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Abstract

Drought is a significant climate change-driven extreme event that severely impacts agriculture and water resource
management, particularly in regions like Pandeglang, Banten, which is vital for food security. This study aims to
evaluate and compare the performance of four machine learning algorithms—Multiple Linear Regression (MLR),
Artificial Neural Networks (ANN), K-Nearest Neighbors (KNN), and XGBoost (XGB)—in predicting the
Standardized Precipitation Index (SPI) across short, medium, and long-term timescales (3, 6, 9, and 12 months). The
methodology involves utilizing historical daily rainfall data (1991-2024) and executing a multi-scale comparative
analysis using six different lag times within a Python-based framework. Performance was measured using RMSE,
MAE, NSE, and R? metrics. The results demonstrate that predictive accuracy consistently improves as the SPI
timescale increases, with the 12-month scale (SPI-12) offering the most stable results. The ANN model was the most
reliable algorithm, with a peak R? of 0.961 at the 12-month scale. Conversely, the XGB model showed the poorest
performance on shorter scales when historical data was limited. This research provides a localized, computationally
efficient framework for informatics-based climate monitoring. By establishing optimal lag windows and model
complexity requirements, it bridges the gap between algorithmic theory and practical application for developing data-
driven early warning systems.
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1. INTRODUCTION

Drought is an extreme event resulting from climate change, and it significantly impacts water
resource management, the hydrological water cycle, agriculture, and ecosystem health [1], [2]. This
extreme event can be categorized into various types based on the underlying impacts and causes:
Meteorological drought occurs due to a lack of rainfall over a long period, relative to the long-term
average for a specific region; Agricultural drought refers to insufficient soil moisture levels that affect
crop growth and agricultural productivity, often influenced by meteorological drought; Hydrological
drought is characterized by reduced water availability in surface and groundwater sources, such as rivers,
lakes, and reservoirs, which impacts water supply for ecosystems, industry, and human consumption;
Socio-economic drought is where water supply fails to meet water demand, resulting in negative
consequences for society, the economy, and the environment [3], [4], [5].

The severity and duration of drought are represented by a numerical index that provides a
comprehensive overview in evaluating drought to support decision-making efforts for planners and
policymakers [6]. Each timescale in drought prediction captures unique hydrological impacts; for
instance, shorter timescales (3 months) are more sensitive to meteorological drought, while longer
timescales (12 months) are associated with hydrological or agricultural drought [7]. In accordance with
the type of drought, there are various drought indices that can be used. Among the various drought
indices, the Palmer Drought Severity Index (PDSI), Crop Specific Drought Index (CSDI), Surface Water
Supply Index (SWSI), and Standardized Precipitation Index (SPI) are widely used for water resource
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management, monitoring, and agricultural drought prediction [6]. In this study, the type of drought
assessed is a meteorological drought using the Standardized Precipitation Index (SPI), developed by [8].
The determination of SPI only requires rainfall data in its calculation [6], [7], [8], [9], [10], [11]. The
advantages of SPI, besides depending solely on rainfall data, are its practicality and ease of calculation,
its facilitation of determining the start and end times of meteorological drought, and its provision of
early drought warnings for different timescales [12].

As an anticipatory measure in facing drought in a region, it is important to perform drought
prediction using calculated drought index data with historical data inputs. Drought prediction can be
performed, among other methods, using a machine learning (ML) algorithm-based approach. ML
techniques build estimation models based on sample data, known as training data, to make predictions
or decisions without being explicitly programmed. This technique is highly favored because it has shown
results in increasing model accuracy and efficiency, enabling faster analysis of large datasets, and
supporting the development of predictive models [2]. The large number of available ML techniques
poses a challenge for researchers in determining the best method to use for drought prediction. This
study compares the performance of drought prediction models based on ML algorithms, including
Multiple Linear Regression (MLR) [1], [2], [13]; Artificial Neural Networks (ANN) [1], [2], [7], [12],
[14], [15], [16]; K-Nearest Neighbors (KNN) [1], [2], [12], [16], [17], [18]; and XGBoost (XGB) [1],
[2],[19], [20]. Many studies have used these methods in performing drought prediction based on various
types of drought indices.

The MLR, ANN, KNN, and XGB methods were used by Niazkar et al. [1] to estimate SPI values
in the Eastern Black Sea Basin located on the northeastern coast of Turkey, while Pirae et al. [2] used
the four methods to predict SPI values in Shiraz (Iran) and Tridolino (Italy). Both studies showed that
SPI prediction results improve with increasing SPI duration, with the 24-month SPI showing the highest
accuracy. Tanriverdi and Batmaz [4] compared the performance of the XGB method with LightGBM,
CatBoost, Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), and
Transformer architecture in predicting the Drought Severity and Coverage Index (DSCI) in the United
States. Their study results showed that the highest performance was achieved by the hybrid Attention-
LSTM model and the lowest by XGB. The performance of the XGB method was also compared with
the performance of Gradient Boosting, Recurrent Neural Network (RNN), and LSTM by Ha et al. [19]
in estimating the Standardized Precipitation Evapotranspiration Index (SPEI) in the Mekong River
Delta, Vietnam. The results indicated that the XGB and LSTM models demonstrated outstanding
performance, with lower error metrics and higher R? values compared to Gradient Boosting and RNN.
The performance of the KNN method was evaluated along with the Random Forest (RF), Voting
Regressor, and AdaBoost Regressor methods by En-nagre et al. [17] in the prediction of SPI and SPEI
values in the Upper Draa Basin, Morocco. Random Forest yielded the highest Nash-Sutcliffe Efficiency
(NSE) values, ranging from 0.74 to 0.93. Conversely, the K-Nearest Neighbors algorithm yielded values
in the range of 0.44 to 0.84. Oyounalsoud et al. [18] used the ANN method along with Decision Tree
(DT), Support Vector Machine (SVM), and RF in developing a new artificial intelligence (Al)-based
drought index. The conclusion was that the developed Al-based drought index outperformed
conventional indices overall, thus contributing effectively to more accurate drought prediction and
monitoring. The ANN and KNN methods were also used along with the Adaptive Neuro-Fuzzy
Inference System (ANFIS), Gaussian Process Regression (GPR), and SVM Regression methods by
Citakoglu and Coskun [12] in predicting SPI at the Sakarya Meteorological Station, Turkey [12]. They
used Variation Mode Decomposition (VMD), Discrete Wavelet Transform (DWT), and Empirical Mode
Decomposition (EMD) preprocessing techniques to create hybrid models. The hybrid models used in
conjunction with preprocessing techniques showed better prediction results compared to standalone
models.
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The performance of the prediction models in this study is evaluated based on statistical analysis
using the calculation of Root Mean Square Error (RMSE) [21], [22]; Mean Absolute Error (MAE) [22];
Nash-Sutcliffe Efficiency (NSE) [21], [23]; and Coefficient of Determination (R?) [21]-[23] of the SPI
prediction results from each prediction model. SPI value prediction is performed for 3, 6, 9, and 12-
month scales, corresponding to short, medium, and long-term drought categories. Despite
comprehensive research, a disparity persists in comprehending the performance of linear versus
nonlinear models over different lag durations. Much literature advocates for sophisticated models
without substantiating their processing expense in comparison to simpler regressions in linear-dominant
datasets. This study fills this gap by determining suitable lag windows and model complexity
requirements, providing a localized, computationally efficient framework for informatics-based climate
monitoring.

This research focuses on Pandeglang Regency, Banten Province, Indonesia, which is located at
coordinates 6°21'-7°10' S and 104°48'-106°11' E. This area is known for its contribution to food security
in Banten Province with its abundant rice production [24], [25], [26]. The agricultural sector is one of
the largest contributors to Pandeglang's Gross Regional Domestic Product (GRDP) from year to year,
with a contribution in 2024 of 33.29% of the total GRDP [24], [27]. The results of Safira et al.'s research
state that there is a positive relationship between rainfall and rice productivity in the agricultural drought
region of Pandeglang Regency [28]. The frequent droughts could negatively impact food production and
the socio-economic life of the community in Pandeglang [29]. Based on the results of the disaster risk
study for Banten Province, Pandeglang Regency is categorized as having a high vulnerability class for
drought disasters, with a moderate category for the exposed population class and a high category for the
environmental damage class due to drought disasters [30]. The results of drought prediction in this study
are expected to be optimally used as an anticipation tool in planning and policy formulation by the local
government and related agencies.

2. METHOD

2.1. Research Stages

SPI Model
Start —™ calculation — Performance
Evaluation

A Y Y

y
Daily Rainfall Data Result
Data Splitting Analysis
Y

r Y Y

Data Model End
Preprocessing Simulation

Figure 1. Flowchart of Research Stages

All stages performed in this study follow the flowchart shown in Figure 1. The data processing
and analysis in this study were carried out using the Python programming language in the web-based
application Jupyter Notebook.

Each stage of the research can be explained as follows:
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1. Data collection: This study uses daily rainfall data observed at the Pandeglang Rain Post for the
period 1991-2024, obtained from measurements by the Automatic Rain Gauge (ARG) owned by
the Meteorology, Climatology, and Geophysics Agency (BMKG). The data is subsequently stored
in CSV format for additional processing. The Pandeglang Rain Post is located in Pagadungan
Village, Karang Tanjung District, Pandeglang Regency (Figure 2).

2. Data preprocessing: At this stage, daily rainfall data is converted into monthly rainfall data.
Then, quality control of the monthly rainfall data is performed, which involves identifying and
handling empty data and outliers. Detecting and handling outliers in time series data is critical
because extreme values might be the highest and lowest values, and this process can affect other
statistical analyses [31]. Empty monthly rainfall data is then filled using the average value of the
monthly rainfall. Meanwhile, data identified as outliers are subsequently treated as missing data
and filled using the average value of the monthly rainfall, as is done for empty data. Outlier
identification is performed using the boxplot method. This method, introduced by Tukey (1977),
can identify the presence of outliers that are below the first quartile (g; - 1.5 x IOR) or above the
third quartile (g3 + 1.5 x IQR), where IQR is the interquartile range (IOR = g3 — q1) [32].

3. Determination of the SPI value to model the rainfall data and then convert it into a value or
index as an interpretation of the drought level. SPI calculation is performed for 3, 6, 9, and 12-
month scales.

4. Data splitting, which is the division of SPI data into 80% training data and 20% testing data,
selected randomly using resampling [33].

5. Model simulation based on the MLR, ANN, KNN, and XGB algorithms using the Python
programming language. The MLR and KNN models use the Scikit-learn library, the ANN model
uses the Keras library, while XGB uses the XGBoost library. The model's hyperparameter tuning
will be explained in section 2.4.

6. Model performance evaluation using the calculation of evaluation metrics in the form of Root
Mean Square Error (RMSE), Nash-Sutcliffe Efficiency (NSE), Mean Absolute Error (MAE), and
Coefficient of Determination (R?) values for each prediction model.

7. Result analysis is performed by comparing the evaluation metric results of each model to
determine the performance of the best prediction model in predicting the drought level.
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2.2. Standardized Precipitation Index (SPI)

SPI calculation depends solely on rainfall data and is calculated for periods of 3, 6, 12, 24, and
48 months [8]. Before performing the SPI calculation, the observed data is first examined using
statistical tests to prove that it conforms to the gamma distribution. If the observed data follows the
gamma distribution, then the SPI calculation can be performed on the data. The classification of SPI
values based on wet and dry periods used in this study is shown in Table 1.

In this index, rainfall data can be fitted to the gamma distribution, so SPI is calculated using the
gamma distribution, as shown in the following equation [1], [2]:

_X
flx:a,B) = Barl(a)x“e /B,untuk x,a,B >0 (D

where f, a, x, and 7(a) respectively represent the scale, shape variable, amount of rainfall, and gamma
function. The most appropriate values for a and f can be obtained through equations (2) and (3) below,

respectively [1], [2]:
1 [ 44
a = a <1 + |1+ ?> (2)

X
== 3)
where A = Inx — @; with X and » are the normal rainfall and the amount of data, respectively.
Table 1. SPI Value Classification
Drought Category SPI
Extremely wet >2
Very wet 1.5-1.99
Moderately wet 1-1.49
Near Normal -0.99 -0.99
Moderately dry -1to-1.49
Severely dry -1.5t0 -1.99
Extremely dry -2 and less

2.3. Machine Learning Algorithms

This study compares the performance of drought prediction models using the Multiple Linear
Regression, Artificial Neural Networks, K-Nearest Neighbors, and XGBoost algorithms to identify and
evaluate the effectiveness of machine learning-based drought prediction models.

Multiple Linear Regression (MLR) is a statistical technique that expresses the relationship
between several independent variables and one dependent variable and represents this linear relationship
as a single functional formula [13]. The MLR model optimizes the regression coefficients by minimizing
prediction errors [34]. It is calculated with the use of Equation (4) [13]:

y=C+ Bi1x1 + B2x3 + B3X3 ... BrXy, 4)

where f; (i =1, 2...k) represents the regression coefficient for the independent variable x; (i =1, 2...k), y
refers to the dependent variable, and C is the regression equation constant.

Artificial Neural Networks (ANN) is a knowledge engineering concept in the field of artificial
intelligence designed by adopting the human nervous system [35]. The main processing of the human
nervous system consists of brain nerve cells as the basic unit of information processing [14]. The nerve
networks (neurons) in ANN are connected by synapses. The input value determines the output value,
and various types of neurons use different processes to generate their output [15]. The output function
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(i) has arange of 0 to 1, but the input can have an unlimited range of values [12]. According to [24] in
[12], for calculating y; from the j-th neuron in a layer, the threshold function in Equation (5) is used:

1
5
Z w"x 1 +e w],xl) ®

where x; is the value of the i-th neuron in the previous layer, wy; is the connection weight linking the j-
th neuron in the layer to the i-th neuron in the previous layer, and /() is the transfer function. The transfer
function is the rule for mapping the summed neuron input to its output and can be used to introduce non-
linearity into the network design if chosen correctly.

K-Nearest Neighbors (KNN) is a distance metric algorithm that identifies the K-nearest neighbors
of a target sample based on distance measurement, then makes a prediction based on the majority class
of those neighbors [36]. Developing methods and relations to determine the distance between training
data and testing data, generally calculated using Euclidean distance in Equation (6), is the first step in

using this model [12]:
D(x,p) = (x — p)? (6)

where x is the new point and p is the training example. After the Euclidean distance is determined, the
data is arranged in ascending order relative to the sample data, based on the minimum and maximum
distance. The next step is to find the number of neighbors (k) [12]. The prediction result using the KNN
regression method is the average of the & closest data points [36].

XGBoost (XGB) is a machine learning technique that uses the gradient boosting framework to
improve prediction accuracy [19], [20]. XGB efficiently builds boosted trees and solves regression and
classification problems [37]. XGB regression forms a series of sequential decision trees by leveraging
the prediction error (residual) from the previous tree [2]. The goal of this model is simplification through
optimization loss () and regulations (Q2), as shown in equation (7), with f; being the function of the K-
th tree and the objective function (J) at round ¢ being as follows [19]:

JO = Z (3.7 + fo(x) + 2(f0) ™
Where x; is the input feature vector (time lag data) for the i-th observation, y; is the i-th actual value of

input data, and y, is the final predicted result (output) for the i-th observation.

2.4. Model Simulation
Table 2. Summary of Model Architectures and Hyperparameter Settings

Model Hyperparameter Value/Configuration
MLR Estimation Method Ordinary Least Squares (OLS)
ANN Hidden Layer Architecture 1 Layer with (2m + 1) neurons
Activation Function tanh (Hidden), Linear (Output)
Optimizer & Loss Adam, Mean Squared Error (MSE)
Regularization Early Stopping (Patience = 50)
KNN Neighbors (k) 5
Distance Metric Minkowski (p =2 / Euclidean)
XGB Objective Function reg:squarederror
Algorithm Type Gradient Boosted Decision Trees

The model simulation performs an extensive multi-scale comparative analysis of SPI prediction
by assessing four machine learning models (MLR, ANN, KNN, and XGB) across different SPI scales

3448


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3443-3459
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5566

(3, 6,9, and 12) and 6 different lag times. The selection of lags 1 to 6 is based on the seasonal cycles
and hydrological memory of the tropical climate, where rainfall patterns from previous months remain
highly correlated with current drought conditions. Computationally, this range is chosen to capture
essential non-linear dynamics and data autocorrelation while maintaining processing efficiency. By
limiting the lag to 6, the models achieve an optimal balance between historical memory and predictive
accuracy, effectively preventing overfitting and ensuring a streamlined computational framework. The
procedure encompasses time-series feature engineering via a sliding window technique, data
normalization employing MinMaxScaler, and a non-shuffled train-test partition to preserve temporal
integrity. Each prediction model employs different hyperparameters to capture drought patterns (Table
2). The MLR model is a linear baseline that focuses on the Ordinary Least Squares (OLS) estimation
method without complex tuning to provide a transparent linear relationship between historical lags and
future SPI values. The KNN regressor uses 5 neighbors and Euclidean distance to perform similarity-
based prediction. The ANN architecture uses a dynamic hidden layer of 2m+1 neurons (where m
represents the number of input lags), a hyperbolic tangent (tanh) linear activation function to handle the
non-linear fluctuations of SPI data, an optimizer Adam algorithm to minimize the Mean Squared Error
(MSE), and an EarlyStopping mechanism with a patience of 50 epochs to reduce overfitting. The XGB
regressor uses gradient boosting with a squared error objective to correct prediction errors using an
ensemble of decision trees.

2.5. Model Performance Evaluation

Model performances in predicting SPI values are evaluated using four regression evaluation
metrics to determine the model's effectiveness, including Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Nash-Sutcliffe Efficiency (NSE), and Coefficient of Determination (R?). RMSE
is frequently used to interpret the difference between predicted values and actual values. The RMSE
range is (0, +o0); the closer the RMSE value is to 0, the better the model's performance [21], [22]. MAE
is a metric used to measure the average magnitude of the absolute error between predicted values and
actual values. The MAE range is (0, +o0), where a smaller MAE value indicates higher prediction model
accuracy [22]. NSE is a statistically sensitive metric to extreme values and yields suboptimal results
when the dataset contains large outliers. The NSE value ranges from negative infinity to 1, where values
close to 1 indicate that the predicted values are increasingly similar to the actual values [21], [23]. R?
shows the accuracy of the built model in making predictions. Its value ranges between 0 and 1, where a
value closer to 1 indicates increasingly accurate prediction results [21]-[23]. The formulas for
calculating the evaluation metrics in this study are presented in equations (8)—(11).

n_(0; — P;)?

RMSE:\/W ®)

1 n
MAE =— ) |0; — Py 9)

n:s 4

=

n _p.)2

NSE = 1_& (10)

2
Y4105
?:1(0i_lTl)

23:1[(01' ?znl Oi)(Pi E?:nlpi)]

2
I ,0; 4P
j ?:1(0i——‘n l) ?:1(1’:'——‘” l)

]Z

= (11)

(
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where 7 is the number of data points, O is the observed data, and P is the prediction result data. Model
prediction performance is directly proportional to higher R? and NSE values, and inversely proportional
to lower RMSE and MAE values [2].

3.  RESULTS AND DISCUSSIONS

3.1. Data Collection

Table 3 presents an illustration of daily precipitation data from the Pandeglang Rain Post utilized
in this research. The station is situated at 6°18'39.78” S, 106°6'20.16” E, at an elevation of 254 meters.
The daily precipitation data is subsequently utilized to derive the monthly precipitation data necessary
for the subsequent step.

Table 3. Daily Rainfall Data from the Pandeglang Rain Post

Station ID Name Latitude Longitude Elevation Date Daily Rainfall
(m) (mm)

36012103a Pandeglang 6°18'39.78”S 106°6'20.16” E 254 01/01/1991 0

36012103a Pandeglang 6°18'39.78”S 106°6'20.16” E 254 02/01/1991 14

36012103a Pandeglang 6°18'39.78”S 106°6'20.16” E 254 03/01/1991

36012103a Pandeglang 6°18'39.78”S 106°6'20.16” E 254 04/01/1991

36012103a Pandeglang 6°18'39.78”S 106°6'20.16” E 254 05/01/1991

3.2. Data Preprocessing

In this stage, no empty monthly rainfall data was found. However, 17 data points were found
during outlier detection. The detected outlier data were subsequently replaced using the normal monthly
rainfall data. Figure 3 compares the graph of the original monthly rainfall data that had not yet undergone
the preprocessing process with the monthly rainfall data after preprocessing. The red dots in Figure 3
represent the successfully detected outlier data. The preprocessed data is then used to determine the SPI
value.

Comparison of the original monthly rainfall vs. preprocessing results

1400 f Original monthly data
)| e Outlier
1200 ‘ Prepocessing results
1000 w !
£ |
£ 800 ‘
T uo (B
‘£ 600 i
© { i .
o |
400 |
200
0
0 50 100 150 200 250 300 350 400

Monthly data
Figure 3. Comparison of the Original Monthly Rainfall Data with the Preprocessing Results

3.3. Determination of the SPI Value

Before calculating the SPI value, the conformity of the observed data with the gamma
distribution was first demonstrated using the histogram graph and the Probability Density Function
(PDF) curve of the daily rainfall data. The histogram graph of the observed data conforming to the
Gamma PDF curve in Figure 4 shows that the observed data follows the gamma distribution with
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estimated parameters shape (a) = 1.11 and scale (f) = 18.50. Subsequently, the observed data
conforming to the gamma distribution is used with Equations (1), (2), and (3) for the SPI value
calculation

Histogram and PDF Gamma Curve of Daily Rainfall

] Histogram of Daily Rainfall (> 0)
—— PDF Gamma (Shape=1.11, Scale=18.50)

o
=)
v

o

o

B
"

Probability Density
=] o
o o
N w

I
=}
=

0.00

0 50 100 150 200
Daily Rainfall (mm)

.Figure 4. Histogram Graph and Gamma PDF Curve of Daily Rainfall Data

The SPI values in this study are calculated for 3, 6, 9, and 12-month scales, hereinafter referred
to as SPI-3, SPI-6, SPI-9, and SPI-12. The SPI monitoring graph (Figure 5) and the descriptive statistics
(Table 4) collectively characterize the hydro-climatological profile of the Pandeglang Rain Post by
quantifying precipitation variability and identifying historical drought patterns. Together, they provide
a comprehensive diagnostic tool: the statistics define the magnitude of climatic extremes, while the
graph illustrates their frequency, duration, and onset, which is essential for informed water resource
management and agricultural planning.

Multi-Scale SPI Monitoring (3, 6, 9, 12 Months)

—— SPI-3
31 SPI-6
—— SPI-9
— SPI-12
2] ---- Moderately Dry (-1.0)
---- Severely Dry (-1.5)
1 ---- Extremely Dry (-2.0)
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SPI Value

I | A i
DS T I |
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=
|
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Monthly Data

Figure 5. SPI Monitoring Graph

The SPI monitoring graph in Figure 5 provides a longitudinal visualization of drought dynamics by
plotting SPI value deviations across multiple time scales (3, 6, 9, and 12) against established severity
thresholds. The graph identifies specific periods of water deficit and surplus, where values consistently
dropping below the -1.0, -1.5, and -2.0 markers signify the onset of moderate, severe, and extreme
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drought, respectively. Short-term indices like SPI-3 fluctuate rapidly to reflect immediate agricultural
moisture stress, whereas long-term indices like SPI-12 exhibit smoother trends that reveal cumulative
impacts on hydrological reservoirs and groundwater levels. A concise summary of the SPI calculation
results for each period is presented in Table 4, which displays the descriptive statistics of the monthly
rainfall data and the SPI-3, SPI-6, SPI-9, and SPI-12 values from the Pandeglang Rain Post, including
the average, minimum, maximum, skewness, and standard deviation. The statistical data reveals high
precipitation volatility (standard deviation of 231.49 mm) and a positively skewed distribution, while
the SPI values confirm successful normalization with standard deviations near 1.0. Based on the
average value, the monthly rainfall at the Pandeglang Rain Post is categorized as medium according to
BMKG criteria (100-300 mm/mo
nth). When viewed from the average SPI value for each period, the SPI value is generally in the
near-normal drought status. However, severe drought occurred in SPI-12, while extreme droughts were
observed during periods 3, 6, and 9 of SPI, as indicated by the minimum value of < -2.

Table 4. Descriptive Statistics of Monthly Rainfall and SPI

Precipitation SPI
Statistical Descriptive (mm) 3 6 9 12
Average 289.944  0.008 -0.001  -0.003 -0.004
Minimum 0.000 -2.438 -3.600 -2.715 -1.900
Maximum 1386.000  3.254 3.325 2978 2.744
Skewness 1739  0.055 0232  0.591 0.760
Standard deviation 231.492 0983 1.001  1.001 1.001

3.4. Data Splitting

The data splitting process in this study involves dividing the dataset into two primary groups:
80% for the training dataset and the remaining 20% for the test dataset. The training data is used by the
machine learning models to build estimation models and identify historical patterns without explicit
programming. Meanwhile, the test dataset serves as an independent evaluation tool to measure the
model's predictive accuracy and reliability on unseen data, ensuring that performance metrics accurately
reflect the model's capability to forecast future SPI values. Figure 6 illustrates a depiction of data
splitting for SPI-6.
‘Data Splitting for SPI-6 ) .
—— Training Set (80% - 326 sampel)

Test Set (20% - 82 sampel)
--- Split Point

SPI value

1992 1996 2000 2004 2008 2012 2016 2020 2024
Monthly Data

Figure 6. Visualization Data Splitting for SPI-6

3.5. Model Simulation

The prediction of SPI-3, SPI-6, SPI-9, and SPI-12 at the Pandeglang Rain Post using ML
algorithms performed in this study considers 6 different lag times, resulting in 96 models successfully
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built for performance evaluation. Performance evaluation is conducted using the calculation results of
four evaluation metrics: RMSE, MAE, NSE, and R?, which are illustrated in the heatmap shown in
Figure 7. Each row shows the value of the performance evaluation indicator (RMSE, MAE, NSE, and
R?), while each column represents one of the ML models (MLR, KNN, ANN, and XGB). In each
heatmap, the vertical axis shows lag times 1 to 6, while the horizontal axis represents SPI values for 3,

6, 9, and 12-month scales.
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Figure 7. Visualization of Prediction Model Performance
.
3.6. Model Performance Evaluation

Model performance evaluation aims to measure the extent to which the model's predicted results
are close to the actual values. This study evaluates the prediction model using four metrics, as illustrated
in Figure 7. Each prediction model shows good performance, as seen from the RMSE and MAE values
approaching 0, and the NSE and R? values approaching 1. RMSE and MAE values close to 0 indicate
that the model prediction error is minimal on average. Meanwhile, NSE and R? values close to 1 indicate
that the model is capable of explaining most of the variability of the actual data, which signifies a high
model fit. The prediction model shows increasingly better performance as the SPI period increases (from
SPI-3 to SPI-12). This phenomenon presumably arises from drought indices of extended durations (e.g.,
SPI-12), which exhibit reduced fluctuations or lower variability, so they more accurately represent stable
long-term hydrological conditions, making them more amenable to prediction by machine learning
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algorithms. Conversely, SPI-3, indicative of short-term drought, exhibits greater fluctuation and presents
challenges for precise modeling.

Table 5. Summary of Best Performance per SPI Scale

Scale Evaluation Metric Model Lag Metric Value
RMSE ANN 6 0.423
3 MAE ANN 4 0.315
NSE ANN 6 0.719
R2 ANN 6 0.792
RMSE MLR 5 0.300
. MAE MLR 5 0.224
NSE MLR 5 0.810
R2 MLR 5 0.885
RMSE ANN 5 0.200
9 MAE ANN 5 0.149
NSE ANN 5 0.866
R2 ANN 5 0.945
RMSE ANN 3 0.172
1 MAE MLR 6 0.132
NSE ANN 3 0.864
R2 ANN 3 0.961

Table 6. Summary of Worst Performance per SPI Scale
Scale Evaluation Metric Model Lag Metric Value
RMSE XGB 1 0.614
MAE XGB 1 0.457
> NSE XGB 1 0.410
R2 XGB 1 0.556
RMSE XGB 1 0.413
MAE XGB 1 0.316
° NSE XGB 1 0.638
R2 XGB 1 0.778
RMSE XGB 2 0.315
MAE KNN 6 0.232
> NSE XGB 2 0.664
R2 XGB 2 0.861
RMSE KNN 6 0.239
MAE KNN 6 0.192
12 NSE KNN 6 0.737
R2 KNN 6 0.923

Tables 5 and 6 summarize the performance of various machine learning models in predicting the
SPI across all time scales (3, 6, 9, and 12 months), highlighting the best and worst results for each metric.
These findings are discussed in detail below.

In the SPI-3, which describes short-term meteorological drought, the ANN model with Lag 6
outperformed the others. Using six months of historical data improves the ANN model's ability to detect
non-linear patterns, with an NSE accuracy of 0.719 and an R? of 0.792, outperforming other prediction
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models. The XGB model with Lag 1 did the poorest on this scale, with an NSE of 0.410, which was the
lowest of all the prediction models, and an RMSE of 0.556, which was the highest of all the prediction
models.

The statistics started to reveal a more consistent trend in the SPI-6, which talks about medium-
term agricultural drought, compared to the SPI-3. The MLR model with Lag 5 did the greatest job,
showing that there is a strong linear relationship between input lag and the drought index at the medium
scale, with an NSE of 0.810 and an R? of 0.885. The XGB model with Lag 1 continued to perform the
worst with an RMSE of 0.413 and an MAE of 0.316. Although the NSE and R? values increased
compared to SPI-3 to 0.638 and 0.778, respectively, this model still failed to provide maximum accuracy
when the historical data was too limited.

In SPI-9, which describes long-term drought, the data at this scale was much smoother, and the
seasonal patterns were more pronounced. Once again, ANN with Lag 5 dominated the best performance.
This model demonstrated exceptional accuracy in mapping long-term drought patterns, achieving an
NSE of 0.866 and an R-squared of 0.945. The RMSE also decreased drastically to 0.200. The worst
performance was achieved by the XGB model with Lag 2, with an RMSE of 0.315 and an MAE of
0.232. Despite using the previous two months of data, this model was unable to match the stability of
other prediction models at this scale.

The data at this scale in SPI-12, which delineates long-term hydrological drought, was generally
stable due to its reflection of the condition of groundwater and river reserves. Variations in the data are
minor. The ANN model with Lag 3 outperformed other prediction models (NSE 0.864 and R? 0.961),
achieving the maximum accuracy. This means that for extremely long-term forecasts, the ANN model
just needs the preceding three months of data to produce highly precise results. The worst performance
was achieved by the KNN model with Lag 6. At this very stable scale, the "nearest neighbor"-based
algorithm tends to experience performance degradation when given a lag that is too long, as the data
becomes overly homogeneous, which makes it difficult for the KNN model to distinguish between
different data points.

3.7. Result Analysis

Based on the metric evaluation values shown in Figure 7 and summarized in Tables 5 and 6, the
following is an in-depth analysis of the performance of the drought prediction model. There is a
significant correlation between the SPI timescale and model prediction accuracy, with model
performance consistently improving as the scale increases from short-term (meteorological) to long-
term (hydrological). Similarly, the model error metrics, where the RMSE and MAE values show a
downward or significant improvement trend as the SPI scale increases. As an illustration, the best RMSE
value on the SPI-3 scale, which was 0.423, experienced a drastic decrease by almost half, to 0.171 on
the SPI-12 scale. This phenomenon indicates that the model has a much higher level of precision in
long-term predictions. This decline is due to the smoother characteristics of the SPI index at large scales
and its less reactive nature to short-term, stochastic rainfall fluctuations. At the SPI-3 scale, known to
be the most volatile, the ANN model with a Lag 6 configuration emerged as the best model with an NSE
value of 0.719, while the XGB model with Lag 1 performed the worst due to limited historical
information context, resulting in an RMSE error of 0.614. Entering the intermediate SPI-6 scale, the
MLR model surprisingly provided the highest accuracy at Lag 5 with an NSE value of 0.810, indicating
a fairly dominant linear relationship during that period.

The dominance of ANN is again very strong on the SPI-9 and SPI-12 scales, where this model
was able to capture stable patterns with maximum precision, achieving an R? value of up to 0.961 at the
SPI-12 scale. Technically, the use of longer historical data (Lag 5 or 6) proved crucial in minimizing
prediction errors in almost all categories, except at the SPI-12 scale, where Lag 3 was sufficient to
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provide highly accurate results. On the other hand, models based on near neighbor (KNN) and gradient
boosting (XGB) didn't work well on long-term scales or when the input lags were too short. Therefore,
it can be concluded that ANN is the most reliable and consistent algorithm for predicting drought, with
the highest efficacy found in long-term predictions using historical data from at least one previous
semester.

4. DISCUSSION

The results demonstrate a clear relationship between the SPI scale and prediction accuracy, where
model performance significantly improves as the SPI duration increases. According to the performance
data, the determination coefficient (R?) increases from a maximum of 0.792 at scale 3 to an impressive
0.961 at scale 12, while the RMSE concurrently drops from 0.423 to 0.172. This finding is highly
consistent with [1] and [2], which both report that machine learning models achieve higher accuracy
when estimating longer-term SPI values compared to shorter durations. Among the models evaluated,
the ANN emerged as the most dominant and reliable performer across scales 3, 9, and 12. Multiple
Linear Regression (MLR) also proved robust, particularly at scale 6. The superiority of these models
aligns with findings in [1], where MLR and ANN consistently delivered robust results across various
scenarios.

In contrast, the XGB model was identified as the least effective in this specific dataset, showing
the poorest performance at scales 3, 6, and 9. Similarly, the KNN model exhibited the lowest precision
at scale 12. The comparative study of [2] confirms this observation, finding that XGB and KNN
frequently produced the lowest precision during test phases. Regarding input parameters, the optimal
lag time was found to vary significantly depending on the SPI scale: Lag 6 yielded the best results for
scale 3, whereas Lag 5 was most effective for scales 6 and 9. This variation highlights the complexity
of lead-time selection, reinforcing the conclusion that there is no single definitive lag time for all
conditions, as noted in [1] and [2].

From an informatics and computer science perspective, the lag time variation this research
provides is a significant contribution to the optimization of machine learning-based climate prediction
models. This is crucial for developing computationally efficient Early Warning Systems (EWS) that can
be optimally implemented on resource-constrained hardware. Collectively, the data suggests that while
ANN is the most stable tool for capturing the non-linear dynamics of drought, its predictive power is
most effectively utilized in long-term hydrological drought analysis rather than short-term fluctuations.
This distinction is fundamental for informatics researchers designing decision support systems, as it
determines the balance between model complexity and the accuracy required for reliable climate
monitoring and prediction software.

5. CONCLUSION

This study successfully evaluated the predictive performance of MLR, ANN, KNN, and XGB
models in predicting the Standardized Precipitation Index (SPI) across multiple timescales. The results
demonstrate that model accuracy significantly improves as the SPI duration increases, with the 12-
month scale (SPI-12) providing the most stable and precise predictions due to its reduced variability
compared to short-term indices. Among the algorithms tested, the ANN model emerged as the most
reliable and consistent, particularly for long-term drought monitoring, achieving a peak Coefficient of
Determination (R?) of 0.961 at the 12-month scale. Furthermore, the study identified that utilizing a
longer historical lag (typically Lag 5 or 6) is crucial for minimizing errors, except in stable long-term
scenarios where a shorter lag (Lag 3) is sufficient.

Within the field of informatics, this research provides a vital contribution by establishing a
computationally efficient and localized framework for climate monitoring. By rigorously comparing
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linear versus nonlinear models and determining optimal lag windows, the study offers a systematic
approach to data preprocessing and model selection for hydro-climatological datasets. This informatics-
based approach bridges the gap between complex algorithmic theory and practical application to develop
early warning systems that support data-driven decision-making in water resource management and
agricultural planning.
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