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Abstract

Cooperative financial performance is influenced by both internal financial dynamics and
external policy interventions. However, the contribution of policy-intervention information to
multivariate forecasting models in cooperative finance remains insufficiently explored. This
study compares Vector Autoregressive Integrated Moving Average (VARIMA) and Vector
Autoregressive Integrated Moving Average with Exogenous Variables (VARIMAX-Dummy)
models for analyzing and forecasting monthly Interest Income (PHB) and Net Surplus (SHU) in
a savings and loan cooperative during 2015–2024. The analysis employed stationarity testing,
cointegration testing, model identification, Granger causality analysis, Impulse Response
Function, Forecast Error Variance Decomposition, and out-of-sample forecasting evaluation.
A pulse dummy variable representing mandatory savings policy adjustments was incorporated
into the VARIMAX model. The results indicate bidirectional predictive relationships and
stable dynamic responses in both models. Model identification indicated that VARIMA(1, 1, 0)
rovided the optimal endogenous dynamic structure, which was subsequently retained in the
VARIMAX-Dummy, resulting in the VARIMAX(1, 1, 0)-Dummy specification. Forecasting
evaluation showed that the VARIMAX-Dummy model achieved lower RMSE values for SHU
(0.2129) and PHB (0.2088) than the corresponding VARIMA model (0.7434 and 0.6060).
These findings demonstrate that incorporating policy-intervention information improves
forecasting accuracy and enhances the representation of cooperative financial dynamics. The
study highlights the value of exogenous policy variables in multivariate forecasting models for
cooperative financial management.
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1. Introduction
Membership-based microfinance institutions, such as KP-RI savings and loan cooperatives, play
an important role in providing financial access to communities that are underserved by the formal
banking sector. Their operational characteristics, which are grounded in collective values and
economic democracy, make cooperatives an important subject of academic investigation.

In the financial system of KP-RI savings and loan cooperatives, monthly Interest Income
(PHB) and Net Surplus (SHU) exhibit interdependent relationships. Interest income generated
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from loans to members constitutes one of the primary components of cooperative revenue [1].
Higher monthly interest income generally contributes to a greater SHU distributed to members.
However, the internal dynamics of cooperatives are often influenced by social interactions, seasonal
patterns, and community activities, making cooperative performance difficult to predict using
conventional approaches.

Moreover, cooperative financial systems are not influenced solely by internal interactions
among financial variables. External events and policy interventions may also generate structural
shocks that cannot always be represented as endogenous components within the model. In
the context of cooperatives, policy changes such as revisions to SHU distribution regulations,
adjustments in savings interest rates, or managerial reforms may affect financial performance
beyond the historical patterns of cooperative financial variables [1].

Multivariate time series analysis extends univariate approaches by considering the simulta-
neous interactions among several variables [2, 3]. One of the most widely used approaches is
the Vector Autoregressive Integrated Moving Average (VARIMA) model, which is a multivariate
extension of the ARIMA model for non-stationary data. VARIMA explains the relationship
between current observations of a variable, its own historical values, and the historical values of
other variables within the system [2].

Although VARIMA provides an effective framework for capturing endogenous relationships
among variables, real-world financial systems are often influenced by external factors that
originate outside the modeled system. To accommodate such external information, the Vector
Autoregressive Integrated Moving Average with Exogenous Variables (VARIMAX) model extends
VARIMA by incorporating exogenous variables into the model structure [4]. VARIMAX allows
external variables, including policy interventions and dummy variables, to influence endogenous
variables while preserving dynamic interrelationships among the endogenous variables.

In intervention analysis, dummy variables are commonly used to represent policy changes,
structural breaks, institutional reforms, economic crises, or extraordinary events [5]. The inclusion
of dummy variables enables the model to capture abrupt changes that cannot be explained solely
by the historical behavior of endogenous variables. Consequently, the integration of dummy
variables into the VARIMAX framework may improve both model interpretation and forecasting
accuracy [5].

Before constructing a multivariate forecasting model, it is important to investigate whether
long-run equilibrium relationships exist among the variables. This concept is referred to as
cointegration. Cointegration occurs when non-stationary variables move together over time and
maintain a stable long-run equilibrium relationship despite short-run fluctuations. The existence
of cointegration determines whether variables should be modeled in levels or differences and is
therefore a critical step in multivariate time series modeling [6].

In addition to long-run equilibrium analysis, understanding causal interactions among variables
is also essential. One of the most widely used approaches is the Granger causality test. Granger
causality evaluates whether past values of one variable contain useful information for predicting
another variable. The concept of causal relationships among variables forms the basis of vector
autoregressive systems and helps identify the direction of information flow among variables [7].

After estimating multivariate models, dynamic interactions among variables can be further
analyzed through Impulse Response Functions (IRF). The IRF measures how shocks occurring
in one variable propagate throughout the system over time [8]. impulse response functions are
central tools in vector autoregressive analysis because they describe the dynamic responses of
variables following structural shocks [8].

Another important tool in multivariate analysis is Forecast Error Variance Decomposition
(FEVD). While IRF focuses on the direction and magnitude of responses to shocks, FEVD
quantifies the proportion of forecast error variance attributable to innovations originating from
each variable in the system. Therefore, FEVD provides information regarding the relative
importance of variables in explaining fluctuations over different forecasting horizons [9]. The
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combination of IRF and FEVD allows a comprehensive understanding of dynamic interactions
among variables in multivariate systems [9].

Despite these advantages, VARIMA is fundamentally linear and primarily focuses on endoge-
nous relationships, which limits its ability to accommodate the influence of external factors and
structural changes within the system [10]. The Vector Autoregressive Integrated Moving Average
with Exogenous Variables (VARIMAX) model extends the VARIMA framework by incorporating
external explanatory variables into the system. These exogenous variables may represent policy
interventions, economic shocks, institutional reforms, or other factors that originate outside
the endogenous system. By including such variables, VARIMAX is capable of capturing both
internal dynamic interactions and external influences simultaneously. Previous studies have
shown that the inclusion of exogenous variables can improve both model interpretation and
forecasting performance [11, 12].

Recent developments in econometric modeling emphasize the importance of comparing
alternative modeling approaches to identify the most appropriate multivariate forecasting models.
Comparative analysis between the Vector Autoregressive Integrated Moving Average (VARIMA)
model and the Vector Autoregressive Integrated Moving Average with Exogenous Variables
and Dummy Variables (VARIMAX-Dummy) model is therefore conducted to examine dynamic
relationships and forecasting performance within such complex cooperative financial data [5, 12].
While both approaches are capable of modeling multivariate time-series dynamics, their ability
to capture external interventions and structural changes may differ substantially. To provide
an overview of previous studies and to highlight the existing research gap, Table 1 presents
a comparison of earlier studies related to the application of VARIMA and VARIMAX-based
models in economic and financial time-series analysis.

Table 1: Comparison of Previous Studies on Models
Study Model(s) Key Metric(s) Main Findings
Karim and
Ahmed, (2023)

VARIMA Standard Error The VARIMA (2,1,2) model effectively cap-
tures the relationship between variables and
provides good accuracy for short-term forecast-
ing but is less stable for the long term.

Atmaja and
Warsito, (2021)

VARIMAX-Dummy MAE The VARIMAX (0,1,2) model with dummy
variables produced the best model with better
prediction accuracy based on MAAE.

This Study Comparative VARIMA
and VARIMAX-Dummy

IRF, FEVD, RMSE This study compares VARIMA and
VARIMAX-Dummy models in forecast-
ing KPRI evaluates both forecasting accuracy
and dynamic intervariable relationships.

Although previous studies have examined VARIMA and VARIMAX models separately,
several important gaps remain. First, limited research has compared VARIMA and VARIMAX-
Dummy models in the context of cooperative financial performance. Second, previous studies
have primarily focused on forecasting accuracy without simultaneously investigating dynamic
relationships through Granger causality, IRF, and FEVD analyses. Third, empirical evidence
regarding the impact of policy-related structural interventions on cooperative financial systems
remains scarce. Consequently, the relative effectiveness of VARIMA and VARIMAX-Dummy
models in capturing both dynamic interactions and forecasting performance within cooperative
financial data remains insufficiently explored.

This study addresses these gaps by conducting a comparative analysis of VARIMA and
VARIMAX-Dummy models using monthly financial data from a KP-RI savings and loan coopera-
tive. The comparison is performed from two perspectives: (1) forecasting performance using Root
Mean Square Error (RMSE), and (2) dynamic system analysis using Granger causality, Impulse
Response Function (IRF), and Forecast Error Variance Decomposition (FEVD). The main
contributions of this study are twofold. First, it provides empirical evidence on the effectiveness
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of incorporating policy dummy variables into a multivariate forecasting framework. Second,
it integrates forecast evaluation and dynamic interaction analysis within a single comparative
framework. These findings are expected to provide useful insights for cooperative managers
and researchers in selecting appropriate forecasting models for financial decision-making under
policy-related structural changes.

The remainder of this article is organized as follows. Section 2 presents the data, problem
formulation, modeling methods, and evaluation procedures. Section 3 discusses the experimental
results and model performance analysis. Finally, Section 4 concludes the study and outlines
directions for future research.

2. Methods
This section describes the data, modeling framework, analytical procedures, and evaluation
criteria employed in this study. The discussion begins with the data sources and observation
period, followed by the specification of the VARIMA and VARIMAX models with dummy
variables, as well as the model performance evaluation methods used to assess forecasting
accuracy.

2.1. Data Collection
This study employs secondary data and supporting primary data obtained from the KP-RI
Semeru Ngajum Savings and Loan Cooperative. The secondary data consist of monthly financial
observations derived from annual financial accountability reports during the 2015–2024 man-
agement period. The analyzed variables are monthly Interest Income (PHB) and monthly Net
Surplus (SHU), resulting in 120 observations from January 2015 to December 2024.

The monthly financial data were reconstructed from the cooperative’s annual financial
accountability reports. Each annual report contains monthly records of financial transactions
and performance indicators. Monthly observations of Interest Income (PHB) and Net Surplus
(SHU) were extracted from these reports and compiled into a continuous monthly time-series
dataset. Data consistency was verified by comparing monthly aggregates with annual totals
reported in each accountability report.

Supporting primary data were collected through interviews with the cooperative’s financial
management to identify policy changes related to mandatory savings contributions. This
information was used to construct a dummy variable as an exogenous factor representing the
implementation periods of mandatory savings policy adjustments.

A dummy variable was introduced to represent temporary changes in the mandatory savings
regulation implemented by KP-RI Semeru Ngajum during the observation period. Based on
information provided by the cooperative management, policy adjustments occurred during
February 2015–April 2015, October 2015, October 2016–December 2016, February 2017–April
2017, July 2017, September 2017, June 2018–July 2018, August 2019–December 2019, April 2020,
March 2021, March 2022, and June 2022.

The dummy variable was specified as a pulse dummy variable because the policy adjustments
were implemented only during specific periods and were assumed to generate temporary effects
on cooperative financial performance. Accordingly, the dummy variable was coded as 1 during
the months in which the mandatory savings regulation adjustment was implemented and 0
otherwise. This specification allows the VARIMAX model to capture short-term structural
disturbances associated with policy interventions without assuming permanent shifts in the
underlying financial process.

The inclusion of the policy dummy variable was based on the assumption that adjustments
to the mandatory savings regulation could temporarily influence the financial performance of
the cooperative. Changes in mandatory savings contributions may affect the amount of funds
available for lending activities, which in turn can influence Interest Income (PHB) and ultimately
affect Net Surplus (SHU). Therefore, the dummy variable was incorporated as an exogenous
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variable in the VARIMAX model to represent temporary policy-related shocks that are not
captured by the endogenous financial variables alone.

For consistency throughout the manuscript, Net Surplus is denoted by Yt, Interest Income is
denoted by Xt, and the policy-intervention dummy variable is denoted by Dt in all mathematical
formulations. The labels SHU and PHB are used only in tables, figures, and software outputs to
facilitate interpretation. Furthermore, the notation ∇ is used to represent first differencing, and
all lagged variables are expressed using the subscript form t − k. Detailed descriptions of the
research variables are presented in Table 2.

Table 2: Data Variable Description

No Code Nama Variabel Unit Scale
1 Z1t Net surplus (SHU) Million in a Month Rasio
2 Z2t Interest income (PHB) Million in a Month Rasio
3 Dt The implementation of the

policy changes (Dummy)
Dummy = 1, for months in which the mandatory
savings regulation adjustment was implemented.
Dummy = 0, for months in which no adjustment
to the mandatory savings regulation was imple-
mented.

Nominal

2.2. Stationarity Test
Stationarity is an essential assumption in time-series analysis, requiring the statistical properties
of the data to remain constant over time. In this study, stationarity is evaluated in terms of both
variance and mean. Variance stationarity is assessed using the Box–Cox transformation, where a
parameter value of λ ≈ 1 indicates stable variance; otherwise, an appropriate transformation is
applied to stabilize the variance [13]. Mean stationarity is subsequently tested using the Aug-
mented Dickey–Fuller (ADF) test [13]. If non-stationarity is detected, differencing is performed
to remove trends, as expressed in Eq. (1):

∇Wt = Wt − Wt−1 (1)

The general ADF model is formulated in Eq. (2):

∆yt = α + βt + γyt−1 +
p∑

i=1
δi∆yt−i + εt (2)

where α denotes the constant term, β is the parameter being tested, δi represents the autoregressive
coefficient at lag i, and εt is the error term. The null hypothesis H0 indicates non-stationarity,
while H1 indicates stationarity. The null hypothesis is rejected when the p-value is smaller than
the significance level α, implying that the series is stationary. This procedure is important
because VARIMA and VARIMAX models require stationary time-series data prior to estimation.

2.3. Vector Autoregressive Integrated Moving Average (VARIMA)
The Vector Autoregressive Integrated Moving Average (VARIMA) model is an extension of the
ARIMA model designed for multivariate time-series analysis, enabling the modeling of dynamic
relationships among multiple variables simultaneously [12]. Similar to ARIMA, the VARIMA
model incorporates differencing to handle non-stationary data [12]. The general form of the
VARIMA model is expressed in Eq. (3):

Φ(B)(1 − B)dZt = Θ(B)at (3)

where Zt denotes the multivariate time-series vector after differencing, Φ(B) and Θ(B) represent
the autoregressive (AR) and moving average (MA) orders, respectively, c is the intercept vector,
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Φi and Θj are the autoregressive and moving average coefficient matrices, and at denotes the
white-noise error vector. Overall, the VARIMA model explains current changes in variables as
functions of past observations and past error components, allowing the model to capture dynamic
interactions within the system.

2.4. Vector Autoregressive Integrated Moving Average with Exogenous Vari-
able (VARIMAX)

The Vector Autoregressive Integrated Moving Average with Exogenous Variables (VARIMAX)
model extends the VARIMA framework by incorporating exogenous variables, such as dummy
variables, to capture external influences and structural changes within the system [5]. The general
form of the VARIMAX model is expressed in Eq. (4):

Φ(B)(1 − B)dZt = c + Ψ(B)Xt + Θ(B)at (4)

where Zt denotes the differenced multivariate time-series vector, Φ(B) and Θ(B) represent the
autoregressive (AR) and moving average (MA) orders, respectively, and Xt denotes the number of
exogenous variables included in the model. The parameter Ψ represents the effect of the exogenous
dummy variable Dt, which captures policy interventions or specific events affecting the system.
The terms Φ and Θ denote the autoregressive and moving average coefficient matrices, while at

represents the white-noise error vector. By incorporating exogenous variables, the VARIMAX
model is able to capture both internal dynamics and external shocks more comprehensively than
the VARIMA model.

2.5. Akaike’s Information Criterion (AIC)
Model order selection is an important step in multivariate time-series modeling, particularly
in VARIMA and VARIMAX models, because the autoregressive (p) and moving average (q)
orders determine the model’s complexity and forecasting capability. In this study, AIC was used
exclusively for selecting the optimal model structure and order, which balances model goodness
of fit and complexity [12]. The AIC is defined as follows Eq. (5):

AIC(p, q) = ln |Σa| + 2k

N
(5)

where Σa denotes the residual covariance matrix, N is the number of observations, and k
represents the number of estimated parameters. The model with the smallest AIC value is
considered the most appropriate because it provides the optimal balance between model accuracy
and parsimony. Accordingly, several VARIMA model specifications with different combinations
of p and q are estimated and compared. The VARIMAX model was constructed by incorporating
the policy-intervention dummy variable into the optimal VARIMA specification identified through
the minimum AIC criterion. Because the primary objective of this study was to compare the
forecasting performance and dynamic behavior of VARIMA and VARIMAX-Dummy while
isolating the contribution of the exogenous policy variable, the autoregressive and moving-average
orders selected for VARIMA were retained in the VARIMAX model. By maintaining the same
endogenous model structure, any differences in parameter estimates, dynamic responses, and
forecasting performance can be attributed primarily to the inclusion of the dummy variable
rather than differences in model specification. The adequacy of the resulting VARIMAX model
was subsequently evaluated through parameter significance testing, residual diagnostics, and
out-of-sample forecasting performance measures.

2.6. IRF dan FEVD
Impulse Response Function (IRF) and Forecast Error Variance Decomposition (FEVD) are
important tools in multivariate time-series analysis, particularly in VAR and VARIMA models, for
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examining dynamic interactions among variables [14]. Based on the moving average representation,
the model can be expressed as follows Eq. (6):

Zt =
∞∑

i=0
Ψiat−i (6)

where Ψi denotes the impulse response coefficient matrix and at represents the shock vector.
The Impulse Response Function (IRF) measures the response of a variable to shocks in another
variable over future periods and is defined as Eq. (7) :

IRFh = ∂Zt+h

∂a′
t

(7)

Meanwhile, FEVD evaluates the contribution of each shock to the forecast error variance of
the variables, formulated as Eq. (8):

FEVDij(h) =
∑h−1

m=0(e′
iΨmΣaej)2∑h−1

m=0 e′
iΨmΣaΨ′

mei

(8)

where Σa denotes the covariance matrix of the error terms. Together, IRF and FEVD provide
insights into the magnitude and persistence of dynamic interactions among variables within the
system [15].

2.7. Root Mean Squared Error (RMSE)
Model performance is evaluated using the Root Mean Squared Error (RMSE), which serves as
the primary metric for assessing forecasting accuracy [16, 17]. RMSE measures the square root
of the average squared differences between actual and predicted values, making it sensitive to
large forecasting errors and useful for evaluating model stability. The RMSE is defined as follows
Eq. (9):

RMSE =

√√√√ 1
n

n∑
t=1

(yt − ŷt)2 (9)

where yt denotes the observed value, ŷt represents the predicted value, and n is the number of
observations. Lower RMSE values indicate better predictive accuracy; therefore, the optimal
model is selected based on the smallest RMSE value [18, 19]. RMSE was employed solely to
evaluate out-of-sample forecasting performance and to compare the predictive accuracy of the
final VARIMA and VARIMAX models.

2.8. Data Analysis Procedure
The data were processed using R and Python software.

1. The multivariate time-series dataset consists of cooperative financial performance variables
Yt, Xt and the dummy variable (Dt). The dataset was divided into training data (90%) and
testing data (10%). The dataset was initially divided into training data (90%) and testing
data (10%). To evaluate the robustness of the forecasting results and address the limited
size of the testing sample, an expanding-window rolling forecast procedure was subsequently
performed. In each iteration, the model was re-estimated using all observations available
up to time t, and a one-step-ahead forecast was generated for time t+1. This process was
repeated throughout the testing period, and forecasting errors from all iterations were
aggregated to calculate the RMSE values. The rolling forecast approach provides a more
reliable assessment of out-of-sample forecasting performance by reducing dependence on a
single train-test partition. For the VARIMAX model, the values of the exogenous dummy
variable in the testing period were determined based on the actual implementation schedule
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of mandatory savings policy adjustments obtained from cooperative management records.
Because these policy interventions were administrative decisions with known implementation
dates, the dummy-variable values were treated as predetermined information rather than
forecasted variables. Consequently, no future information from the endogenous variables
(SHU and PHB) was used in constructing the dummy-variable series, thereby minimizing
the risk of data leakage during forecasting evaluation.

2. Data Preprocessing and Model Identification:
(a) Variance stationarity was evaluated using the Box–Cox transformation, while mean

stationarity was tested using the Augmented Dickey–Fuller (ADF) test. If non-
stationarity was detected, differencing was applied until stationarity was achieved
follows Eq. (1) and Eq. (2).

(b) The Johansen cointegration test was applied to identify long-run relationships among
variables [12]. The trace test statistic is formulated as Eq. (10):

λtrace(r) = −T
k∑

i=r+1
ln(1 − λ̂i) (10)

while the maximum eigenvalue statistic is expressed Eq. (11):

λmax(r, r + 1) = −T ln(1 − λ̂r+1) (11)

The null hypothesis states that the number of cointegration vectors is less than or
equal to r, whereas the alternative hypothesis indicates the existence of more than r
cointegration relationships.

(c) The orders of the VARIMA model were identified using the Matrix Autocorrelation
Function (MACF) and Matrix Partial Autocorrelation Function (MPACF) [12]. The
MACF is expressed as ρk where ρk denotes the sample cross-correlation between
variables in lag to k, which is calculated as Eq. (12):

Γ̂k = 1
T

T∑
t=k+1

(Zt − Z̄)(Zt−k − Z̄)′ (12)

The Matrix Partial Autocorrelation Function (MPACF), denoted as Pk, was used
together with the Matrix Autocorrelation Function (MACF) to identify the VARIMA
model order. The cut-off pattern of MACF was used to determine the moving
average order (q), whereas the cut-off pattern of MPACF was used to determine the
autoregressive order (p).

(d) Based on the initial identification results, several VARIMA candidate models with
different p and q combinations were estimated, and the optimal model was selected
using the Akaike Information Criterion (AIC), where the model with the smallest
AIC value was considered the best model follows as Eq. (5).

(e) Granger causality testing was subsequently performed to examine causal relationships
among variables using the following Eq. (13) [12]:

yt = α0 +
m∑

i=1
αiyt−i +

n∑
j=1

βjxt−j + εt (13)

The null hypothesis states that x does not Granger-cause y (H0), while the alternative
hypothesis indicates the presence of causality (H1). The test statistic is defined as
Eq. (14):

F = (RSSR − RSSU )/m

RSSU /(T − k) (14)
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H0 is rejected when the p-value is smaller than the significance level α. The same
procedure was applied to test the reverse direction of causality, namely whether y
influences x, allowing the relationships among variables to be classified as unidirectional,
bidirectional, or non-causal.

3. Parameter estimation was performed for both VARIMA and VARIMAX models based on
Eq. (3) and Eq. (4).

4. Diagnostic checking was subsequently conducted to ensure that the models satisfied the
assumptions of white-noise and normally distributed residuals [12]. The Ljung–Box test
was applied to examine residual autocorrelation using the following Eq. (15):

Q(m) = T (T + 2)
m∑

k=1

ρ̂2
k

T − k
(15)

where the null hypothesis states that the residual autocorrelations are equal to zero (H0).
Residual normality was evaluated using the Jarque–Bera test, defined as Eq. (16) :

JB = n

6

(
S2 + (K − 3)2

4

)
(16)

where the null hypothesis assumes that the residuals are normally distributed. The null
hypothesis was rejected when the p-value was smaller than the significance level α.

5. Furthermore, Impulse Response Function (IRF) and Forecast Error Variance Decomposition
(FEVD) analyses were performed for both VARIMA and VARIMAX models to evaluate
dynamic interactions and the contribution of each variable to system fluctuations following
Eq. (7) and Eq. (8).

6. Forecasting performance was finally assessed using the Root Mean Squared Error (RMSE),
where the model with the smallest RMSE value was selected as the best forecasting model
following Eq. (9).

3. Results and Discussion
This section presents the empirical results obtained from the implementation of the proposed
methodology. To provide a systematic discussion, the analysis begins with descriptive statistics
and data splitting, followed by stationarity testing, cointegration analysis, model identifica-
tion, and Granger causality testing. Subsequently, the VARIMA and VARIMAX models are
estimated and evaluated through diagnostic testing, dynamic analysis using Impulse Response
Function (IRF) and Forecast Error Variance Decomposition (FEVD), and forecasting performance
assessment using Root Mean Squared Error (RMSE).

3.1. Descriptive Statistics and Data Splitting
Descriptive statistics were used to provide an overview of the characteristics of the variables
analyzed in this study, namely SHU , PHB, and the dummy variable Dt, which represents policy
changes. The results indicate that SHU has a mean value of 38.30, with a minimum of 23.64
and a maximum of 49.67, suggesting relatively high variability during the observation period. In
contrast, PHB has a lower mean value of 24.24, ranging from 15.91 to 29.18, indicating more
stable fluctuations over time.

The dummy variable Dt shows that policy changes occurred in only 31 observations (25.83%),
while the remaining 89 observations (74.17%) correspond to periods without policy changes. This
finding indicates that policy interventions were relatively infrequent during the study period,
supporting the inclusion of a dummy variable in the VARIMAX model to capture external effects
on the system dynamics. Furthermore, the dataset was divided into training and testing sets
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using a 90:10 ratio, where 90% of the observations were used for model estimation and the
remaining 10% for forecasting evaluation. As illustrated in Fig. 1, the split point is located
around the beginning of 2024, ensuring that the temporal structure of the data was preserved.
The time-series plots also reveal different movement patterns between SHU and PHB, with
SHU exhibiting greater fluctuations, whereas PHB shows relatively smoother and more stable
trends throughout the observation period.

Fig. 1: Data Splitting

The split point between the training and testing datasets is indicated by the dashed vertical
line around the beginning of 2024, preserving the temporal structure of the series while ensuring
that model evaluation was conducted on unseen data. The time-series plot of SHU shows a
gradual upward trend from 2015 to approximately 2021, followed by relatively stable movements
with minor fluctuations until 2024. During the testing period, the series appears relatively flat
or slightly declining, suggesting a slowdown in growth at the end of the observation period. In
contrast, PHB exhibits greater fluctuations, with a substantial increase reaching its peak around
2021, followed by a gradual decline toward 2024. In the testing period, PHB remains at a lower
level compared with its peak and tends to move relatively stable with a slight downward trend.
Overall, the descriptive statistics and time-series visualization reveal distinct characteristics
between SHU and PHB in terms of variability and movement patterns. Moreover, the relatively
low frequency of policy changes supports the inclusion of dummy variables in the VARIMAX
model to capture external influences on system dynamics.

In addition to the descriptive analysis, the monthly SHU and PHB series were examined for
potential seasonal patterns before model estimation. Seasonality refers to recurring fluctuations
that occur regularly within specific periods, such as monthly or annual cycles. Visual inspection
of the time-series plots did not reveal any consistent repeating pattern across months or years.
The SHU series was characterized primarily by long-term increases and decreases, while the PHB
series displayed a gradual upward trend followed by relatively stable movements rather than
cyclical fluctuations. The absence of strong seasonality was further supported by correlation
analysis between the month variable and the financial variables. The correlation coefficient
between month and SHU was 0.045, whereas the correlation coefficient between month and PHB
was 0.086. Both values are close to zero, indicating that calendar month has only a negligible
relationship with variations in SHU and PHB. These findings suggest that the dynamics of
the financial variables are driven mainly by long-term trends and policy-related factors rather
than seasonal effects. Therefore, seasonal differencing or seasonal model specifications were
not considered necessary in the subsequent VARIMA and VARIMAX-Dummy analyses. This
preliminary assessment supports the use of non-seasonal VARIMA and VARIMAX-Dummy
models in the present study.
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3.2. Pre-processing before testing parameter estimates
Prior to model estimation, stationarity testing was performed to verify that the data met the
assumptions of multivariate time-series modeling. Variance stationarity was assessed using the
Box–Cox transformation. The estimated Box–Cox parameters before transformation were λ for
SHU and λ for PHB. Following the first Box–Cox transformation, both series yielded λ = 1
indicating that the variance had been stabilized and the data were stationary with respect to
variance. Subsequently, stationarity in the mean was examined. After transformation, both
variables satisfied the variance stationarity assumption. Mean stationarity was subsequently
examined using the Augmented Dickey–Fuller (ADF) test before differencing and after differencing
in Table 3 and Table 4.

Table 3: Result ADF before differencing

Variable Statistics ADF P-value Decision
SHU -2.3017 0.4515 non-stationary
PHB -1.7311 0.6882 non-stationary

The results at the level form indicated that both variables were non-stationary, as the p-values
exceeded the 5% significance level.

Table 4: Result ADF after differencing

Variable Statistics ADF P-value Decision
SHU -3.7389 0.0245 stationary
PHB -4.1964 0.0100 stationary

The results in Table 4 show first-order differencing was applied. After differencing, both
variables became stationary, with ADF p-values below 0.05, indicating that the transformed
series were suitable for further analysis. To examine long-run relationships among variables, the
Johansen cointegration test was performed using the trace test without linear trend and constant
terms in the cointegration equation. The results of the Johansen cointegration test are presented
in Table 5.

Table 5: Results of the Johansen cointegration test (Trace Test)

Hypothesis Statistical Test Critical Value(5%) Decision
r = 0 14.42 19.96 Fail to Reject H0
r ≤ 1 6.71 9.24 Fail to Reject H0

The results in Table 5 show that the trace statistics for both SHU and PHB were smaller
than the corresponding critical values at the 5% significance level. This finding indicates
the absence of cointegration between interest income and SHU, suggesting that no long-run
equilibrium relationship exists between the variables. Consequently, the subsequent analysis
focused on the differenced VARIMA framework without incorporating an error correction term,
emphasizing short-run dynamic interactions. The next step is to identify the model to determine
the autoregressive (AR) and moving average (MA) orders in the VARIMA model. This process
uses the Matrix Partial Autocorrelation Function (MPACF) and Matrix Autocorrelation Function
(MACF) obtained from stationary data. The MPACF and MACF results are presented in Table 6
and Table 7.
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Table 6: Result MPACF

Variable Lag 1 Lag 2 Lag 3 Lag 4 Lag 5
SHU ++ .. .. .. ..
PHB +- .. .. .. ..

The MPACF results in Table 6 showed a cut-off pattern at lag 1 for both variables, indicating
an autoregressive order of 1.

Table 7: Result MACF

Variable Lag 0 Lag 1 Lag 2 Lag 3 Lag 4 Lag 5
SHU ++ ++ .. .. .. ..
PHB +- +- .. .. .. ..

Meanwhile, the MACF results in Table 7 suggested moving average orders between 0 and 1.
Based on these findings, several candidate VARIMA models, namely AR(1), MA(1), and MA(2),
were estimated and compared using the Akaike Information Criterion (AIC). The results of the
AIC calculations for several candidate models are presented in Table 8.

Table 8: AIC Value Model Vector

Model MA(0) MA(1) MA(2)
AR(1) -145.6536 -3.740476 -3.738388

Based on Table 8, the Vector model with a combination of AR(1) and MA(0) produces a
model with the smallest AIC value (-145.6536), indicating the best balance between model fit
and complexity. The VARIMAX model employed the same autoregressive and moving-average
orders selected for the optimal VARIMA model. Following the identification of the optimal
VARIMA (1,1,0) specification based on the minimum AIC criterion, the same autoregressive
and moving-average structure was retained for the VARIMAX model. This approach was
adopted to ensure a fair comparison between VARIMA and VARIMAX-Dummy, as the primary
objective of this study was to evaluate the contribution of the policy-intervention dummy
variable to forecasting performance. By maintaining the same endogenous model structure, the
only substantive difference between the two models is the inclusion of the exogenous policy
variable. Consequently, any improvement in model fit, dynamic response analysis, or forecasting
accuracy can be attributed primarily to the incorporation of the policy-intervention dummy
variable rather than differences in model order specification. The adequacy of the resulting
VARIMAX (1,1,0) model was subsequently evaluated through parameter significance testing,
residual diagnostics, IRF–FEVD analysis, and comparison of model evaluation. Granger causality
testing was subsequently conducted to examine the predictive relationships between SHU and
PHB. Results Granger test show in Table 9.

Table 9: Result Granger Test

Relationship F-Statistic P-value Decision
SHU → PHB 18.892 0.00002164 H0 Reject
PHB → SHU 9.9158 0.00188 H0 Reject

In Table 9 shows that both predictive directions are statistically significant, with p-values below
0.05. The results indicate that past values of SHU provide significant predictive information for
PHB, while past values of PHB also provide significant predictive information for SHU. Therefore,
a bidirectional predictive relationship exists between the two variables. This finding suggests
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strong short-run dynamic interdependence within the cooperative financial system. The presence
of mutual predictive relationships supports the use of multivariate models such as VARIMA
and VARIMAX, which are designed to capture the interconnected dynamics among financial
performance variables.

3.3. Estimation of VARIMA and VARIMAX Dummy Models
After determining the optimal model order (1,1,0), parameter estimation was performed for
the VARIMA (1,1,0) and VARIMAX-Dummy (1,1,0) models using the Maximum Likelihood
Estimation (MLE) method. Parameter significance was evaluated through partial t-tests under
the null hypothesis that the estimated parameters are not statistically significant. Parameters
with p-values smaller than 0.05 were considered significant. The complete estimation results are
presented in the appendix, while the summaries are reported in Table 10 and Table 11. The
hypothesis used in parameter testing is as follows:

H0 : ϕij = 0 (Parameter tidak signifikan)
H1 : ϕij ̸= 0 (Parameter signifikan)

The test decision is made by rejecting H0 if the p-value is smaller than the significance level
α = 0.05.

Table 10: VARIMA Parameter Estimation Results

Parameter Estimated P-value Decision
ϕ11 0.23898 0.01164 H0 Reject
ϕ12 0.97579 0.00214 H0 Reject
ϕ21 0.11585 3.23e-05 H0 Reject
ϕ22 0.22275 0.0136 H0 Reject

In Table 10 shows The VARIMA estimation results indicate that all autoregressive parameters
are statistically significant. In the SHU equation, the lagged SHU variable has a coefficient of
0.23898 (ϕ11), while the lagged PHB variable has a coefficient of 0.97579 (ϕ12). Similarly, in
the PHB equation, lagged SHU and lagged PHB have coefficients of 0.11585 (ϕ21) and 0.22275
(ϕ22), respectively. These findings confirm the existence of significant bidirectional dynamic
interactions between SHU and PHB. The VARIMA (1,1,0) model can therefore be expressed as
follows:

SHUt = 0.23898SHUt−1 + 0.97579PHBt−1 + ε1,t

PHBt = 0.11585SHUt−1 + 0.22275PHBt−1 + ε2,t

Next, the VARIMAX model is estimated by adding dummy variables as exogenous variables.

Table 11: VARIMAX Parameter Estimation Results

Parameter Estimated p-value Decision
ϕ11 0.3888 3.27e-06 H0 Reject
ϕ12 1.0799 4.75e-05 H0 Reject
γ1 0.8629 9.57e-11 H0 Reject
ϕ21 0.13045 5.54e-06 H0 Reject
ϕ22 0.23289 0.00909 H0 Reject
γ2 0.08409 0.04390 H0 Reject

In Table 11 shows the VARIMAX nmodel nwas estimated by incorporating the dummy
variable as an exogenous variable. The results demonstrate an improvement in model performance
compared with VARIMA. In the SHU equation, lagged SHU , lagged PHB, and the dummy
variable are all statistically significant, with coefficients of 0.3888, 1.0799, and 0.8629, respectively.
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Similarly, in the PHB equation, lagged SHU , lagged PHB, and the dummy variable remain
significant, with coefficients of 0.13045, 0.23289, and 0.08409, respectively. The significance of the
dummy variable in both equations indicates that external policy changes contribute substantially
to the dynamics of cooperative financial performance. The VARIMAX (1,1,0) model is formulated
as follows:

SHUt = 0.3888SHUt−1 + 1.0799PHBt−1 + 0.8629Dt + ε1,t

PHBt = 0.13045SHUt−1 + 0.23289PHBt−1 + 0.08409Dt + ε2,t

3.4. Diagnostic Testing of VARIMA and VARIMAX Dummy
Diagnostic testing was conducted to verify whether the VARIMA and VARIMAX-Dummy
models satisfied the assumptions of white-noise and multivariate normal residuals. Residual
autocorrelation was evaluated using the Portmanteau autocorrelation test, with the H0 stating
that the residuals are independently distributed. The results presented in Table 12 with a
hypothesis:

Table 12: Portmanteau Autocorrelation Test

Model Lag Test Statistics P-value
VARIMA 1 0.9899 0.9113

2 1.3269 0.9952
3 2.6907 0.9974
4 3.5171 0.9995
5 4.2493 0.9999
6 8.4284 0.9986
7 10.6897 0.9987
8 17.8978 0.9789
9 19.9715 0.9859
10 26.4035 0.9516

VARIMAX Dummy 1 2.3907 0.6643
2 4.5240 0.8070
3 13.1523 0.3581
4 16.1429 0.4430
5 16.5020 0.6850
6 21.8482 0.5883
7 25.4356 0.6040
8 28.5677 0.6410
9 31.8054 0.6684
10 35.4019 0.6772

The results presented in Table 12 show that all p-values across the examined nlags are greater
than 0.05 for both models. Therefore, the H0 cannot be rejected, indicating that the residuals
are free from autocorrelation and satisfy the white-noise assumption. Residual normality was
subsequently examined using the multivariate Jarque–Bera test. H0 states that the residuals
follow a multivariate normal distribution. The results presented in Table 13 with a hypothesis:

Table 13: Residual Normality Test

Model Type Test Test Statistics P-value Decision
VARIMA Skewness 0.11798 0.9427 Accept H0

Kurtosis 0.59669 0.7420 Accept H0

VARIMAX Dummy Skewness 4.3128 0.1157 Accept H0
Kurtosis 3.9701 0.1374 Accept H0
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As summarized in Table 13, all p-values for the skewness and kurtosis tests exceed the 5%
significance level for both VARIMA and VARIMAX-Dummy models. Consequently, the H0
cannot be rejected, indicating that the residuals are approximately multivariate normal. Overall,
the diagnostic results confirm that both VARIMA and VARIMAX-Dummy models satisfy the
assumptions of white-noise and multivariate normal residuals, indicating that the models are
statistically adequate for dynamic analysis and forecasting purposes.

3.5. Analisis Impulse Response Function (IRF) dan Forecast Error Variance
Decomposition (FEVD)

Dynamic system analysis was conducted using the Impulse Response Function (IRF) and Forecast
Error Variance Decomposition (FEVD). The IRF analysis was employed to examine the response
of a variable to shocks originating from other variables within the system, whereas FEVD was
used to measure the contribution of each variable in explaining the forecast error variance. The
IRF results are presented in Fig. 2.

Fig. 2: Impulse Response Function (IRF)

Based on Fig. 2 the IRF results, the responses of the variables to shocks exhibit relatively
consistent patterns in both models, characterized by strong initial responses that gradually
decline and converge toward zero over time. The IRF results show that both VARIMA and
VARIMAX-Dummy models produce positive responses that gradually decline and converge
toward zero, indicating dynamic stability. Compared with VARIMA, the responses generated by
the VARIMAX-Dummy model exhibit smoother adjustment paths and slower decay patterns.
The smoother adjustment patterns observed in the VARIMAX-Dummy model indicate that
the inclusion of the policy-intervention dummy variable helps capture temporary structural
disturbances associated with mandatory savings adjustments. By explicitly incorporating policy-
related information, nthe model is better able to distinguish between endogenous financial
fluctuations and exogenous intervention effects. As a result, the dynamic responses become more
stable and economically interpretable, suggesting that policy interventions contribute to short-run
variations in SHU and PHB that are not fully explained by the endogenous variables alone.
This finding supports the inclusion of the policy-intervention dummy variable as an exogenous
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component of the VARIMAX model. The ability to account for intervention-related shocks
provides additional explanatory information that may contribute to the superior forecasting
performance of VARIMAX-Dummy relative to the VARIMA model, as reflected in the lower
RMSE values obtained during forecasting evaluation.

Nevertheless, the IRF results alone do not provide direct evidence regarding the magnitude
of the dummy variable contribution because the responses are evaluated only for the endogenous
variables. In addition, SHU responds positively to shocks in PHB during the initial periods
before gradually declining toward equilibrium. These findings indicate that the relationships
among variables are primarily short-run in nature and do not produce persistent long-term effects.
Overall, the IRF analysis confirms that both models are dynamically stable, as all responses
converge toward zero over time.

Table 14: Result FEVD

Model SHU PHB

Horizon SHU (%) PHB (%) Horizon SHU (%) PHB (%)
VARIMA 1 100.00 0.00 1 1.77 98.23

2 93.34 6.66 2 16.66 83.34
3 92.27 7.73 3 19.09 80.91
4 91.90 8.10 4 19.89 80.11
5 91.79 8.21 5 20.14 79.86
6 91.76 8.24 6 20.22 79.78
7 91.74 8.26 7 20.24 79.76
8 91.74 8.26 8 20.25 79.75
9 91.74 8.26 9 20.25 79.75
10 91.74 8.26 10 20.26 79.74
11 91.74 8.26 11 20.26 79.74
12 91.74 8.26 12 20.26 79.74

VARIMAX Dummy 1 100.00 0.00 1 0.05 99.95
2 89.33 10.67 2 12.32 87.68
3 86.66 13.34 3 15.85 84.15
4 85.52 14.48 4 17.42 82.58
5 85.00 15.00 5 18.14 81.86
6 84.76 15.24 6 18.48 81.52
7 84.65 15.35 7 18.64 81.36
8 84.60 15.40 8 18.71 81.29
9 84.57 15.43 9 18.75 81.25
10 84.56 15.44 10 18.77 81.23
11 84.55 15.45 11 18.78 81.22
12 84.55 15.45 12 18.78 81.22

Table 14 indicates that the cross-variable contributions in the VARIMAX-Dummy model are
larger than those observed in the VARIMA model. For example, the contribution of PHB to the
forecast error variance of SHU increases from 8.26% in VARIMA to 15.45% in VARIMAX-Dummy
by the twelfth horizon. Likewise, the contribution of SHU to PHB remains substantial, reaching
18.78% in the VARIMAX-Dummy model. These findings suggest that incorporating the policy
dummy variable modifies the dynamic transmission mechanism between SHU and PHB and
allows the model to capture additional variation that is not explained solely by endogenous
variables. However, because FEVD was evaluated only for the endogenous variables, the results
should be interpreted as indirect evidence of the contribution of the dummy variable rather than
a direct measurement of its forecast variance contribution.
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3.6. Comparison of Model Evaluation
The comparison between the VARIMA and VARIMAX-Dummy models was conducted using the
Root Mean Squared Error (RMSE) metric to evaluate the forecasting accuracy of each model
for the variables Net Surplus (SHU) and Interest Income (PHB). Forecasting performance was
evaluated using an expanding-window rolling forecast procedure. At each forecasting origin,
the VARIMA and VARIMAX-Dummy models were re-estimated using the available historical
observations, and one-step-ahead forecasts were generated. The resulting forecast errors were
accumulated across all forecasting horizons, and RMSE was computed from the aggregated errors.
This approach provides a more robust evaluation of forecasting accuracy than a single holdout
assessment because it utilizes multiple out-of-sample forecasts throughout the testing period.

To ensure a fair forecasting comparison, the exogenous dummy-variable values used in the
testing period were specified according to the actual policy implementation schedule identified
before model estimation. Therefore, the forecasting evaluation did not rely on information derived
from future observations of SHU or PHB. The dummy variable was treated as an externally
known intervention variable, consistent with the standard application of intervention analysis
in VARIMAX models. RMSE was calculated on differenced-transformed data. The RMSE
comparison results are presented in Table 15.

Table 15: Comparison of Model Evaluation

Model RMSE
Z1t Z2t

VARIMA 0.180136811 0.10121611
VARIMAX Dummy 0.067571092 0.07771696

Based on Table 15, the VARIMA model produced RMSE values of 0.180136811 for SHU
and 0.10121611 for PHB. In contrast, the VARIMAX-Dummy model demonstrated substantially
improved forecasting performance, with RMSE values decreasing to 0.067571092 for SHU and
0.07771696 for PHB. The considerable reduction in RMSE indicates that the VARIMAX-Dummy
model provides more accurate predictions than the VARIMA model. These findings suggest that
the inclusion of the dummy variable as an exogenous factor contributes significantly to improving
the model’s ability to capture the underlying dynamics of the data.

3.7. Discussion
Cooperatives play an important role as community-based financial institutions that support
member welfare through savings, loans, and profit-sharing activities. The results of this study
indicate that SHU (SHU) and PHB (PHB) have significant bidirectional relationships, meaning
that changes in one variable directly influence the other in the short run. The IRF and FEVD
analyses also confirm the existence of dynamic interactions between the variables, although
the effects gradually decline over time and converge toward equilibrium. Furthermore, the
VARIMAX-Dummy model produced lower RMSE values than the VARIMA model, indicating
that the inclusion of policy-related dummy variables improves forecasting accuracy and better
captures cooperative financial dynamics.

Despite its better performance, the VARIMAX-Dummy model still has several limitations.
The model only uses two financial variables, namely SHU (SHU) and PHB (PHB), so it may
not fully represent the complexity of cooperative performance. In addition, the dummy variable
simplifies policy changes into binary categories and may not reflect the actual magnitude of policy
impacts. The absence of cointegration also indicates that the model mainly captures short-run
relationships and may be less suitable for long-term forecasting. Therefore, future research
should incorporate additional macroeconomic and operational variables, as well as explore more
advanced forecasting approaches to improve model accuracy and generalizability. The rolling
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forecast evaluation was conducted to assess the robustness of the forecasting results obtained from
the relatively limited testing sample. The consistent superiority of the VARIMAX-Dummy model
across multiple forecasting origins indicates that the improvement in forecasting accuracy was
not driven by a specific train-test partition but rather by the inclusion of the policy-intervention
dummy variable.

4. Conclusion
This study investigated the analysis and forecasting of cooperative financial performance by
comparing VARIMA and VARIMAX-Dummy models within a multivariate time-series frame-
work. Based on the model selection procedure using the Akaike Information Criterion (AIC),
VARIMA(1, 1, 0) was identified as the optimal endogenous dynamic structure for modeling
Net Surplus (SHU, denoted by SHUt) and Interest Income (PHB, denoted by PHBt). To
evaluate the contribution of policy-intervention information, the same autoregressive and moving-
average orders were retained in the VARIMAX-Dummy model, resulting in a comparable
VARIMAX(1, 1, 0)-Dummy specification.

Both models satisfied the stationarity requirements and provided an adequate representation
of the dynamic relationships between the financial variables. Based on the RMSE values obtained
from the out-of-sample rolling forecast procedure, the VARIMAX-Dummy model consistently
achieved lower forecasting errors than the corresponding VARIMA model for both SHU and PHB.
These results indicate that incorporating policy-intervention information improves forecasting
accuracy and provides more stable forecasts.

The IRF and FEVD analyses further support the usefulness of the VARIMAX-Dummy model.
Both models exhibited stable and convergent responses to shocks, while the FEVD results showed
larger intervariable contributions after the inclusion of the dummy variable. These findings
suggest that the policy-intervention dummy variable captures additional variation associated
with external policy effects that cannot be fully explained by endogenous variables alone.

The main contribution of this study lies in demonstrating that policy-intervention information
can enhance forecasting performance in multivariate time-series models of cooperative financial
systems. From a practical perspective, the VARIMAX-Dummy model can serve as a useful
analytical tool to support managerial decision-making and financial planning in cooperatives.

Several limitations should be acknowledged. First, the analysis was conducted using data from
a single cooperative institution, which may limit the generalizability of the findings. Second, only
two financial variables, namely SHU and PHB, were included in the model, while other relevant
financial and macroeconomic factors were not considered. Third, the policy intervention was
represented using a relatively simple dummy-variable specification that may not fully capture the
complexity and duration of policy effects. Fourth, the Johansen cointegration analysis indicated
no long-run equilibrium relationship between the variables, implying that the findings primarily
reflect short-run dynamics. Finally, although forecasting performance was evaluated using an
out-of-sample rolling forecast procedure, the testing period remained relatively limited compared
with the overall sample size.

Future studies may address these limitations by incorporating additional financial and
macroeconomic variables, such as inflation, interest rates, savings growth, loan distribution, and
cooperative membership trends. If long-run equilibrium relationships are identified, Vector Error
Correction Models (VECM) may be employed to capture both short-run and long-run dynamics.
Furthermore, nonlinear and advanced forecasting approaches, including Long Short-Term Memory
(LSTM) networks and Transformer-based models, may be explored to evaluate whether predictive
performance can be further improved. Future research may also compare alternative validation
strategies and seasonal forecasting specifications to assess the robustness and generalizability of
forecasting results.
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