789
March 0.258976578
April -1.15817614
May -0.769939194
June 2.63069352
July 1.305930204
August -2.556004816
September -0.875080112
October 1.016388386
November -0.321886632
December -0.416569993

Based on Table 7, the main finding of this study is that the employed forecasting model achieved very high accuracy
during the period from January 2025 to November 2025. This is evidenced by MAPE of 1.3975%, MAE of 0.5684691, and
RMSE of 0.687995. The MAPE value of 1.3975% indicates that the average forecasting error is approximately 1.40% of
the actual values, which is highly accurate. Furthermore, the RMSE is only slightly higher than the MAE, suggesting that
there are no significant extreme errors in the forecasts. Therefore, the predicted values are very close to the actual observed
conditions.

The results of this study are consistent with previous studies that confirm the effectiveness of transfer function models
in achieving high forecasting accuracy. Azizah et al. (2025) demonstrated that transfer function models yielded an MAE of
84.19, an RMSE of 110.37, and a MAPE of 1.65%, which are lower than those of standard ARIMA models. Similar results
were obtained by Mutamakkinah et al. (2024) who demonstrated that transfer function models outperform standard ARIMA
models in rainfall forecasting, with an MAPE of 38.21% compared to 43.23% for ARIMA.

Compared to previous studies, the forecasting accuracy in this study is better than the results reported by Mutamakkinah
et al. (2024) and slightly higher than those reported by Azizah et al. (2025). These differences are likely due to variations in
data characteristics, the observation period, the number of input variables, and the model order specification. Overall, these
findings reinforce the evidence that transfer function models can capture dynamic relationships among variables and produce
reliable forecasts.

D. CONCLUSION AND SUGGESTION
The main finding of this study is that the multi-input transfer function model with orders (0,0,0), (0,2,1), and [0,0,2] effectively

captures Indonesia’s inflation dynamics in 2025. The model successfully identifies early-year deflation and the subsequent upward
inflation trend. The 2026 forecasts also indicate a relatively volatile pattern, reflecting interactions among money supply (M2), BI
interest rates, global commodity prices, and seasonal effects.

The uniqueness of this study lies in applying a multi-input transfer function that integrates multiple monetary variables to
model short-term inflation dynamics, thereby improving forecasting accuracy and deepening the understanding of inflation–monetary
relationships. These findings offer policymakers practical value in anticipating inflationary pressures and formulating more responsive
policies.

One limitation of this study is the use of only two input variables, money supply (M2) and the BI rate, despite inflation being
influenced by other factors such as exchange rates, global commodity prices, fiscal policy, and inflation expectations. This situation
can certainly limit the model’s ability to capture inflation dynamics comprehensively and accurately. Therefore, future research is
encouraged to include additional macroeconomic variables and to explore broader multivariate or nonlinear models to further improve
forecasting accuracy.
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Montaño Moreno, J., Palmer Pol, A., Sesé Abad, A., & Cajal Blasco, B. (2013). Using the R-MAPE index as a resistant measure of
forecast accuracy. Psicothema, 4(25), 500–506. https://doi.org/10.7334/psicothema2013.23

Montgomery, D. C., Jennings, C. L., & Kulahci, M. (2011, September 20). Introduction to Time Series Analysis and Forecasting.
John Wiley & Sons.

Vol. 9, No. 1, February 2026, pp 85–100
DOI: https://doi.org/10.30812/varian.v9i1.6143

https://doi.org/10.53990/develop.v2i1.94
https://doi.org/10.53990/develop.v2i1.94
https://doi.org/10.14569/IJACSA.2023.0140133
https://doi.org/10.26740/independent.v3i2.51887
https://doi.org/10.14710/j.gauss.v9i4.29406
https://doi.org/10.21009/JSA.04102
https://doi.org/10.59395/ijadis.v6i2.1396
https://doi.org/10.59395/ijadis.v6i2.1396
https://doi.org/10.1201/9781351259446
https://doi.org/10.18535/ijsrm/v13i05.em16
https://doi.org/10.18535/ijsrm/v13i05.em16
https://doi.org/10.30640/inisiatif.v4i2.3995
https://doi.org/10.30640/inisiatif.v4i2.3995
https://doi.org/10.3390/math13071121
https://doi.org/10.30598/barekengvol17iss3pp1359-1366
https://doi.org/10.30598/barekengvol17iss3pp1359-1366
https://doi.org/10.2991/aebmr.k.220603.195
https://doi.org/10.7334/psicothema2013.23
https://doi.org/10.30812/varian.v9i1.6143


99 | Kirana Rispanzira JURNAL VARIAN | e-ISSN: 2581-2017

Mutamakkinah, H., Santoso, R., & Tarno, T. (2024). Perbandingan metode arima dan model fungsi transfer untuk meramalkan curah
hujan di jawa tengah periode tahun 2023-2024. Jurnal Gaussian, 13(2), 280–288. https://doi.org/10.14710/j.gauss.13.2.280-
288

Ompusunggu, D. P., Suherman, S., Silaban, R. P., Febriyanto, F., Nahor, D. L. B., & Zshulhan, F. (2025). Analisis Inflasi, Suku Bunga,
Investasi, Mempengaruhi Pertumbuhan Ekonomi. PESHUM : Jurnal Pendidikan, Sosial dan Humaniora, 4(6), 8362–8371.
https://doi.org/10.56799/peshum.v4i6.10303

Prameswati, D., Nabiha, F. H., Octaviani, F. T., Puri, G. A., Nugroho, K. A. P., & Nuraya, A. S. (2025). Dinamika Inflasi di Indonesia,
Analisis Faktor-Faktor Penyebab dan Dampaknya. JSE: Jurnal Sharia Economica, 4(3), 53–67. https://doi.org/10.46773/
jse.v4i3.2066

Pratiwi, W. A., Sumertajaya, I. M., & Notodiputro, K. A. (2025). Comparison of ARIMA, LSTM, and Ensemble Averaging Models
for Short-Term and Long- Term Forecasting of Non-Stationary Time Series Data. Inferensi, 8(3), 231. https://doi.org/10.
12962/j27213862.v8i3.22643

Rangkuty, D. M., Sajar, S., Yazid, A., & Satria, W. (2024, September 20). Teori Inflasi dan Pendapatan. Penerbit Tahta Media.

Rizal, J., Dzakirah, Q., & Sunandi, E. (2025). Studi Komparatif Model ARIMA, ANN, dan Hybrid ARIMA-ANN untuk Peramalan
Laju Inflasi di Indonesia. Jurnal Ilmiah Matematika, 12(1), 1–17. https://doi.org/10.26555/jim.v12i1.30366

Saifudin, T., Suliyanto, S., Afifa, F. N., Arrofah, A. D., Fauzi, D. M., Pratama, F. Y., & Adyatma, I. Y. (2026). Forecasting the
Inflation Rate in Indonesia Using ARIMA-Garch Model. BAREKENG: Jurnal Ilmu Matematika dan Terapan, 20(2), 0955–
0970. https://doi.org/10.30598/barekengvol20iss2pp0955-0970

Saputra, J. E., & Febrianti, W. (2025). Application of Autoregressive Integrated Moving Average (ARIMA) for Forecasting Inflation
Rate in Indonesia. Jurnal Matematika, Statistika dan Komputasi, 21(2), 382–396. https://doi.org/10.20956/j.v21i2.36609

Tanial, B. H., Sumantri, F., & Zahrani, P. A. (2022). Pengaruh Jumlah Uang Beredar, Tingkat Suku Bunga dan Indeks Harga
Konsumen terhadap Inflasi Periode 2017- 2021. Jurnal Bisnis Kompetitif, 1(3), 246–252. https : / / doi . org / 10 . 35446 /
bisniskompetif.v1i3.1190

Taufik, D. A. (2024). Analisis pengaruh jumlah uang beredar, suku bunga, dan nilai tukar terhadap tingkat inflasi di indonesia periode
tahun 2001-2020. Diponegoro Journal of Economics, 10(4), 372–386. https://doi.org/10.14710/djoe.32947

Wei, W. W. S. (2019). Time Series Analysis: Univariate and Multivariate Methods (Classic Version). Pearson Education.

Yanti, Y. W. T. F., & Soebagyo, D. (2022). Analisis Pengaruh JUB, Suku Bunga, dan Nilai Tukar terhadap Inflasi di Indonesia Tahun
2005-2021. Jurnal Ekonomi Pembangunan STIE Muhammadiyah Palopo, 8(2), 249. https://doi.org/10.35906/jep.v8i2.1256

Yundari, Y., Rahmawati, A., & Pratiwi, Y. E. (2025). GSTAR (1;1) Transfer Function Model for Forecasting Chili Prices with Rainfall
Effect. ZERO: Jurnal Sains, Matematika dan Terapan, 9(2), 511. https://doi.org/10.30829/zero.v9i2.26119

Vol. 9, No. 1, February 2026, pp 85–100
DOI: https://doi.org/10.30812/varian.v9i1.6143

https://doi.org/10.14710/j.gauss.13.2.280-288
https://doi.org/10.14710/j.gauss.13.2.280-288
https://doi.org/10.56799/peshum.v4i6.10303
https://doi.org/10.46773/jse.v4i3.2066
https://doi.org/10.46773/jse.v4i3.2066
https://doi.org/10.12962/j27213862.v8i3.22643
https://doi.org/10.12962/j27213862.v8i3.22643
https://doi.org/10.26555/jim.v12i1.30366
https://doi.org/10.30598/barekengvol20iss2pp0955-0970
https://doi.org/10.20956/j.v21i2.36609
https://doi.org/10.35446/bisniskompetif.v1i3.1190
https://doi.org/10.35446/bisniskompetif.v1i3.1190
https://doi.org/10.14710/djoe.32947
https://doi.org/10.35906/jep.v8i2.1256
https://doi.org/10.30829/zero.v9i2.26119
https://doi.org/10.30812/varian.v9i1.6143


100 | Kirana Rispanzira JURNAL VARIAN | e-ISSN: 2581-2017

[This page is intentionally left blank.]

Vol. 9, No. 1, February 2026, pp 85–100
DOI: https://doi.org/10.30812/varian.v9i1.6143

https://doi.org/10.30812/varian.v9i1.6143

	Introduction
	Research Method
	Result and Discussion
	Collect Data for a Series of Inputs and Outputs
	Preparation of Input and Output Sequences
	Testing the Stationarity of Input and Output Series
	Tests for Stationarity of the Variance and Mean in Time Series

	Identification of ARIMA Models
	Identify The ARIMA Model for the Series X1,t Based on the ACF and PACF Plots
	Estimation of ARIMA model parameters for Series Input X1,t
	Diagnostic Checking of the ARIMA Model for Series Input X1,t
	Selection of the best model for Series Input X1,t
	Identify The ARIMA Model for Series X2,t Based on the ACF and PACF Plots
	Estimation of ARIMA Model Parameters for Series Input X2,t
	Diagnostic Checking of the ARIMA Model for Series Input X2,t
	Selection of the best model for Series Input X2,t

	Create A Multi-Input Transfer Function Model
	Prewhitening the Input Series of Money Supply and Output Series of Inflation
	Prewhitening Interest Rate Input Series and Inflation Output Series
	Cross-Correlation Between a1,t and Output Series 1,t
	Cross-Correlation Between a2,t and Output Series 2,t
	Direct Estimation of the Impulse Response Weight of the Input Series X1,t with Output Series Zt
	Direct Estimation of the Impulse Response Weight of the Input Series X2,t with Output Series Zt
	Noise Series Estimation and ARMA Model Identification for Noise Series
	Parameter Estimation for the Multi-Input Transfer Function
	Diagnostic Checking on the Final Multi-Input Transfer Function Model
	Select the Best Multi-Input Transfer Function Model
	Forecasting Inflation Using the Multi-Input Transfer Function Model
	Forecasting Accuracy


	Conclusion and Suggestion

