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Abstract: Accurate rainfall projections are vital for climate adaptation and
water resource planning in tropical regions, where rainfall patterns are highly
variable and zero-inflated. This study evaluates the performance of two
statistical downscaling approaches based on the Tweedie Compound Poisson-
Gamma (TCPG) distribution for monthly rainfall modeling in Purwakarta,
Indonesia: the generalized linear model with Tweedie distribution (GLM-
Tweedie) and the nonlinear Tweedie distribution boosting model (TDboost).
Using observational rainfall data from five stations and predictor variables from
three Earth System Models (BNU-ESM, MIROC-ESM, and MIROC-ESM-
CHEM), model performance was assessed using root mean squared error of
prediction (RMSEP) and Pearson correlation coefficient. The results show that
TDboost generally outperformed GLM-Tweedie in terms of predictive accuracy
and temporal consistency. At Cibukamanah station, TDboost achieved the
lowest RMSEP under the MIROC-ESM-CHEM scenario (90.63 mm), while its
highest correlation was obtained under the BNU-ESM scenario (r = 0.88).
Similarly, at Cisomang station, TDboost under the MIROC-ESM-CHEM scenario
achieved an RMSEP of 109.75 mm and a correlation of r = 0.78, indicating
improved predictive performance compared with GLM-Tweedie. These
findings suggest that distribution-aware boosting techniques can better capture
the nonlinear and zero-inflated characteristics of tropical rainfall. The results
also indicate that the best-performing ESM may depend on the evaluation metric
used, with MIROC-ESM-CHEM providing lower prediction errors at some
stations and BNU-ESM showing strong temporal correlation when combined
with TDboost. Overall, this study highlights the importance of combining
appropriate statistical downscaling models with suitable ESM predictors for
improving local-scale rainfall prediction in complex tropical environments.

Keywords: Climate change; generalized linear models; machine learning;
statistical downscaling; tweedie boosting

1. Introduction

Rainfall prediction in tropical regions has become increasingly important
because of the growing demand for accurate climate information to support food
security, hydrometeorological disaster mitigation, and sustainable water
resource management. Tropical areas, such as Indonesia, exhibit highly complex
rainfall patterns influenced by multiscale atmospheric dynamics, including
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regional phenomena such as the El Nino-Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD),
which introduce significant uncertainty into seasonal rainfall[1, 2]. Moreover, local factors such as
mountainous terrain, hilly landscapes, and microclimatic effects intensify spatial rainfall variability, as
observed in Purwakarta Regency, West Java—a region characterized by complex geography and substantial
intra-regional rainfall variation. These challenges are further exacerbated by the sparse observational networks
and irregular rainfall distributions, which are poorly represented by coarse-resolution outputs from global
climate models [3], [4].

This challenge is further compounded by the coarse spatial resolution of Earth System Models (ESMs),
which typically operate at resolutions of tens to hundreds of kilometers [5]. Consequently, ESM outputs often
fail to capture local rainfall heterogeneity, particularly in topographically complex areas such as Purwakarta
Regency, West Java [6]. Such inaccuracies result in biased rainfall estimates that do not reflect actual field
conditions. To bridge this gap, statistical downscaling methods are employed to link large-scale predictors
from ESMs to local observational data through statistical relationships [7-9]. These approaches not only
enhance spatial resolution but also correct systematic biases in ESM outputs based on historical data [5, 10].

Numerous studies have demonstrated that statistical downscaling produces more accurate rainfall
projections in tropical regions when combined with statistical models that align with the unique distributional
characteristics of rainfall, such as the Tweedie distribution [11]. Monthly rainfall in the tropics typically
displays highly skewed, non-negative values with a substantial proportion of zeros [12]. These features are
not well modeled using the normality assumptions underlying many classical regression models. In this
context, the Tweedie Compound Poisson-Gamma (TCPG) distribution is an appropriate choice, as it captures
both the discrete (rain occurrence) and continuous (rain amount) components within a single framework [13].
Furthermore, as part of the exponential family, the Tweedie distribution is compatible with the Generalized
Linear Model (GLM) framework and offers flexibility in modeling zero-inflated and highly skewed data [14].

A study by Hayati et al. [15] revealed that applying GLMs with a Tweedie distribution significantly
improves monthly rainfall prediction compared with conventional linear models. This flexibility is partly due
to the index parameter (p), which lies within the range 1 <p <2, enabling the model to adapt its shape to match
local data characteristics [16]. However, GLMs remain limited by the assumption of a linear relationship
between predictors and the response variable. In tropical climate systems with complex, nonlinear interactions
among sea surface temperature, atmospheric pressure, and global circulation indices, linear models often fall
short of accurately capturing these dynamics[14].

To address this limitation, machine learning approaches such as tree-based boosting methods have
been developed to capture nonlinear patterns and complex interactions among variables [17]. A notable
example is Tweedie Boosting (TDboost), which combines decision tree structures with a loss function based
on the Tweedie distribution [18, 19]. This method iteratively learns from complex data structures and
significantly improves predictive performance, particularly for highly skewed or non-normally distributed
data [11, 19].

Against this background, this study aims to evaluate and compare two statistical downscaling
approaches based on the Tweedie distribution —namely, the Generalized Linear Model (GLM-Tweedie) and
TDboost—for modeling monthly rainfall in Purwakarta Regency, Indonesia, a tropical region with high spatial
complexity. Beyond comparing the performance of linear and nonlinear models, this study also evaluates the
capability of three CMIP5-based Earth system models (BNU-ESM, MIROC-ESM, and MIROC-ESM-CHEM) to
represent monthly rainfall at the local scale in Indonesia.

The main contribution of this study is not the development of a new boosting algorithm, but the
evaluation of a distribution-aware nonlinear downscaling framework for local monthly rainfall in a tropical
Southeast Asian setting. While TDboost has been introduced in previous statistical literature, its application
for local-scale rainfall downscaling using ESM predictors in Indonesia remains limited. This study examines
whether a Tweedie-based boosting model can improve the representation of zero-inflated, right-skewed, and
nonlinear rainfall behavior compared with a linear Tweedie GLM under the same ESM input conditions. In
addition, by comparing three CMIP5-based ESM scenarios across five rainfall stations, this study provides
evidence on how the choice of ESM input may influence local downscaling performance in a complex tropical



ASEAN ]. Sci. Tech. Report. 2026, 29(9), e263108. 30f20

region. Therefore, the novelty of this work lies in its regional application, distributional consistency, and
comparative evaluation of linear and nonlinear Tweedie-based downscaling approaches for Southeast Asian
rainfall modeling.

2. Materials and Methods

This study focuses on Purwakarta Regency, located in West Java, Indonesia, a region characterized by
high spatial and temporal rainfall variability driven by orographic influences and tropical atmospheric
dynamics. To capture this spatial heterogeneity, rainfall data were collected from five observation stations:
Purwakarta, Pondok Salam, Cibukamanah, Cisomang, and Wanayasa. Monthly rainfall observations were
obtained from the Meteorological, Climatological, and Geophysical Agency of Indonesia (BMKG) and
spanned 16 years from January 2005 to December 2020. For modeling purposes, the dataset was divided into
144 months for training and the most recent 12 months (January—December 2020) for testing. Details of the
data used are shown in Table 1.

Table 1. Summary of Data.

Data Institution Scale Spatial Resolution
Station BMKG Monthly -
Model for
Interdisciplinary R .
Research on Climate JAMSTEC Monthly 2.8°x2.8
(MIROC-ESM) 1201
MIROC-ESM-CHEM R .
(with Chemistry) @ JAMSTEC Monthly 2.8°x 2.8
Beijing Normal
University (BNU-ESM) Beijing Normal University Monthly 2.8°x2.8°

[21]

As predictors in the statistical modeling process, this study used data from three global climate models
(Earth System Models (ESMs)) under the historical scenario framework of the Coupled Model
Intercomparison Project Phase 5 (CMIP5), namely BNU-ESM, MIROC-ESM, and MIROC-ESM-CHEM. These
models were selected for their extensive application in regional climate studies and their demonstrated ability
to capture tropical rainfall variability, particularly in the Southeast Asian region. MIROC-ESM and its variant,
MIROC-ESM-CHEM, were developed by Japanese institutions with a strong focus on the Asian climate
system, making their parameterizations relatively more sensitive to regional climatic conditions. In contrast,
BNU-ESM is recognized for its robust performance in simulating monsoon dynamics and maritime tropical
climates. Monthly ESM data were extracted from the nearest grid point to each station location without
applying additional bias correction.

In this study, the predictor set used in the statistical downscaling models consisted of nine ESM-
derived climate predictor variables, each extracted from the nearest grid point to each rainfall observation
station. To account for short-term temporal dependence, one-month lagged predictors were also generated
from the original ESM predictors. In addition, seasonal information was incorporated using three seasonal
dummy variables representing DJF, MAM, and JJA, with SON treated as the reference season. Thus, the final
predictor structure included the original ESM-derived predictors, their one-month lagged counterparts, and
seasonal dummy variables. The same predictor structure was used for both GLM-Tweedie and TDboost to
ensure a fair comparison between the two statistical downscaling approaches. No separate variable selection
or dimensionality reduction procedure was applied before modeling.

To model monthly rainfall data characterized by nonlinearity, zero-inflation, and a tendency toward
overdispersion, a statistical approach capable of flexibly capturing these distributional characteristics is
required. Therefore, this study implemented two modeling approaches based on the Tweedie distribution: the
Generalized Linear Model (GLM-Tweedie), representing a classical linear model, and Tweedie Distribution
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Boosting (TDboost), a nonlinear model based on a boosting algorithm. These two models were selected for
comparative evaluation in terms of their predictive performance on rainfall data derived from a combination
of ground-based observations and global climate model projections, to assess the effectiveness of each
approach in statistically representing tropical rainfall dynamics.

2.1 GLM-Tweedie

The Generalized Linear Model (GLM) with a Tweedie distribution is a widely used statistical
approach for analyzing data that are non-negative, highly right-skewed, and contain a substantial number of
zeros—such as monthly rainfall data in tropical regions. The main advantage of the Tweedie distribution lies
in its ability to represent a compound distribution as a compound Poisson-Gamma distribution, particularly
when the power index parameter 1 < p < 2. In this range, the distribution is referred to as the Tweedie
Compound Poisson-Gamma (TCPG), which is especially well-suited for rainfall data that include both zero
events (no rainfall) and positive continuous rainfall amounts. In the GLM-Tweedie framework, the expected
value of the response variable Y;is linked to the linear predictor via a logarithmic link function:

log(u;) = Bo + x{ B 1)

where ; is the expected value of the response variable Y;, x; is the vector of predictor variables (climate
features), and B is the vector of regression coefficients. The relationship between the variance and the mean is
assumed to follow the power-law form:

Var(Y;) = puf )

where ¢ is the dispersion parameter and pis the Tweedie power index that governs the distributional shape,
this formulation allows the model to accommodate overdispersion and zero inflation, which are commonly
observed in rainfall data.

The parameters f, ¢, and pare estimated using the Maximum Likelihood Estimation (MLE) approach.
The log-likelihood function of the Tweedie distribution for a single observation can be expressed as follows:

1 (yu ™ ui? 3
log f (v, i, ,0) = 5(% - ;_ p) +loga(y;, ¢) ®

Since the normalization function a(y;, ¢) does not have a closed-form expression, the likelihood must be
computed numerically. Estimation of the regression coefficients f is typically performed using the Iteratively
Reweighted Least Squares (IRLS) algorithm. Meanwhile, the Tweedie power index p is commonly selected via
a profile likelihood approach, in which a range of candidate values of p is evaluated, and the value that
maximizes the overall log-likelihood is chosen.

2.2 TDboost

To model rainfall data characterized by nonlinearity, overdispersion, and a high frequency of zero
values, the Tweedie Distribution Boosting (TDboost) approach was developed by Yang et al.[19] as an
extension of the gradient boosting algorithm, specifically designed to accommodate a loss function based on
the Tweedie Compound Poisson-Gamma (TCPG) distribution. This model is tailored to predict the mean value
u of the response variable under the assumption of non-negative and zero-inflated outcomes, without relying
on the linear relationship assumption inherent in GLM-Tweedie. The strength of TDboost lies in its ability to
iteratively build predictive models using decision trees, where each iteration aims to minimize the negative
log-likelihood of the Tweedie distribution. By defining a loss function that matches the data distribution,
TDboost adjusts the predicted estimates to align with the statistical characteristics of the response while
simultaneously capturing nonlinearities and complex interactions among predictors. The following is the
TDboost algorithm as developed by Yang et al. [19]:
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TDboost Algorithm
Let {(x;, y;)}i=,be the training dataset, where x;is a vector of predictors and y;is the response variable
(monthly rainfall). The algorithm proceeds as follows:
Inputs:
e Training dataset {(x;, y;)}i2,
e Tweedie power index pand dispersion parameter ¢
e Number of boosting iterations M
e Learning rate v € (0,1]
¢ Maximum tree depth J

1. Initialize the prediction function:

FO@x) = log (7)

where yis the average of the response variable.
2. For each boosting iteration m = 1,2, ..., M, perform the following:
o Compute the current predicted mean:

A(m—1 2(m—
g = exp (F ()
o Calculate the pseudo-residuals using the derivative of the Tweedie deviance:

£ _ p(m=1)

Vi L (M=1)\1—
i :ui ((ﬁl.(m_l))p - (,Lll ) p)

)

Fit a regression tree A™ (x)to the pseudo-residuals 7™
Update the prediction function:

f @) = FOD(x) + vh™ (x)
Final prediction for the mean response:

ACx) = exp (f ™ (x))

2.3 Model Evaluation

To evaluate and compare the predictive accuracy of the two statistical downscaling approaches —
GLM-Tweedie and TDboost—this study employed two performance metrics: Root Mean Square Error of
Prediction (RMSEP) and the Pearson correlation coefficient (r). These metrics were calculated using the testing
set, consisting of the most recent 12 months of the rainfall dataset, which was not used during model training.
The use of a 12-month testing period was intended to evaluate the models over one complete annual rainfall
cycle, which is relevant for Indonesia’s seasonal climate regime characterized broadly by wet and dry seasons.
Therefore, the testing period includes the main seasonal transition within a single year. However, this design
should be interpreted as an initial independent evaluation rather than a comprehensive assessment of
interannual generalization. This data separation was intended to ensure that the model evaluation reflects
predictive performance on unseen data, a critical aspect for operational climate projections. The RMSEP was
calculated using the following equation:

4)
RMSEP =

where P; denotes the predicted value from the model, y;represents the actual observed value, and nis the
number of observations in the testing dataset. A lower RMSEP value indicates smaller average prediction
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errors relative to the actual data, signifying better quantitative accuracy of the model. Meanwhile, the Pearson
correlation coefficient (r) is calculated using the following equation:

o 2L0=D0i=) (5)
(EL0-97 3,09

where y and y represent the mean of the predicted and observed values, respectively. A correlation coefficient
closer to 1 indicates a strong, positive linear relationship between the predicted and observed values,

suggesting consistent patterns between the two series.

Model evaluation was conducted separately for each rainfall station under the three ESM scenarios:
BNU-ESM, MIROC-ESM, and MIROC-ESM-CHEM. The results of RMSEP and correlation metrics offer a
comprehensive view of the spatial and temporal performance of both modeling approaches. Overall, TDboost
demonstrated superior predictive performance, yielding more accurate and highly correlated predictions,
particularly in regions with high rainfall variability.

3. Results and Discussion
3.1 Exploration of Rainfall Data

Understanding the seasonal distribution of rainfall is critical for effective water resource management,
agricultural planning, and climate adaptation strategies in tropical regions such as Indonesia. This study
investigates the intra-annual variability of monthly rainfall across five meteorological stations in West Java—
Wanayasa, Cisomang, Pondok Salam, Cibukamanah, and Purwakarta—using boxplots (Figure 1). These
locations represent diverse topographical and climatic zones, enabling a comparative assessment of spatial
rainfall patterns and seasonal behavior.

The results reveal a predominantly monsoonal rainfall pattern across the five stations, characterized
by a single main wet season and a single main dry season within the annual cycle. The wet season generally
runs from January to March, while the dry season runs from July to September. Based on Figure 1, peak rainfall
occurs at the beginning of the year, with median values exceeding 600 mm/month, particularly at Wanayasa
and Pondok Salam stations. In contrast, July and August show very low rainfall, with median values
approaching zero, especially at Cisomang and Cibukamanah. These seasonal fluctuations reflect the influence
of the monsoonal system over western Indonesia and are consistent with a unimodal annual rainfall regime
in Purwakarta Regency. Although rainfall regimes across the Indonesian maritime continent may vary from
unimodal to bimodal depending on location, longitude, and the influence of the ITCZ, the observed rainfall
distribution in Purwakarta is better described as monsoonal, with a single dominant wet season.

Among the five stations, Pondok Salam and Wanayasa exhibit the highest monthly rainfall variability,
likely due to orographic enhancement resulting from their proximity to mountainous terrain. Meanwhile,
Purwakarta station consistently records lower rainfall, with monthly median values generally below 400 mm.
These spatial differences underscore the importance of local topographic and atmospheric dynamics. These
findings are supported by previous studies indicating that rainfall patterns in this region are influenced by
large-scale phenomena such as the Australasian monsoon and ENSO events [22], as well as mesoscale
convective processes in areas with complex topography [23].

Extending the previous analysis, the rainfall density distributions from the five stations provide a
more nuanced view of the monthly rainfall frequency and distributional patterns (Figure 2). While seasonal
patterns were clearly observed in the boxplots, the density plots illustrate variations in distributional shape
across locations. For example, Purwakarta shows a high-density peak at lower rainfall levels (below 200 mm),
suggesting that light rainfall events are much more common. Conversely, stations like Pondok Salam and
Cibukamanah exhibit broader distributions with peaks in the mid-range (200-500 mm) and right-skewed tails,
indicating that extreme rainfall events may occur, although infrequently.
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Figure 2. Rainfall density distribution at five stations in Purwakarta Regency.

The observed distribution patterns closely resemble the statistical properties of the Tweedie
Compound Poisson-Gamma (TCPG) distribution, a mixed distribution that effectively accommodates data
characterized by both a high frequency of zero events and extreme positive values. This distribution is
particularly well-suited for modeling rainfall data, as it captures two underlying processes: a Poisson process
representing the frequency of rainfall events, and a Gamma distribution modeling the intensity of rainfall
when it occurs. Such a dual mechanism reflects the inherently sporadic nature of tropical rainfall, which is not
only irregular but can also exhibit extreme intensities. Previous studies have confirmed the suitability of the
TCPG distribution in hydrological and meteorological contexts, especially for modeling daily and monthly
precipitation in tropical regions [24]. The positively skewed shapes and long right tails in the rainfall density
plots for nearly all stations suggest that the rainfall data in this region are likely to follow a TCPG distribution.
Statistically, this provides a more accurate modeling framework, and practically, it has important implications
for the development of early warning systems, water resource management, and risk assessment for extreme
weather events affecting agriculture and infrastructure.

3.2. Parameter & Hyperparameter Tuning

Based on the estimated power parameter p obtained through the profile likelihood approach in the
GLM-Tweedie model (as shown in Table 2), the optimal pvalue for most stations—namely Purwakarta,
Cibukamanah, Cisomang, and Wanayasa—is 1.3. The only exception is Pondok Salam, which yielded a higher
optimal value of p = 1.7. This parameter plays a critical role in defining the shape of the Tweedie distribution
family: values of pbetween 1 and 2 indicate that the data follow a compound Poisson-Gamma distribution,
representing a mixture of discrete rainfall occurrences (i.e., rainfall > 0) and continuous rainfall amounts. For
stations with p = 1.3, the distribution implies a predominance of light to moderate rainfall events, with a
moderate frequency of zero values. In contrast, the higher pvalue at Pondok Salam suggests a tendency toward
heavier rainfall intensities and a distribution with a fatter right tail. This indicates that extreme rainfall events
are more frequent at Pondok Salam, possibly due to localized orographic effects or microclimatic conditions
specific to that station.

Table 2. Estimated Tweedie Power Parameter p for Each Rainfall Station using Profile Likelihood Approach

Station p
Purwakarta 1.3
Pondok Salam 1.7
Cibukamanah 1.3
Cisomang 1.3
Wanayasa 13

The observed variation indicates that, statistically, Pondok Salam exhibits a more variable and more
extreme rainfall pattern than other locations. This aligns with previous findings from the boxplots and density
graphs, which showed that Pondok Salam had a wider spread and a higher likelihood of intense rainfall
events. A higher pvalue suggests that the Tweedie model captures an increased contribution from the Gamma
component, reflecting greater rainfall intensity when precipitation occurs. In contrast, other stations with p =
1.3 more accurately represent light to moderate rainfall patterns that occur more frequently, with less extreme
intensities. These findings reinforce the relevance of using the TCPG distribution for rainfall modeling in
tropical regions and demonstrate that the GLM-Tweedie model can be effectively adapted to local rainfall
characteristics by accurately estimating the power parameter p [25].

Table 3 presents the results of the hyperparameter tuning process for the TDboost model, which was
used to model monthly rainfall across various tested hyperparameter combinations. The tuned parameters
include: alpha_trv, representing the Tweedie power index p, with values tested between 1.3 and 1.7; depth_trv,
the maximum depth of decision trees (either 2 or 3); eta_trv, the learning rate, set at 0.005 or 0.003; and ntrees,
the maximum number of trees, fixed at 6500 for all model runs. These combinations were optimized to
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minimize the prediction error on the validation set and capture the nonlinear and zero-inflated nature of
tropical rainfall patterns.

Table 3. Optimized Hyperparameters of the TDboost Model for Each Rainfall Station

Station p Depth Best Iteration
Purwakarta 1.7 3 5732
Pondok Salam 1.6 2 5904
Cibukamanah 1.6 2 6500
Cisomang 1.7 2 6495
Wanayasa 1.7 2 6054

Based on the hyperparameter tuning results, the optimal values of the Tweedie index parameter
pvaried across stations, reflecting the distinct distributional characteristics of rainfall at each location. Stations
such as Purwakarta, Cisomang, and Wanayasa exhibited an optimal pvalue of 1.7, indicating greater rainfall
variability and a greater frequency of high-intensity precipitation events. In contrast, Pondok Salam and
Cibukamanah showed optimal pvalues of 1.6, which still fall within the compound Poisson-Gamma range but
with slightly more moderate rainfall intensity contributions. Additionally, the optimal tree depth for the
TDboost model was predominantly 2, except for Purwakarta, where a depth of 3 was required. This suggests
that the relationship between the predictors and rainfall in Purwakarta is more complex and requires a richer
model structure for accurate learning.

The difference in the selected Tweedie power index between GLM-Tweedie and TDboost should be
interpreted in relation to the different model structures and optimization procedures. In GLM-Tweedie, the
power index is selected within a parametric log-link regression framework, where the mean—variance
relationship is evaluated under a linear predictor structure. In contrast, in TDboost, the Tweedie power index
is treated as part of the loss-function tuning process and is selected together with other hyperparameters, such
as tree depth, learning rate, and the number of boosting iterations, based on validation performance.
Therefore, the optimal power index in TDboost does not necessarily have the same interpretation as the power
index selected in GLM-Tweedie. A higher selected value in TDboost, such as p = 1.7 at Purwakarta, may
indicate that the nonlinear boosting model gives greater weight to positive rainfall intensity and heavier-tailed
variability after accounting for nonlinear predictor effects. Meanwhile, the lower value selected by GLM-
Tweedie may reflect the best mean—variance compromise under a more restrictive linear structure. Thus, the
discrepancy suggests that the two models capture different aspects of the rainfall-generating process, driven
by their distinct optimization objectives and functional flexibility.

Regarding the optimal number of boosting iterations, models at stations such as Cibukamanah and
Cisomang nearly reached the maximum tree limit (6500), indicating that a full boosting process was necessary
to achieve optimal accuracy. This may imply high data variability or noise, requiring extensive learning to
capture stable patterns. On the other hand, stations like Purwakarta and Pondok Salam reached convergence
earlier (around 5700-5900 trees), suggesting that the model learned the predictive patterns at these locations
more efficiently. Overall, these findings underscore the importance of fine-tuning the Tweedie distribution
parameters to capture the unique rainfall dynamics at each location. Furthermore, they demonstrate the
flexibility of the TDboost approach in accommodating spatial heterogeneity through precise parameter adjustment.

The relatively high number of boosting iterations at Cibukamanah and Cisomang indicates that the
TDboost model required a longer learning process to capture the rainfall variability at these stations. In this
study, the optimal number of trees was selected using an internal validation set within the training data, rather
than solely on training error, which helps reduce the risk of overfitting. Nevertheless, the fact that the optimal
iteration nearly reached the maximum tree limit suggests that potential overfitting cannot be fully ruled out,
especially given the relatively short 12-month testing period. Therefore, the superior performance of TDboost
at these stations should be interpreted with caution. Future studies should apply more rigorous validation
schemes, such as leave-one-year-out cross-validation, k-fold cross-validation, or blocked temporal cross-
validation, to further assess the model's robustness and generalization.
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3.3. Performance Comparison

Predictive performance evaluation was conducted to compare the effectiveness of the GLM-Tweedie
and TDboost models in modeling monthly rainfall, using two key metrics: Root Mean Square Error of
Prediction (RMSEP) and Pearson correlation coefficient, calculated for the testing dataset. RMSEP quantifies
the magnitude of prediction error, while the correlation coefficient indicates the model's ability to reproduce
the actual rainfall pattern. Together, these metrics provide a comprehensive assessment of model accuracy
and consistency relative to observed data.

To provide a more transparent numerical comparison, the complete performance results for all
station-ESM-model combinations are summarized in Table 4. The table reports RMSEP and Pearson
correlation coefficient values for GLM-Tweedie and TDboost across the five rainfall stations and three ESM
scenarios. This table complements the graphical summaries in Figures 3 and 4 by providing exact numerical
values for verification and comparison.

Table 4. Performance comparison of GLM-Tweedie and TDboost across rainfall stations and ESM scenarios

Station ESM Scenario  GLM-Tweedie RMSEP TDboost RMSEP GLM-Tweedie r TDboost r
Purwakarta BNU-ESM 174.53 150.91 0.62 0.78
Pondok Salam BNU-ESM 191.44 183.27 0.59 0.72
Cibukamanah BNU-ESM 119.57 102.82 0.75 0.88
Cisomang BNU-ESM 134.45 128.37 0.66 0.68
Wanayasa BNU-ESM 192.31 200.98 0.68 0.72
Purwakarta MIROC-ESM 200.84 187.26 0.56 0.65
Pondok Salam MIROC-ESM 257.49 194.22 0.29 0.65
Cibukamanah MIROC-ESM 180.04 140.68 0.51 0.73
Cisomang MIROC-ESM 228.69 185.53 0.18 0.50
Wanayasa MIROC-ESM 229.83 157.65 0.52 0.84
Purwakarta MIROC-ESM-CHEM 149.84 161.62 0.81 0.71
Pondok Salam MIROC-ESM-CHEM 169.80 166.35 0.72 0.73
Cibukamanah MIROC-ESM-CHEM 91.74 90.64 0.87 0.87
Cisomang MIROC-ESM-CHEM 126.01 109.76 0.69 0.78
Wanayasa MIROC-ESM-CHEM 177.10 188.13 0.77 0.71

Table 4 shows that TDboost generally outperformed GLM-Tweedie across most station-ESM
combinations. Based on RMSEP, TDboost produced lower prediction errors in 12 out of 15 combinations,
indicating its stronger predictive accuracy for monthly rainfall downscaling. Under the MIROC-ESM scenario,
TDboost consistently achieved lower RMSEP values and higher Pearson correlation coefficients across all five
stations, suggesting that the nonlinear boosting structure was more effective at extracting predictive
information from this ESM. However, under the MIROC-ESM-CHEM and BNU-ESM scenarios, several
exceptions were observed. GLM-Tweedie produced lower RMSEP at Wanayasa under BNU-ESM and at
Purwakarta and Wanayasa under MIROC-ESM-CHEM, indicating that the simpler linear Tweedie model may
still perform competitively in some local settings. The lowest RMSEP was obtained at Cibukamanah using
TDboost under the MIROC-ESM-CHEM scenario, while the highest correlation was achieved at the same
station using TDboost under the BNU-ESM scenario. These results suggest that the best-performing ESM may
vary across evaluation metrics, but overall, TDboost provides more consistent improvements in both
prediction error and temporal agreement with observed rainfall.

As presented in Figure 3, the TDboost model demonstrated superior predictive performance
compared to GLM-Tweedie in most cases, as indicated by consistently lower RMSEP values. For instance, at
the Cibukamanah station, the TDboost model under the MIROC-ESM-CHEM scenario achieved the lowest
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RMSEP of 90.63, outperforming both the GLM-Tweedie model under the same scenario (91.73) and all other
scenario combinations. A similar trend was observed at Cisomang station, where TDboost (RMSEP = 109.75)
significantly outperformed GLM-Tweedie (RMSEP = 126.01) under the MIROC-ESM-CHEM scenario. At
Purwakarta station, TDboost also outperformed GLM-Tweedie across nearly all scenarios, with the most
notable improvement seen under the MIROC-ESM scenario (187.25 vs. 200.84), indicating a consistent
enhancement in predictive accuracy.

RMSEP Comparison

BNU-ESM MIROC-ESM MIROC-ESM-CHEM

Wanayasa

Cisomang

Cibukamanah

Pondok Salam

Purwakarta

o

50 100 150 200

o

100 200
RMSEP

o
S

100 150

Mode! ] ctm-Tweedie I Toboost

Figure 3. Comparison of RMSEP Values Between GLM-Tweedie and TDboost Models Across Stations and
ESM Scenarios

Despite the TDboost model's overall superiority, several exceptions suggest that its performance may
not universally surpass that of the GLM-Tweedie approach across all locations and scenarios. For instance, at
the Wanayasa station under the MIROC-ESM-CHEM scenario, GLM-Tweedie achieved a lower RMSEP
(177.10) than TDboost (188.13), suggesting slightly better predictive accuracy. This observation highlights the
importance of considering local rainfall characteristics and the variability introduced by different ESM
predictors. Nevertheless, TDboost generally outperforms GLM-Tweedie due to its ability to model nonlinear
relationships and complex interactions among atmospheric variables. The boosting approach, especially when
optimized via hyperparameter tuning, demonstrates significantly improved predictive performance
compared to traditional GLMs for rainfall forecasting based on the Tweedie distribution.

Further evaluation of Pearson correlation coefficients between predicted and observed rainfall values
during the testing period reinforces the advantage of TDboost. In almost all stations and ESM scenarios,
TDboost consistently yields higher correlation values, indicating its superior ability to capture rainfall
temporal patterns. At the Cibukamanah station, TDboost achieved the highest correlation of 0.88 under the
BNU-ESM scenario, surpassing GLM-Tweedie's 0.75. A similar improvement was observed at the Cisomang
station, where the correlation increased markedly from 0.19-0.69 (GLM-Tweedie) to 0.50-0.78 with TDboost.
These findings underscore TDboost’s effectiveness in detecting complex and nonlinear rainfall dynamics that
are often underrepresented in classical linear models. The results align with previous studies demonstrating
that gradient boosting significantly outperforms linear models in capturing intricate atmospheric interactions
and nonlinear dependencies [26, 27].
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Correlation (Pearson r) Comparison
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Figure 4. Correlation Coefficients Between Observed and Predicted Monthly Rainfall Across Stations and
ESM Scenarios for GLM-Tweedie and TDboost Models

In the comparison of ESM inputs, BNU-ESM consistently delivered the highest correlation values for
TDboost across nearly all stations. For example, at Cibukamanah and Purwakarta, BNU-ESM achieved the
highest correlations of 0.88 and 0.78, respectively, when used with TDboost, outperforming the MIROC-ESM
and MIROC-ESM-CHEM scenarios. This indicates that rainfall projections from BNU-ESM better align with
local climatic characteristics in the study area, thereby providing more informative inputs for nonlinear
models such as TDboost. Conversely, GLM-Tweedie appeared more sensitive to the choice of ESM, with its
best performance often found under the MIROC-ESM-CHEM scenario, as observed in Purwakarta (correlation
= 0.81) and Wanayasa (0.77). This can be attributed to the linear structure of GLM-Tweedie, which tends to
rely on stable and informative predictors for accurate modeling [14.

In this study, ESM outputs were used without applying additional bias correction before statistical
downscaling. This design choice was made to isolate the comparative performance of GLM-Tweedie and
TDboost under the same raw ESM input conditions. However, this choice also represents an important
limitation. ESM outputs may contain systematic biases, particularly for precipitation-related variables in
tropical regions with complex terrain. Therefore, the absence of bias correction may have influenced the
magnitude of prediction errors and the relative performance of the two models. The greater flexibility of
TDboost may allow the model to capture nonlinear relationships between ESM predictors and local rainfall
more effectively, but it may also make the model more sensitive to biased or noisy predictor patterns. In
contrast, GLM-Tweedie has a more parsimonious structure but may be less able to adjust for nonlinear bias
patterns in the ESM inputs. Future studies should compare raw and bias-corrected ESM predictors to
determine whether bias correction further improves downscaling performance and model robustness.

Overall, these findings confirm that TDboost not only achieves lower prediction errors (RMSEP) but
also shows greater consistency in representing rainfall patterns, as evidenced by stronger correlations with
observed data. The choice of ESM plays a crucial role; BNU-ESM performed better when combined with
TDboost when combined with TDboost, whereas MIROC-ESM-CHEM performed more compatibly with
GLM-Tweedjie. These results emphasize the importance of selecting both appropriate climate scenarios and
statistical modeling approaches to achieve reliable rainfall predictions —an essential aspect for supporting
climate adaptation planning and managing hydrometeorological risks in tropical regions. Following the
strong performance of TDboost in terms of both predictive accuracy (RMSEP) and correlation strength, a time-
series analysis was conducted to assess how well each model captures the temporal dynamics of observed
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rainfall. The visual comparison between predicted and observed rainfall provides a more intuitive
understanding of the models’ consistency in tracking seasonal fluctuations and extreme events across stations
and climate scenarios.

The stronger performance of TDboost can be explained from both statistical and climatological
perspectives. Statistically, TDboost is more flexible than GLM-Tweedie because it combines the Tweedie loss
function with tree-based boosting, allowing the model to capture nonlinear predictor-response relationships
and interaction effects that are difficult to represent in a linear GLM framework. This flexibility is particularly
relevant for tropical rainfall, where complex interactions among large-scale climate predictors, seasonal
transitions, and local topographic effects influence rainfall occurrence and intensity. From a climatological
perspective, TDboost's ability to better track rainfall peaks suggests that nonlinear models may be more
suitable for representing highly variable rainfall regimes in complex tropical regions. This has practical
implications for extreme rainfall monitoring and climate adaptation planning, because improved
representation of high-rainfall periods can support more reliable hydrometeorological risk assessment, water
resource planning, and local adaptation strategies. However, given the limited testing period, these
implications should be interpreted cautiously and further validated using longer records and uncertainty-
aware evaluation.

Based on the time-series visualization under the MIROC-ESM scenario (Figure 5), TDboost
consistently demonstrated a superior ability to capture both seasonal and extreme rainfall patterns compared
to GLM-Tweedie. At almost all stations, the orange line representing TDboost closely tracked observed rainfall
trends, particularly during the testing period. In contrast, the blue line representing GLM-Tweedie often
produced smoother, less responsive predictions to annual variability. This result confirms TDboost's greater
ability to capture nonlinear patterns and better represent actual rainfall dynamics under the MIROC-ESM
climate scenario.
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Figure 5. Comparison of Observed Rainfall and Model Predictions (TDboost vs GLM-Tweedie) under MIROC-

ESM Scenario

Under the MIROC-ESM-CHEM scenario (Figure 6), the differences between the two models become
even more pronounced. TDboost once again demonstrates a greater adaptability to rainfall patterns, with its
prediction curves more closely following the observed data. Stations such as Wanayasa and Cisomang exhibit
better alignment of TDboost predictions compared to GLM-Tweedie, particularly in capturing extreme rainfall
events. This further supports previous findings that the boosting model, when optimally tuned, is well-suited
for modeling complex, skewed rainfall distributions produced by the MIROC-ESM-CHEM scenario.
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Figure 6. Comparison of Observed Rainfall and Model Predictions (TDboost vs GLM-Tweedie) under MIROC-
ESM-CHEM Scenario

A similar pattern was also observed under the BNU-ESM scenario (Figure 7), where the TDboost
model consistently maintained superior predictive performance compared with GLM-Tweedie. At several
stations, such as Cibukamanah and Pondok Salam, TDboost more accurately replicated seasonal rainfall
peaks, whereas GLM-Tweedie tended to smooth them and produce more conservative predictions. This
advantage of TDboost highlights its flexibility in adapting to the spatial and temporal variability of rainfall
data, even despite the uncertainty associated with the BNU-ESM input.



ASEAN J. Sci.

Tech. Report. 2026, 29(9), €263108.

16 of 20

Observed vs TDboost vs GLM-Tweedie at Purwakarta
Dashed vertical line indicates the trainingResting boundary

Observed vs TDboost vs GLM-Tweedie at Pondok Salam
Dashed vertical line indicates the trainingtesting boundary

T T
' '
' '
600 \ i '
| 1 | 900 1
! | iy !
' i
\ | hy I i ] 1 ! I ) v
= ) \ f I 1 nooy M T S L =
E 400 hy 1 | 1 ! 1 0w 4 (- A L | E
£ I \ I bl | vl Mg E
= ! n ! | (/ \ | | v i L - 1> ol ! £ 600 ' | \ |
] | . [ W | I | ) R C A Y 3 ‘ | i | |
5 | J ¢ ,( [ | 1 E £ d n L 1 HEHS ¥ il
| A \ VI 4 A { f L
s ] W Y . 11| Y A N o R i | | & M s uf 1 W -
200 b | 1|l I SAY Y R B M Y na | Y o I V \ N ")
2 | \ I e | “f NIl \ \I i ‘ﬁ' “v' N Id 300 V’\ [ I \ \ { A
\ 1/ 1 \ | ! LYY “‘u | /| A | i J I\ (|
A I Sal YN H N w2 Hl A+ d ] O / v N i ,(‘ YR O W
~ N d Vi v 7 \ 't VIl M | i/ ? \ N [ |
' N ~N / ‘ '
0 1 0 1
L L
0 0 100 150 0 0 100 150
Time (month index) Time (month index)
Series - - GLM Tweedie — Observed TDboost Series - - GLM Tweedie — Observed TDboost
Observed vs TDboost vs GLM-Tweedie at Cibukamanah Observed vs TDboost vs GLM-Tweedie at Cisomang
Dashed vertical line indicates the training/testing boundary Dashed vertical line indicates the trainingtesting boundary
750 720
H H
Es00 E 500
£ i
3 €
& &
250 250
0 0

0 50 100

Time (month index) Time (month index)

Series -~ - GLM Tweedie — Observed TOboost Series -~ - GLM Tweedie — Observed

TDboost

Observed vs TDboost vs GLM-Tweedie at Wanayasa
Dashed vertical line indicates the training/testing boundary

800

Rainfall (mm)

400

100 150
Time (month index)

Series —- GLM Tweedie — Observed TDboost

Figure 7. Comparison of Observed Rainfall and Model Predictions (TDboost vs GLM-Tweedie) under BNU-
ESM Scenario

Overall, the visualization results across the three climate scenarios demonstrate that the TDboost
model clearly outperforms the GLM-Tweedie model in approximating actual rainfall patterns. This
superiority is evident not only in quantitative metrics such as RMSEP and correlation, but also qualitatively
in the observed time-series patterns. Thus, the TDboost approach has proven more adaptive and accurate for
modeling rainfall based on global climate projections, particularly for medium- to long-term forecasting in
tropical regions.

This study has several limitations. First, the testing period covers only 12 months, from January to
December 2020. Although this period represents one complete annual rainfall cycle and captures the broad
wet—dry seasonal pattern in Indonesia, it may not fully reflect interannual rainfall variability. Therefore, the
reported performance should be interpreted as an initial assessment of predictive ability rather than definitive
evidence of long-term model generalization. Future studies should consider longer testing periods or more
rigorous validation schemes, such as leave-one-year-out or blocked temporal cross-validation. Although no
specific evidence of rainfall data disruption was identified for 2020, observational consistency during the
COVID-19 period should also be examined carefully. Second, this study does not yet include formal
uncertainty quantification. RMSEP and correlation summarize predictive accuracy and temporal agreement,
but they do not provide uncertainty intervals related to model structure or ESM inputs. Future work should
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incorporate bootstrap resampling, ensemble-based evaluation, or prediction intervals to better assess the
reliability of downscaled rainfall estimates for climate risk applications.

4. Conclusions

This study demonstrates the effectiveness of applying Tweedie distribution-based models for
statistical downscaling of monthly rainfall in tropical regions, using Purwakarta Regency, Indonesia, as a case
study. By comparing the performance of a Generalized Linear Model (GLM) with a Tweedie distribution to a
more flexible boosting-based approach (TDboost), the findings consistently show that TDboost outperforms
GLM in terms of predictive accuracy (as indicated by lower RMSEP values) and the strength of association
with observational data (as shown by higher Pearson correlation coefficients). These advantages are evident
across most locations and climate scenarios, highlighting the superior capability of boosting methods in
modeling highly variable and extreme rainfall patterns. Notably, the BNU-ESM climate scenario consistently
provided the most stable and robust results, especially when paired with TDboost. In stations such as
Cibukamanah and Purwakarta, this combination yielded the highest correlation with observed rainfall,
suggesting that BNU-ESM projections align more closely with local rainfall characteristics compared with
MIROC-ESM and MIROC-ESM-CHEM. These findings underscore the critical role of selecting an appropriate
climate scenario to optimize the performance of statistical downscaling models, particularly in data-driven
climate adaptation planning. For future research, incorporating spatial dependencies among locations should
be considered, as explicitly modeling spatial relationships or integrating spatial features may enhance
predictive performance, particularly in geographically interconnected areas. Moreover, extending the
temporal resolution of the study (e.g., to daily or seasonal scales) and integrating additional atmospheric
predictors, such as sea surface temperature or ENSO indices, could further improve model robustness and
support the development of more reliable hydrometeorological early warning systems under climate change
conditions.
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