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Abstract

This study examines the short-run and long-run relationships between observed rainfall
and precipitation projections from CMIP6 climate models in Majalengka Regency under
three emission scenarios (SSP1–2.6, SSP2–4.5, and SSP5–8.5). The analysis employs the
Autoregressive Distributed Lag (ARDL) framework to evaluate both dynamic adjustments and
long-run equilibrium relationships between observed and modeled rainfall series. Stationarity
was assessed using the Augmented Dickey–Fuller (ADF) test, and the bounds testing procedure
was applied to examine the existence of long-run associations. The results indicate a stable
adjustment mechanism between observed rainfall and CMIP6 precipitation projections. The
estimated long-run precipitation coefficient is −0.561, indicating a weak negative long-term
association between modeled and observed rainfall. The error correction term (ECTt−1) is
estimated at −0.762 and is statistically significant, suggesting that approximately 76.2% of
deviations from the long-run equilibrium are corrected within one period. The best estimated
model explains about 84.81% of the variation in observed rainfall. These findings suggest
that CMIP6 rainfall projections exhibit a measurable statistical relationship with observed
rainfall patterns; however, the results should be interpreted cautiously for long-term climate
assessment. The analysis is based on a single observational station and does not incorporate
bias correction or statistical downscaling, which may limit the representation of local-scale
rainfall variability.
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1. Introduction
Rainfall plays a critical role in hydrological processes [1, 2], agricultural productivity [3], and water
resource management [4], particularly in tropical regions where rainfall variability is inherently
high [5, 6]. In Indonesia, complex interactions between large-scale atmospheric circulation,
regional monsoon systems, and local topography generate pronounced temporal and spatial
variability in rainfall patterns [5, 7]. This variability poses significant challenges for reliable
rainfall modeling and climate impact assessments, especially at local and regional scales where
decision-making in agriculture [8, 9], disaster mitigation [10], and water management [11] is most
sensitive to rainfall uncertainty.
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To address these challenges, a wide range of statistical and time-series approaches has
been applied to rainfall modeling. Conventional univariate models, such as Autoregressive
Integrated Moving Average (ARIMA) [12, 13], have been widely used to capture historical rainfall
dynamics and short-term persistence. While these models often perform well in reproducing past
observations, they rely solely on internal lag structures and do not explicitly incorporate external
climatic drivers. As a result, their ability to represent long-term relationships or to link observed
rainfall with climate model outputs remains limited. Multivariate approaches, including multiple
linear regression [14] and other empirical models using meteorological predictors [15], have also
been explored. However, these methods typically assume static relationships and often fail to
distinguish between short-run fluctuations and long-run equilibrium behavior.

Recent advances in climate science have provided extensive climate projection datasets
through initiatives such as the Coupled Model Intercomparison Project Phase 6 (CMIP6) [16].
CMIP6 offers multi-scenario precipitation projections under different Shared Socioeconomic
Pathways (SSPs) [17], enabling comprehensive assessments of future rainfall behavior under
varying emission trajectories. Despite their global importance, CMIP6 outputs are characterized
by coarse spatial resolution and structural uncertainty, which may limit their direct applicability at
local scales [18, 19]. Consequently, evaluating how CMIP6 rainfall projections relate to observed
rainfall—particularly in terms of short- and long-run dynamics—has become an important
research frontier.

Analyzing the models separately for each SSP scenario is important because different emission
pathways generate distinct climate forcing trajectories, which may influence precipitation vari-
ability and long-term rainfall patterns [20, 21]. Consequently, the dynamic relationship between
observed rainfall and model-simulated precipitation may vary across scenarios. Estimating
the ARDL model for each SSP scenario allows the study to examine whether the strength
and adjustment dynamics of the rainfall relationship remain consistent under different climate
projection pathways.

From a methodological perspective, the Autoregressive Distributed Lag (ARDL) framework
has emerged as a powerful tool for analyzing dynamic relationships between time-series variables
[22, 23]. Unlike traditional models, ARDL allows the simultaneous examination of short-run
adjustments and long-run equilibrium relationships, even when variables exhibit different orders of
integration. This flexibility has led to increasing applications of ARDL in climate [24], hydrology
[25], and environmental studies [26]. However, most existing studies focus either on forecasting
performance or on long-run associations alone, with limited attention to how climate model
outputs and observations interact across different time horizons.

Despite the increasing use of CMIP6 climate projections in regional climate studies, lim-
ited research has examined the dynamic relationship between observed rainfall and CMIP6
precipitation outputs using econometric time-series approaches. Most previous studies focus
on bias correction [27, 28], statistical downscaling [29], or model performance evaluation [30],
while relatively few studies investigate the temporal interaction between observed and modeled
precipitation using cointegration-based frameworks. This study contributes to the literature
by applying the Autoregressive Distributed Lag (ARDL) approach to analyze both short-run
dynamics and long-run equilibrium relationships between observed rainfall from BMKG and
CMIP6 precipitation projections at a local station scale.

This gap is particularly evident in local-scale rainfall studies in Indonesia, where few investi-
gations explicitly assess whether climate model projections capture short-term rainfall variability
while potentially diverging in long-term behavior. Moreover, comparative analyses across multiple
emission scenarios within a unified statistical framework remain scarce. Understanding these
distinctions is essential, as misinterpretation of long-run relationships may lead to inappropriate
conclusions regarding the reliability of climate projections for local applications.

Motivated by these gaps, this study aims to investigate the short- and long-run relationships
between observed monthly rainfall and CMIP6 precipitation outputs in Majalengka Regency,
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Indonesia, using the ARDL approach. Specifically, this research (i) examines the existence of
long-run cointegration between observed and modeled rainfall across different SSP scenarios,
(ii) quantifies the contrasting short-run and long-run effects of CMIP6 projections on observed
rainfall, and (iii) evaluates model performance under low-, medium-, and high-emission scenarios.
By doing so, this study provides new insights into the applicability and limitations of climate
model rainfall projections for local-scale rainfall modeling and climate impact analysis.

2. Study Area and Datasets
This section describes the geographical characteristics of the study area and the datasets used in
the analysis, including both observational rainfall records and CMIP6 precipitation projections.

2.1. Majalengka Regency
Majalengka Regency is located in the eastern part of West Java Province, Indonesia, and
represents a typical tropical monsoon climate region. Geographically, the regency lies between
approximately 6.6◦–7.4◦S and 108.0◦–108.4◦E (Fig. 1), with elevation ranging from lowland
plains to mountainous areas exceeding 1,000 m above sea level. This diverse topography plays an
important role in shaping local rainfall patterns through orographic effects and land–atmosphere
interactions [31, 32].
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Fig. 1: Location of Majalengka Regency.

2.2. Observational Data
Observed rainfall data were obtained from the Badan Meteorologi Klimatologi dan Geofisika
(BMKG) through the Kertajati Meteorological Station, located in Majalengka Regency at
approximately 6.73° S latitude, 108.26° E longitude, and an elevation of 85 m above sea level.
The dataset consists of daily rainfall measurements expressed in millimeters, covering the period
from January 1994 to December 2017.
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Prior to analysis, the daily rainfall records were subjected to quality control procedures.
Special codes indicating missing or unrecorded values were identified and treated accordingly.
Isolated missing observations were infilled using the average of rainfall values from the immediately
preceding and following days to preserve temporal continuity. Subsequently, the cleaned daily
data were aggregated into monthly total rainfall series by summing daily values within each
month. This aggregation was performed to align the observational data with the temporal
resolution of the climate model outputs.

The resulting monthly rainfall dataset provides a consistent and reliable representation of local
rainfall variability in Majalengka and serves as the dependent variable in the ARDL modeling
framework.

2.3. CMIP6 Datasets
Climate model rainfall data were derived from the Coupled Model Intercomparison Project
Phase 6 (CMIP6), accessed via datasets produced by the European Centre for Medium-Range
Weather Forecasts (ECMWF). The CMIP6 data are provided in gridded NetCDF format and
include the precipitation flux variable (pr).

This study utilizes CMIP6 precipitation data under three Shared Socioeconomic Pathway
(SSP) scenarios: SSP1-2.6 (low emissions), SSP2-4.5 (medium emissions), and SSP5-8.5 (high
emissions). The spatial resolution of the CMIP6 grid is approximately 1.25° × 1.875°, covering
the broader region of Indonesia. Since the Kertajati station does not coincide exactly with a
model grid point, spatial interpolation was required to extract rainfall estimates representative
of the station location. Bicubic interpolation was applied to obtain a continuous rainfall time
series at the station coordinates.

The precipitation flux values were converted into monthly rainfall totals to ensure consistency
with the observational dataset. The combined CMIP6 time series was divided into a historical or
training period (1994–2014) and a testing period (2015–2017) to evaluate model performance
across different emission scenarios. These CMIP6 rainfall series were treated as exogenous
variables in the ARDL framework, enabling the assessment of both short-run and long-run
relationships with observed rainfall.

3. Methods
This section outlines the methodological framework adopted in this study, including data
interpolation, stationarity testing, ARDL modeling, cointegration analysis, and model evaluation.

3.1. Bicubic Interpolation
The bicubic interpolation function can be expressed as

f(t, x) =
3∑

i=0

3∑
j=0

aij(t − t0)i(x − x0)j , (1)

where f(t, x) denotes the interpolated rainfall value at time t and location x, t0 represents
the time coordinate of the upper-left corner of the interpolation grid, x0 denotes the spatial
coordinate of the upper-left corner, and aij are the coefficients determined from the known
rainfall values surrounding the point (t0, x0).

Bicubic interpolation was applied to resample the precipitation data in order to align the
spatial resolution of the CMIP6 model outputs with the observational dataset. This interpolation
method provides smooth spatial transitions between grid cells and is commonly used in climate
data regridding applications. It should be noted that bicubic interpolation assumes spatial
smoothness, which may not always fully represent the localized variability of precipitation fields.
Compared to hydrological interpolation methods such as Inverse Distance Weighting (IDW) or
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kriging, bicubic interpolation prioritizes smooth spatial continuity rather than stochastic spatial
dependence. In this study, the interpolation procedure was used solely for spatial resampling, and
the resulting dataset was verified to ensure that no negative precipitation values were generated.

3.2. Augmented Dickey–Fuller (ADF) Test
Stationarity is a fundamental requirement in time series analysis because non-stationary data
can lead to biased and invalid statistical inference. The Augmented Dickey–Fuller (ADF) test,
developed by Dickey and Fuller [33], extends the standard Dickey–Fuller test by incorporating
lagged differences to account for residual autocorrelation, thereby improving test reliability [34].
In the ARDL framework, the ADF test is applied to ensure that all variables are integrated of
order I(0) or I(1), since the presence of any I(2) variable invalidates the ARDL approach [22].
All tests are conducted at a significance level of α = 0.05 with the following hypotheses:

H0 : The time series is non-stationary (contains a unit root),
H1 : The time series is stationary (does not contain a unit root).

The ADF test can be specified using three alternative regression forms:
1. Without intercept: ∆Yt = δYt−1 + ut,
2. With intercept: ∆Yt = β + δYt−1 + ut

3. With intercept and time trend: ∆Yt = β1 + β2t + δYt−1 + ut,

where ∆ denotes the first-difference operator, Yt represents the time series under consideration,
and ut is a white-noise error term.

The computed ADF test statistic is compared with the MacKinnon critical values. If the test
statistic is smaller than the corresponding critical value, the null hypothesis is rejected and the
series is concluded to be stationary. Conversely, if the test statistic exceeds the critical value, the
null hypothesis cannot be rejected, indicating that the series is non-stationary.

3.3. Autoregressive Distributed Lag (ARDL) Model
The Autoregressive Distributed Lag (ARDL) model combines lagged values of the dependent
variable and lagged values of independent variables to capture both short-run dynamics and
long-run relationships in time series data [35]. A key advantage of the ARDL framework is
its ability to accommodate variables integrated of order I(0) or I(1), making it suitable for
heterogeneous datasets. Moreover, ARDL allows cointegration testing without requiring all
variables to have the same order of integration, which enhances its flexibility and applicability in
empirical analysis [36].

3.3.1. Autoregressive (AR) Model
The Autoregressive (AR) model describes the influence of past values of a dependent variable on
its current value. In an AR model, the present value of the dependent variable is explained by
its own lagged values. In general, an autoregressive model of order p is expressed as

yt =
p∑

i=1
aiyt−i + εt, (2)

where yt denotes the value of the dependent variable at time t, yt−i represents the i-th lag of the
dependent variable, ai is the regression coefficient associated with the i-th lag, and εt is the error
term at time t.

3.3.2. Distributed Lag (DL) Model
The Distributed Lag (DL) model captures the effect of an independent variable observed at
multiple lag periods on a dependent variable. This model allows the analysis of impacts that
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occur not only contemporaneously but also over previous periods. In general, a distributed lag
model of order q can be written as

yt =
q∑

i=0
cixt−i + εt, (3)

where yt is the dependent variable at time t, xt−i denotes the i-th lag of the independent variable,
ci represents the regression coefficient associated with the lagged independent variable, and εt is
the error term.

3.3.3. Autoregressive Distributed Lag (ARDL) Model
By combining the AR and DL components, the general form of an Autoregressive Distributed
Lag (ARDL) model of order (p, q) can be expressed as

yt =
p∑

i=1
aiyt−i +

q∑
i=0

cixt−i + εt, (4)

where yt is the dependent variable at time t, yt−i represents the lagged values of the dependent
variable, xt−i denotes the lagged values of the independent variable, ai and ci are the corresponding
regression coefficients, and εt is the error term. This formulation enables the simultaneous
examination of short-run dynamics and long-run relationships between variables [35].

3.3.4. Unrestricted Error Correction Representation
To analyze the short-run dynamics and the adjustment toward the long-run equilibrium, the
ARDL model can be reparameterized into its Unrestricted Error Correction Model (UECM)
form. The UECM representation is the basis of the bounds testing procedure proposed by [37].

The UECM specification can be written as

∆Yt = α +
p−1∑
i=1

ϕi∆Yt−i +
q−1∑
j=0

βj∆Xt−j + λYt−1 + δXt−1 + εt (5)

where ∆ denotes the first-difference operator, α is the intercept, and εt is the error term.
The coefficients of the lagged level variables (Yt−1, Xt−1) capture the long-run relationship

between the variables. The joint significance of these coefficients is evaluated using the bounds
testing procedure.

Once the existence of a long-run relationship is confirmed, the model can be expressed in the
Error Correction Model (ECM) form:

∆Yt = α +
p−1∑
i=1

ϕi∆Yt−i +
q−1∑
j=0

βj∆Xt−j + λECTt−1 + εt (6)

where
ECTt−1 = Yt−1 − θ0 − θ1Xt−1 (7)

The parameter λ represents the speed of adjustment toward the long-run equilibrium. A
negative and statistically significant value of λ indicates that deviations from the long-run
equilibrium are corrected over time.

3.4. Model Selection Criteria
The lag structure of the Autoregressive Distributed Lag (ARDL) model was determined based on
out-of-sample predictive performance. Several candidate lag specifications were estimated, and
their forecasting accuracy was evaluated using the Root Mean Squared Error (RMSE) on the
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validation dataset. The model with the lowest RMSE was selected as the optimal specification.
The RMSE is defined as

RMSE =

√√√√ 1
n

n∑
i=1

(Pobs,i − Pi)2, (8)

where Pobs,i denotes the observed rainfall value at the i-th observation, Pi represents the predicted
rainfall value at the i-th observation, and n is the total number of observations.

This approach prioritizes predictive accuracy and ensures that the selected model generalizes
well to unseen data. The RMSE criterion provides a direct measure of forecast error and is
widely used in time-series forecasting studies to select the most reliable predictive model [Ref:
Cottonyield].

3.5. Cointegration Test
Cointegration describes a condition in which two or more non-stationary time series move
together toward a stable long-run equilibrium despite short-run fluctuations, making it essential
for validating long-run relationships in the ARDL framework. In this study, cointegration is
examined using the bounds testing approach proposed by [36], which tests the joint significance
of long-run parameters through an F-statistic under the hypotheses

H0 : No long-run relationship exists (no cointegration), α1 = α2 = · · · = αn = 0,

H1 : A long-run relationship exists (cointegration), at least one αi ̸= 0.

The F-statistic, defined as
F = SSR/k

SSE/(n − k − 1) , (9)

is compared with lower I(0) and upper I(1) critical bounds to determine the presence of
cointegration: values above I(1) indicate a long-run relationship, values below I(0) indicate no
cointegration, and intermediate values are inconclusive [38]. Establishing cointegration allows
the ARDL model to be used for analyzing both short-run dynamics and long-run equilibrium
relationships between rainfall variables.

3.6. Evaluation Metrics
Evaluation metrics are used to assess the performance of a model in predicting or estimating a
given variable. In this study, the performance of the Autoregressive Distributed Lag (ARDL)
model is evaluated using three statistical metrics: Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and the coefficient of determination (R2). These metrics are employed to
quantify how closely the model predictions approximate the observed rainfall data. The RMSE
is defined as in Eq. (8), while the MAE is expressed as

MAE = 1
n

n∑
i=1

|Pobs,i − Pi| , (10)

where Pobs,i is the observed rainfall value at the i-th observation, Pi is the corresponding predicted
value, and n is the total number of observations. The R2 statistic is defined as

R2 = 1 −
∑n

i=1 (Pobs,i − Pi)2∑n
i=1

(
Pobs,i − P obs

)2 , (11)

where P obs denotes the mean of the observed rainfall values. These evaluation metrics provide
complementary information regarding model accuracy and reliability, enabling a comprehensive
assessment of the ARDL model performance in representing observed rainfall variability [39].
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4. Results and Discussion
This section presents the empirical findings of the study, beginning with the extracted datasets
and followed by stationarity testing, ARDL estimation, cointegration analysis, model evaluation,
and interpretation of the results.

4.1. Data Extraction
The first stage of this study is data extraction. The datasets are classified into two categories:
observational data and model data. The visual representations of both datasets used in this
study are presented in Fig. 2.

Fig. 2: Monthly rainfall data overview. (A) Observed rainfall data from the BMKG Kertajati Station for
January 1994–December 2017. (B) Grid-Averaged CMIP6 model rainfall data for January 1994–December
2014.

As shown in Fig. 2, the observed rainfall data exhibit pronounced monthly variability with
several high rainfall peaks, reflecting the strong influence of seasonal and local climatic processes.
In contrast, the CMIP6 model data display smoother rainfall patterns, which can be attributed
to the coarser spatial resolution of global climate models. This discrepancy indicates that climate
model outputs require further evaluation to assess their ability to represent the observed rainfall
characteristics recorded at the BMKG Kertajati Station.

4.1.1. Observed Data
Daily rainfall data were obtained from the Kertajati Meteorological Station (6.73° S latitude,
108.26° E longitude, 85 m elevation) for the period January 1994–December 2017 from BMKG,
with measurements recorded in mm/day. Special codes (8888 for unmeasured and 9999 for
missing values) were identified and treated, and missing observations were infilled using the
average of the preceding and following days to preserve temporal continuity. The cleaned daily
data were then aggregated into monthly totals, producing a time series that exhibits strong
seasonal variability and several extreme rainfall peaks, notably around 2005 (Fig. 2A).

4.1.2. Model Data
CMIP6 precipitation data were obtained from the ECMWF portal in gridded NetCDF format
using the precipitation flux variable (pr), which was converted from kg m−2 s−1 to mm day−1 by
multiplying by 86,400. Because the Kertajati station (6.73◦ S, 108.26◦ E) does not coincide with
CMIP6 grid points, rainfall values at the station location were obtained using bicubic spatial
interpolation implemented with the griddedInterpolant function in MATLAB, with missing
values replaced by averages of neighboring grids.

As shown in Fig. 3, all scenarios exhibit similar seasonal patterns with rainfall peaks between
January and March and drier conditions in mid-year, but rainfall intensity and variability increase
with emission level. The high-emission SSP5-8.5 scenario shows the most extreme and irregular
rainfall, while SSP1-2.6 is the most stable and SSP2-4.5 exhibits intermediate behavior, indicating
that stronger greenhouse gas forcing amplifies local rainfall variability.
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Fig. 3: Monthly rainfall projections from CMIP6 under different emission scenarios (2015–2017).

4.2. Stationarity Test
Following the extraction of observational and model datasets, the next step is to examine the
stationarity properties of the time series to determine the presence of unit roots. Stationarity
testing is a crucial prerequisite prior to ARDL modeling, as the ARDL framework assumes that
the variables are stationary at level or integrated of order I(0) or I(1). The stationarity test was
conducted using the Augmented Dickey–Fuller (ADF) test at a significance level of α = 0.05 for
two main variables: observed rainfall (rr) from BMKG and CMIP6 model rainfall (precipitation).
The results of the stationarity tests are presented in Table 1.

Table 1: Results of the Augmented Dickey–Fuller (ADF) stationarity test.
Data Source Scenario ADF Statistic Critical Value (5%) p-value Conclusion
Observed data – −10.055 −3.4270 0.001 Stationary
Model data Historical + SSP1-2.6 −7.6689 −3.4270 0.001 Stationary

Historical + SSP2-4.5 −7.3897 −3.4270 0.001 Stationary
Historical + SSP5-8.5 −7.7091 −3.4270 0.001 Stationary

As shown in Table 1, all variables exhibit ADF statistics that are smaller than the MacKinnon
critical value at the 5% significance level (−3.4270). For instance, the observed rainfall series
yields an ADF statistic of −10.055 with a p-value of 0.001, indicating rejection of the null
hypothesis and confirming stationarity at level. Similarly, the CMIP6 rainfall series under all
emission scenarios are stationary at level, with ADF statistics of −7.6689, −7.3897, and −7.7091
for SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively, all accompanied by p-values of 0.001.

These results indicate that both the observed rainfall data and CMIP6 model outputs satisfy
the stationarity requirement. Consequently, all variables can be directly incorporated into the
ARDL modeling framework without the need for further differencing or transformation. The
ARDL framework can still be applied to stationary variables because it provides a flexible
structure for modeling distributed lag relationships [40].

4.3. Autoregressive Distributed Lag (ARDL) Modeling
The Autoregressive Distributed Lag (ARDL) model was employed to analyze the relationship
between observed rainfall (rr) and CMIP6-projected rainfall (precipitation) by accounting for
lagged effects of both variables. This modeling framework is designed to capture short-run
dynamics as well as long-run relationships between the two series. The modeling procedure began
with the identification of optimal lag structures for the ARDL specification. Initially, candidate
models were selected based on the minimum value of the Akaike Information Criterion (AIC).
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However, because the AIC-selected model did not yield satisfactory predictive performance when
evaluated on the testing dataset, the final model selection was based on the lowest Root Mean
Squared Error (RMSE) obtained from out-of-sample testing.

ARDL modeling was conducted separately for each CMIP6 emission scenario—SSP1-2.6,
SSP2-4.5, and SSP5-8.5—to assess the sensitivity of model performance to different emission
pathways. After selecting the optimal model for each scenario, parameter estimation was
performed using the Ordinary Least Squares (OLS) method. The resulting models were then
evaluated using three performance metrics: Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and the coefficient of determination (R2), to assess predictive accuracy and
goodness-of-fit relative to the observed rainfall data.

4.3.1. Optimal Lag Selection
The determination of optimal lag lengths is a critical step in ARDL modeling, as the selected
lags define how many previous time periods are used to predict current values. In this study, an
extensive search over lag combinations ranging from 1 to 96 months (equivalent to 8 years) was
conducted for both the dependent and independent variables. This wide lag range was adopted
to explore potential long-memory effects and to identify models capable of capturing complex
rainfall dynamics.

The lag selection process initially involved computing the AIC for all possible lag combinations,
with the model exhibiting the lowest AIC value selected as the best candidate. Using the training
dataset, the ARDL(83, 82) model produced the minimum AIC value of −321.2696. This AIC-
optimal specification was identical across all scenarios, as the same historical training data were
used.

Nevertheless, when the AIC-selected model was evaluated using scenario-specific testing data,
its predictive performance varied considerably. Consequently, RMSE computed on the testing
dataset was adopted as the primary criterion for final model selection. The optimal lag structures
based on minimum RMSE differed across scenarios, as follows:

• SSP1-2.6: ARDL(7, 21) with RMSE = 135.19,
• SSP2-4.5: ARDL(9, 18) with RMSE = 137.24,
• SSP5-8.5: ARDL(2, 6) with RMSE = 140.80.

Although AIC-based selection yields the same model for all scenarios, the RMSE-based
evaluation reveals scenario-dependent differences in predictive performance. These differences
indicate that rainfall dynamics in Majalengka Regency respond differently under varying emission
scenarios, emphasizing the importance of incorporating out-of-sample validation when selecting
ARDL model specifications.

4.3.2. ARDL Model Estimation
After determining the optimal lag combinations, the next step involved estimating the parameters
of the ARDL models using the Ordinary Least Squares (OLS) method. This estimation aims
to examine how past rainfall conditions in Majalengka influence current rainfall, based on
both observational data from BMKG and projected rainfall from CMIP6 climate models. The
estimation procedure was conducted separately for each CMIP6 emission scenario—SSP1-2.6,
SSP2-4.5, and SSP5-8.5. Each ARDL specification includes regression coefficients that quantify
the influence of lagged rainfall values on current observed rainfall.

ARDL Model under the SSP1-2.6 Scenario The optimal model for the SSP1-2.6 scenario
is ARDL(7, 21), indicating that current observed rainfall is influenced by rainfall observed over
the previous seven months and CMIP6-projected rainfall over the previous 21 months. The
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estimated model can be expressed as

yt = 244.8135 + 0.0478 yt−1 + 0.0662 yt−2 + 0.0756 yt−3 − 0.0129 yt−4 − 0.0170 yt−5

+ 0.0271 yt−6 − 0.0065 yt−7 + 0.0480 xt + 0.3263 xt−1 − 0.1158 xt−2 − 0.2278 xt−3

− 0.1030 xt−4 + 0.0783 xt−5 + 0.0051 xt−6 + 0.0298 xt−7 − 0.5057 xt−8 + 0.1963 xt−9

− 0.1452 xt−10 + 0.0640 xt−11 + 0.3187 xt−12 + 0.2403 xt−13 − 0.0063 xt−14

− 0.0682 xt−15 − 0.0413 xt−16 − 0.2298 xt−17 − 0.2373 xt−18 − 0.2388 xt−19

+ 0.2263 xt−20 − 0.1579 xt−21, (12)

where yt denotes observed rainfall at month t, yt−i represents observed rainfall lagged by i
months, xt denotes CMIP6 rainfall at month t, and xt−i represents CMIP6 rainfall lagged by i
months.

The estimation results indicate that not all lagged terms exert the same influence. Several
lags exhibit positive effects, such as the first to third lags of observed rainfall and selected lags of
CMIP6 rainfall (e.g., lags 1, 11, and 13), while others show negative effects. This pattern reflects
the complex rainfall dynamics in which past conditions may enhance or suppress current rainfall
depending on prevailing climatic processes.

ARDL Model under the SSP2-4.5 Scenario For the SSP2-4.5 scenario, the optimal
specification is ARDL(9, 18). This model suggests that rainfall conditions up to nine months
in the past and CMIP6 projections up to eighteen months earlier continue to influence current
rainfall. The estimated model is given by

yt = 315.8312 + 0.0253 yt−1 + 0.0468 yt−2 + 0.0797 yt−3 − 0.0295 yt−4 − 0.0235 yt−5

+ 0.0128 yt−6 − 0.0219 yt−7 + 0.0595 yt−8 + 0.0786 yt−9 − 0.0678 xt + 0.3641 xt−1

− 0.1291 xt−2 − 0.2237 xt−3 − 0.1494 xt−4 + 0.0906 xt−5 − 0.0420 xt−6 − 0.0019 xt−7

− 0.4907 xt−8 + 0.1775 xt−9 − 0.1063 xt−10 + 0.0943 xt−11 + 0.2750 xt−12 + 0.2203 xt−13

− 0.0542 xt−14 − 0.0572 xt−15 − 0.0380 xt−16 − 0.2492 xt−17 − 0.2178 xt−18. (13)

These results indicate a relatively long climatological memory in the SSP2-4.5 scenario, where
rainfall conditions from several preceding months continue to affect current rainfall. This suggests
the presence of persistent rainfall dynamics influenced by both observed conditions and climate
model projections.

ARDL Model under the SSP5-8.5 Scenario Under the high-emission SSP5-8.5 scenario,
the optimal model is ARDL(2, 6), representing the most parsimonious specification among the
three scenarios. The estimated model is expressed as

yt = 228.6394 + 0.0884 yt−1 + 0.1526 yt−2 + 0.0852 xt + 0.6073 xt−1 + 0.0123 xt−2

− 0.2739 xt−3 − 0.2769 xt−4 − 0.1675 xt−5 − 0.1719 xt−6. (14)

In this scenario, only the two most recent months of observed rainfall and six months of CMIP6
rainfall contribute to current rainfall variability. The largest coefficients are associated with the
first lag of both observed and modeled rainfall, indicating that under high-emission conditions,
rainfall dynamics tend to be more short-term and less persistent compared to lower-emission
scenarios.

4.4. Cointegration Test
After estimating the Autoregressive Distributed Lag (ARDL) models for each CMIP6 emission
scenario (SSP1–2.6, SSP2–4.5, and SSP5–8.5), the next step was to examine the potential long-run
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association between observed rainfall from BMKG and rainfall simulated by CMIP6 models. The
ARDL framework allows the incorporation of lagged dynamics and enables the evaluation of both
short-run and long-run relationships between variables. To explore the existence of a long-run
relationship, the bounds testing procedure within the ARDL framework was initially implemented.
This approach evaluates the joint significance of long-run parameters using an F -statistic. The
null hypothesis assumes the absence of a long-run relationship, and the calculated F -statistic
is compared against the lower and upper critical bounds at the 5% significance level. If the
F -statistic exceeds the upper bound, the null hypothesis is rejected, indicating evidence of a
long-run association. Conversely, if it falls below the lower bound, no long-run relationship is
inferred, while values between the bounds lead to inconclusive results [22, 36]. The results of the
bounds testing procedure for all scenarios are presented in Table 2.

Table 2: Results of ARDL bounds testing.
Scenario F -statistic Upper bound (5%) Lower bound (5%)
SSP1–2.6 9.5798 3.79 2.45
SSP2–4.5 10.0727 3.79 2.45
SSP5–8.5 22.5596 3.79 2.45

The Augmented Dickey–Fuller (ADF) test results indicate that all variables are stationary at
level, I(0). In such circumstances, the use of the ARDL bounds testing approach as a formal
cointegration test becomes less essential, since any linear combination of I(0) variables is inherently
stationary. Therefore, the bounds test results in this study are interpreted as supporting evidence
of potential long-run association rather than a strict confirmation of cointegration. The ARDL
framework is retained primarily because of its flexibility in modeling dynamic lag structures and
capturing short-run adjustments between observed rainfall and CMIP6-simulated rainfall. In
this context, the ARDL specification is interpreted as a distributed lag model that allows the
estimation of both immediate and lagged effects.

As shown in Table 2, the F -statistics for all CMIP6 scenarios are substantially higher than
the upper critical bound at the 5% significance level. Although the variables are stationary
at level, these results suggest a strong and stable association between observed rainfall and
CMIP6-simulated rainfall across all scenarios.

The error correction representation of the ARDL model indicates that the coefficient of the
lagged level term of observed rainfall is estimated at −0.762 and is statistically significant at the
1% level. The negative sign confirms the existence of a stable adjustment mechanism toward
the long-run equilibrium. Specifically, approximately 76.2% of deviations from the long-run
equilibrium are corrected within one period, indicating a relatively rapid adjustment process
following short-run shocks.

Following the estimation of the ARDL models, both long-run and short-run parameters
were derived using the training dataset (all scenario use same training dataset, i.e. historical
datasets). Long-run coefficients were estimated to assess the persistent influence of time and
CMIP6 rainfall projections on observed rainfall. Estimation was conducted using the multiplier
approach implemented in R. The long-run estimation results are summarized in Table 3.

Table 3: Long-run estimation results.
Variable Coefficient Std. Error t-value p-value
Intercept 299.9399 64.9350 4.6191 0.000006
Time (t) 0.1159 0.1861 0.6229 0.5339
CMIP6 rainfall −0.5609 0.3139 −1.7869 0.0752

The long-run estimation results indicate a negative coefficient for CMIP6 rainfall (−0.5609),
suggesting that, in the long term, increases in rainfall projected by climate models are associated
with a relative decrease in observed rainfall in Majalengka Regency. This finding implies that
long-term CMIP6 projections may not fully capture local-scale rainfall dynamics, potentially due
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to spatial resolution limitations and structural biases inherent in global climate models [41].
Short-run parameter estimates are presented in Table 4 and provide insight into the immediate

response of observed rainfall to changes in CMIP6 rainfall projections.

Table 4: Short-run estimation results.
Variable Coefficient Std. Error t-value p-value
Intercept 228.6393 47.2021 4.8438 0.000002
Time (t) 0.0883 0.1427 0.6188 0.5366
CMIP6 rainfall 0.6073 0.1352 4.4892 0.000011

As shown in Table 4, CMIP6 rainfall exhibits a positive and statistically significant short-run
effect on observed rainfall, with a coefficient of 0.6073. This result indicates that a 1 mm
increase in CMIP6 rainfall is associated with an average increase of approximately 0.61 mm in
observed rainfall in Majalengka in the short term. Thus, while long-run relationships reveal
notable discrepancies, short-run rainfall fluctuations are relatively well captured by climate model
projections. Overall, these findings suggest that CMIP6 models are more reliable in representing
short-term rainfall variability than long-term equilibrium behavior at the local scale [41].

4.5. Model Performance Evaluation
Model performance evaluation was conducted to assess the extent to which the ARDL model
represents monthly rainfall in Majalengka Regency based on BMKG observational data and
ARDL model outputs. The evaluation focused on the testing period from 2015 to 2017 to measure
out-of-sample predictive performance and to compare prediction accuracy across different climate
change scenarios. Three evaluation metrics were employed: Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and the coefficient of determination (R2). These metrics were
computed for three CMIP6 scenarios: SSP1-2.6, SSP2-4.5, and SSP5-8.5.

Table 5: Comparison of evaluation metrics across CMIP6 scenarios.
Scenario RMSE MAE R2

SSP1-2.6 134.75 104.75 0.8481
SSP2-4.5 136.91 107.86 0.8376
SSP5-8.5 140.80 114.53 0.8335

As shown in Table 5, the ARDL model exhibits comparable performance across all scenarios,
with R2 values ranging from 0.8335 to 0.8481. The SSP1-2.6 scenario yields the lowest RMSE
and MAE values (134.75 and 104.75, respectively) and the highest R2 (0.8481), indicating slightly
better predictive performance. In contrast, the SSP5-8.5 scenario shows the largest prediction
errors, with an RMSE of 140.80 and an MAE of 114.53, as well as the lowest R2 value (0.8335).
These results suggest that, among the three scenarios, SSP1-2.6 provides the most accurate
representation of monthly rainfall in Majalengka Regency under the respective climate change
pathways.

4.6. Discussion
The results of this study reveal a clear distinction between the short-run and long-run relationships
between observed rainfall and CMIP6-simulated rainfall in Majalengka Regency. In the short run,
CMIP6 rainfall exhibits a positive and statistically significant relationship with observed rainfall,
indicating that climate model outputs are capable of capturing monthly rainfall variability and
seasonal patterns. This finding suggests that large-scale atmospheric processes represented in
CMIP6, such as monsoonal circulation and seasonal moisture transport, remain influential at the
local scale over short temporal horizons.

In contrast, the long-run relationship between observed and simulated rainfall is found to
be negative and relatively weak. This divergence between short-run and long-run dynamics
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highlights the limitations of global climate models when applied directly to local-scale rainfall
assessment over extended periods. While CMIP6 models are designed to represent large-scale
climate behavior, their coarse spatial resolution constrains their ability to accurately reproduce
localized rainfall processes, including orographic effects, land–atmosphere interactions, and
convective rainfall characteristics that are prominent in tropical regions such as West Java.
Consequently, biases that are negligible at monthly scales may accumulate over time, leading to
discrepancies in long-term rainfall representation.

The differences in model performance across emission scenarios further underscore the
sensitivity of rainfall dynamics to climate forcing intensity. The ARDL model exhibits the
best predictive performance under the low-emission SSP1-2.6 scenario, while prediction errors
increase under the higher-emission SSP2-4.5 and SSP5-8.5 scenarios. This pattern suggests that
higher greenhouse gas emissions introduce greater nonlinearity and variability in rainfall behavior,
reducing the stability of statistical relationships calibrated using historical observations. As
climate forcing intensifies, the assumption of stationarity underlying statistical models becomes
increasingly challenged, contributing to higher uncertainty in long-term projections.

From a practical perspective, these findings imply that CMIP6 outputs are more reliable
for analyzing short-term rainfall variability and seasonal dynamics at the local scale than for
assessing long-term rainfall equilibrium without additional processing. Direct application of
CMIP6 rainfall projections for long-term local planning should therefore be approached with
caution. The incorporation of bias correction, statistical downscaling, or hybrid modeling
frameworks may be necessary to bridge the scale mismatch between global climate simulations
and local hydrological conditions [42].

Several limitations of this study should be acknowledged. The analysis is based on rainfall
observations from a single meteorological station, which may not fully capture spatial variability
across Majalengka Regency. In addition, the ARDL framework assumes linear relationships and
does not explicitly account for other large-scale climate drivers such as the El Niño–Southern
Oscillation (ENSO) or the Indian Ocean Dipole (IOD), which are known to influence rainfall
variability in Indonesia. Despite these limitations, the study provides robust insights by explicitly
distinguishing between short-run and long-run rainfall dynamics using a statistically rigorous
modeling framework.

Future research may extend this work by incorporating multi-station observations, integrating
additional climate indices, and applying hybrid approaches that combine statistical and machine
learning models. Such efforts would further enhance the understanding of local rainfall responses
under changing climate conditions and improve the reliability of climate model applications for
regional-scale impact assessments.

5. Conclusion
This study examined the dynamic relationship between observed rainfall and CMIP6 precipitation
projections in Majalengka Regency using the Autoregressive Distributed Lag (ARDL) framework.
The empirical analysis reveals the presence of a stable adjustment mechanism between observed
rainfall and model-simulated precipitation.

The estimated long-run precipitation coefficient is −0.561, indicating a weak negative long-
term association between CMIP6 precipitation projections and observed rainfall. The error
correction term (ECTt−1) is estimated at −0.762 and is statistically significant, suggesting that
approximately 76.2% of short-run disequilibrium is corrected within one period. This result
indicates the presence of a stable adjustment process toward the long-run equilibrium. In addition,
the model explains approximately 84.81% of the variation in observed rainfall, suggesting a
moderate explanatory power of the estimated model.

Overall, the findings suggest that CMIP6 rainfall projections exhibit a measurable statistical
relationship with observed rainfall patterns, although the representation of local-scale variability
remains limited. These results highlight the importance of applying bias correction or statistical
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downscaling techniques when using climate model projections for local rainfall analysis.
Several limitations should be noted. The analysis relies on rainfall observations from a single

station, which may not fully represent spatial rainfall variability in the region. In addition, the
model does not explicitly incorporate other climate drivers that may influence rainfall dynamics.
Future studies may extend this work by incorporating multiple observation stations, additional
climate variables, and bias-corrected or downscaled climate projections.
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