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ABSTRAK 

Batam merupakan wilayah pesisir strategis yang terletak di jalur pelayaran internasional dan memiliki 

iklim tropis dengan intensitas curah hujan yang tinggi. Kondisi tersebut secara signifikan memengaruhi 

berbagai sektor penting, seperti transportasi dan pariwisata, sehingga diperlukan prediksi klimatologis yang 

akurat. Penelitian ini mengembangkan model regresi linier sederhana dan regresi linier berganda untuk curah 

hujan bulanan dengan menggunakan suhu udara dan kelembapan relatif sebagai variabel prediktor. Data yang 

digunakan merupakan hasil pengamatan di Stasiun Meteorologi BMKG Hang Nadim selama periode 2000 - 

2024. Kinerja model dievaluasi dengan membandingkan nilai prediksi terhadap data observasi tahun 2024 

menggunakan Root Mean Square Error (RMSE) dan koefisien korelasi Pearson (𝑟). Hasil penelitian 

menunjukkan bahwa model regresi linier berganda memberikan akurasi prediksi tertinggi, dengan nilai RMSE 

sekitar ±74  mm dan koefisien korelasi sebesar 𝑟 = 0.855. Diantara model yang menggunakan satu prediktor, 

kelembapan relatif menunjukkan kinerja yang lebih baik dibandingkan suhu, dengan RMSE sebesar ±85 mm 

(𝑟 = 0.759) dibandingkan RMSE sebesar ±138 mm (𝑟 = 0.737). Fakta tersebut menunjukkan bahwa integrasi 

prediktor suhu dan kelembapan relatif lebih efektif untuk memproyeksikan curah hujan bulanan, berdasarkan 

analisis data klimatologi selama 25 tahun di wilayah tropis maritim seperti Batam. Peningkatan prediksi curah 

hujan tersebut mendukung strategi adaptasi iklim dan mitigasi bencana yang lebih tangguh di Batam. 

Kata kunci: Curah Hujan; Suhu ; Kelembapan; Regresi Linear; Batam 

 

  

ABSTRACT 

Batam is a strategic coastal region located along an international shipping route, characterized by a 

tropical climate with high rainfall intensity. These conditions substantially affect key sectors such as 

transportation and tourism, underscoring the need for accurate climatological predictions. This study develops 

simple and multiple linear regression models for monthly rainfall, incorporating air temperature and relative 

humidity as predictor variables. The dataset comprises observations recorded at the BMKG Hang Nadim 

Meteorological Station for the period 2000–2024. Model performance was evaluated by comparing predicted 

values with observed data for 2024 using the Root Mean Square Error (RMSE) and the Pearson correlation 

coefficient (𝑟). The results show that the multiple linear regression model provides the highest predictive 

accuracy, with an RMSE of approximately ±74 mm and a correlation coefficient of 𝑟 = 0.855. Among the 

single-predictor models, relative humidity performed better than temperature, achieving an RMSE of ±85 mm 

(𝑟 = 0.759) compared with ±138 mm (𝑟 = 0.737). These findings indicate that the integration of temperature 

and relative humidity predictors is more effective for monthly rainfall prediction, based on the analysis of a 25-

year climatological dataset from a tropical maritime region such as Batam. This improvement in rainfall 

prediction supports more robust climate adaptation and disaster mitigation strategies in Batam. 
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INTRODUCTION 

Rainfall is one of the climatological parameters that significantly contributes to various 

hydrological processes and socio-economic activities [1], [2]. Rainfall variability in tropical regions 

is influenced by complex interactions between atmospheric and oceanic processes involving various 

climatological parameters [3], [4]. Among these parameters, air temperature and relative humidity 

are key predictors of rainfall due to their strong influence on water vapor availability, condensation, 

cloud formation, and subsequent precipitation processes [4], [5]. In tropical coastal and archipelagic 

regions, maritime influences and climate variability make rainfall highly sensitive to changes in air 

temperature and relative humidity [3], [6], [7]. 

Batam City, located in the Kepulauan Riau Province, is a tropical coastal area situated along a 

strategic international shipping route. The region has experienced rapid growth in industrial, 

commercial, and tourism activities [8], [9]. These conditions make rainfall stability an important 

factor for various socio-economic activities in the region [6]. High or unpredictable rainfall may affect 

transportation, outdoor activities, and water resource management [1], [10], [11]. Therefore, 

integrating air temperature and relative humidity into multivariable statistical models can improve 

the accuracy of rainfall predictions, thereby supporting adaptive planning and climate risk mitigation 

in Batam City. 

Linear regression is one of the most widely used approaches for rainfall prediction because it 

can quantitatively model the relationship between rainfall and climatological parameters [5], [12], 

[13]. Under atmospheric conditions influenced by multiple variables, multiple linear regression 

(MLR) generally provides better representation and prediction accuracy than simple linear regression 

(SLR) [14]–[16]. Although similar studies have been conducted in several regions of Indonesia [5], 

[13]–[18], studies comparing SLR and MLR models for rainfall prediction using long-term 

climatological data remain scarce, particularly in Batam City. Furthermore, evaluations that 

simultaneously consider prediction error metrics and the strength of statistical relationships are still 

rarely reported. 

Based on these considerations, this study aims to develop and compare simple and multiple 

linear regression models for predicting monthly rainfall in Batam City. The SLR models use either 

air temperature or relative humidity as the predictor variable, whereas the MLR model integrates both 

variables simultaneously as predictors. The performance of all models is evaluated using Root Mean 

Square Error (RMSE) and the Pearson correlation coefficient to determine the model with the highest 

prediction accuracy. This study provides new insights into the relative predictive roles of temperature 

and relative humidity in monthly rainfall forecasting based on 25 years of climatological observations 

from Batam, a tropical maritime environment that remains insufficiently explored in Indonesia. 

 

METHOD 

Study Area 

This study was conducted in the Batam area, particularly around Hang Nadim International 

Airport, which functions as a major air transportation center in the Riau Islands. The area serves as 

an important gateway for tourism and business activities in Batam City. Consequently, weather 

dynamics and rainfall variability in this region directly influence transportation activities, tourism, 

and local communities. In addition, the study area is situated within a tropical coastal environment 

http://www.unipasby.ac.id/
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influenced by atmosphere–ocean interactions, resulting in distinctive climatic characteristics with 

relatively high rainfall variability. 

The study area is located near major transportation activity centers and rapidly developing 

coastal tourism areas. These geographical conditions make the area representative of Batam City’s 

microclimatic characteristics, particularly with respect to weather variability and rainfall patterns in 

tropical coastal environments. Such characteristics also make this area important for climatological 

studies and the development of rainfall prediction models that support various strategic sectors in 

Batam City. Furthermore, the location of the study area in Batam City is presented in Figure 1. 

 

 
Figure 1. Study area map 

 

Data Collection and Preprocessing 

This study used secondary climatological data provoded by the Indonesia Agency of 

Meteorology, Climatology, and Geophysics (BMKG) and accessed via the BMKG Data Online Portal 

(https://dataonline.bmkg.go.id/). The observational data were collected from Hang Nadim 

Meteorological Station over a 25-year period from 2000 to 2024. The climatological parameters 

analyzed in this study consisted of total monthly rainfall, monthly average air temperature, and 

monthly average relative humidity. In this study, total monthly rainfall was used as the dependent 

variable (𝑌), while monthly average air temperature and monthly average relative humidity were 

used as independent variables, represented as 𝑋1 and 𝑋2, respectively. 

Total monthly rainfall was calculated from the cumulative daily rainfall recorded over each 

month, whereas air temperature and relative humidity were derived from the monthly averages of 

daily observations. Climatological data from 2000 to 2023 were used as training data for developing 

the linear regression models, while data from 2024 were used independently as validation data to 

evaluate the predictive performance of the models under actual conditions. 

http://www.unipasby.ac.id/
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Prior to model development, all data underwent preprocessing steps, including data cleaning, 

consistency verification, and aggregation at the monthly scale. During the data quality assessment, 

several missing daily observations were identified, primarily during dry-season months when rainfall 

occurrence was minimal or absent. Because these missing records occurred predominantly under low-

rainfall conditions, their contribution to total monthly rainfall was considered negligible and therefore 

did not significantly affect the monthly rainfall totals used in the analysis. Because ordinary least 

squares regression is scale-invariant, normalization or scaling of the predictor variables was not 

required for model estimation, and all climatological variables were retained in their original units. 

These steps were conducted to ensure data quality and minimize potential bias arising from 

incomplete, inconsistent, or non-uniform data. The preprocessing stage also aimed to produce a more 

representative dataset suitable for linear regression analysis of rainfall prediction in the study area. 

 

Linear Regression Modeling 

Linear regression models are statistical approaches widely used in climatology to quantitatively 

represent the relationship between rainfall and atmospheric parameters [5], [12], [13]. In this study, 

total monthly rainfall was treated as the dependent variable (𝑌), while air temperature and relative 

humidity were used as predictor variables. The methods employed in this study consisted of simple 

linear regression (SLR) and multiple linear regression (MLR). The SLR model employed a single 

predictor [13], [19], namely either air temperature or relative humidity, whereas the MLR model 

simultaneously incorporated both variables [5], [19] to predict rainfall. 

Linear regression was selected because it provides an interpretable baseline model and allows 

direct evaluation of the individual and combined effects of air temperature and relative humidity on 

rainfall variability. Furthermore, the primary objective of this study was to assess the statistical 

relationships between these climatological variables and monthly rainfall rather than to maximize 

predictive accuracy through more complex nonlinear or machine learning approaches. Therefore, 

linear regression was considered an appropriate method for investigating the influence of atmospheric 

parameters on rainfall variability in the study area. Mathematically, the SLR model can be expressed 

as [20], [21] 

𝑌 = 𝛽0 + 𝛽1𝑋 , (1) 

where 𝑋 represents either air temperature or relative humidity. Meanwhile, the MLR model is defined 

as [13], [22] 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 , (2) 

where 𝑋1 and 𝑋2 represent air temperature and relative humidity, respectively. The parameter 𝛽0 

denotes the intercept, whereas 𝛽1 and 𝛽2 are the regression coefficients. Prior to interpreting the MLR 

model, multicollinearity among the predictor variables was assessed using the Variance Inflation 

Factor (VIF) [19], [22]. Furthermore, a statistical significance testing of the individual regression 

coefficients (𝛽1 and 𝛽2) was conducted using a two-tailed t-test to evaluate the reliability and 

contribution of each meteorological predictor to the model [19], [22]. 

The linear regression models were developed separately for each month using climatological 

data collected between 2000 and 2023. This monthly modeling approach was adopted to account for 

the distinct seasonal characteristics of rainfall, temperature, and relative humidity throughout the year. 

By developing separate models for each month, the analysis implicitly accommodated seasonal 
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variability without requiring an explicit seasonality decomposition procedure. This approach was 

applied to ensure that the relationship between rainfall and atmospheric parameters could be 

represented in accordance with the seasonal characteristics of each month. Subsequently, rainfall in 

2024 was predicted by substituting the actual 2024 air temperature and relative humidity values into 

the obtained regression equations. Therefore, the performance of the linear regression models 

developed in this study could be evaluated. 

 

Model Evaluation Metrics 

Evaluation of prediction model performance is essential to ensure the reliability and accuracy 

of the models developed in this study. In regression-based prediction, two evaluation metrics 

commonly used are the Root Mean Square Error (RMSE) and the Pearson correlation coefficient [13], 

[23], [24]. The RMSE value quantifies the average magnitude of prediction errors relative to the 

observed data. Meanwhile, the Pearson correlation coefficient is used to assess the strength and 

direction of the linear relationship between predicted and observed values [13], [23], [24]. 

Collectively, these two metrics provide complementary information for evaluating the accuracy and 

consistency of prediction models. The RMSE value is defined as [23], [24] 

𝑅𝑀𝑆𝐸 = √∑
(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑛

𝑖=1

 , (3) 

where 𝑦𝑖 represents the observed value, 𝑦̂𝑖 denotes the predicted value, and 𝑛 indicates the number 

of observations. A smaller RMSE value indicates better prediction accuracy because it reflects a 

smaller deviation between observed and predicted values [13], [25]. Futhertmore, the Pearson 

correlation coefficient (𝑟) is formulated as [26] 

𝑟 =
∑(𝑦

𝑖
− 𝑦̅)(𝑦̂

𝑖
− 𝑦̅̂)

√∑(𝑦
𝑖

− 𝑦̅)
2

∑(𝑦̂
𝑖

− 𝑦̅̂)
2

 , 
(4) 

where 𝑦̅ and 𝑦̅̂ represent the mean values of the observed and predicted data, respectively. 

The Pearson correlation coefficient ranges from −1 to 1. Values approaching 1 indicate a 

strong positive relationship between predicted and observed data, whereas values approaching −1 

indicate a strong negative relationship. Meanwhile, values close to zero indicate a weak linear 

relationship [5], [23]. Furthermore, the interpretation of relationship strength based on the Pearson 

correlation coefficient used in this study is presented in Table 1. 

 

Table 1. Interpretation of Pearson correlation coefficient values [5], [27] 

No. Interval Criteria 

1 0.00 – 0.19 Very Weak 

2 0.20 – 0.39 Weak 

3 0.40 – 0.59 Moderate 

4 0.60 – 0.79 Strong 

5 0.80 – 1.00 Very Strong 
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In addition to RMSE and Pearson correlation coefficient, residual analysis was performed to further 

evaluate the adequacy of the developed linear regression models. Residuals represent the differences 

between observed and predicted rainfall values and are calculated as [28] 

𝑒𝑖 = 𝑦𝑖 − 𝑦̂𝑖 , (5) 

where 𝑦𝑖 denotes the observed rainfall value and 𝑦̂𝑖 represents the corresponding predicted value. 

Residual plots were subsequently examined to assess the distribution of prediction errors [28]. A 

random scatter of residuals around the zero-reference line without discernible systematic patterns 

indicates that the linear regression models adequately represent the relationship between the predictor 

variables and rainfall. Moreover, the relatively constant spread of residuals suggests no apparent 

evidence of heteroscedasticity, indicating that the assumption of homoscedasticity is reasonably 

satisfied [28], [29]. Furthermore, to formally validate the statistical inferences, the normality of these 

regression residuals was rigorously assessed using the Shapiro-Wilk test paired with a visual 

evaluation via a normal Quantile-Quantile (Q-Q) plot [28], [30]. 

 

Research Workflow 

To provide a systematic overview of the research stages conducted in this study, the research 

workflow, starting from data collection, preprocessing, regression model development, and model 

evaluation, is presented in Figure 2. 

 
Figure 2. Research workflow of the study 
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RESULT AND DISCUSSION  

Descriptive Statistics 

Descriptive statistics for the three meteorological variables, total monthly rainfall (𝑌), monthly 

average air temperature (𝑋1), and monthly average relative humidity (𝑋2), are presented in Table 2. 

These statistics were derived from climate observations recorded at the Hang Nadim Meteorological 

Station in Batam over the 2000–2023 period, comprising 288 monthly observations. The table 

provides a comprehensive summary of the data, including the number of observations (𝑁), mean, 

standard deviation (SD), variance, as well as the maximum and minimum values for each parameter 

to illustrate the climatic characteristics of the study area. 
 

Table 2. The descriptive statistics of data (2000-2023) 

Variable N Mean SD Variance Max Min 

𝒀 288 181.36 131.77 17363.17 989.50 0.00 

𝑿₁ 288 27.41 0.62 0.39 29.16 26.05 

𝑿₂ 288 82.98 2.69 7.22 88.71 74.52 
 

The descriptive statistics indicate that rainfall in Batam exhibits high variability, as reflected by a 

standard deviation of 131.77. In contrast, air temperature and relative humidity exhibit relatively low 

variability, consistent with the stable maritime tropical climate in Batam. 
 

Regression Model Analysis 

Based on daily data collected over the 2000–2023 period, linear regression analysis was 

performed separately for each month. Two approaches were applied: simple linear regression models 

using either air temperature (𝑋1) or relative humidity (𝑋2) individually as predictors, and a multiple 

linear regression model incorporating both variables simultaneously as predictors. This approach 

enables a comparison of the performance of each model in predicting monthly rainfall during 2024. 

The calculated regression coefficients are formulated as monthly mathematical equations. The 

general forms of the three regression models (𝑋1, 𝑋2, and 𝑋1 & 𝑋2) used in the prediction process are 

summarized in Table 3. 
 

Table 3. Linear regression equations for monthly rainfall prediction in Batam City, 2024 

Linear Regression Equations 

Month 
Temperature 

Predictor (𝑿₁) 

Humidity Predictor 

(𝑿₂) 

Temperature & Humidity 

Predictors (𝑿₁ & 𝑿₂) 

January 𝑌 = 3686.67 – 128.20𝑋1 𝑌 = – 3831.45 + 49.68𝑋2 𝑌 = – 3448.03 – 9.88𝑋1 + 48.24𝑋2 

February 𝑌 = – 215.87 + 10.45𝑋1 𝑌 = – 1164.65 + 15.49𝑋2 𝑌 = – 3324.07 + 61.84𝑋1 + 21.48𝑋2 

March 𝑌 = 3574.37 – 123.56𝑋1 𝑌 = – 2370.39 + 31.30𝑋2 𝑌 = – 2714.05 + 8.22𝑋1 + 32.75𝑋2 

April 𝑌 = 1878.93 – 61.96𝑋1 𝑌 = – 1110.82 + 15.28𝑋2 𝑌 = 1106.06 – 47.40𝑋1 + 4.44𝑋2 

May 𝑌 = 506.94 – 11.20𝑋1 𝑌 = – 477.96 + 8.03𝑋2 𝑌 = – 1886.88 + 35.11𝑋1 + 13.13𝑋2 

June 𝑌 = 2291.30 – 76.71𝑋1 𝑌 = – 1942.91 + 25.19𝑋2 𝑌 = – 3139.60 + 29.26𝑋1 + 29.81𝑋2 

July 𝑌 = 1735.78 – 57.45𝑋1 𝑌 = – 1738.38 + 22.66𝑋2 𝑌 = – 4695.64 + 64.53𝑋1 + 36.83𝑋2 

August 𝑌 = 866.33 – 25.74𝑋1 𝑌 = – 958.98 + 13.47𝑋2 𝑌 = – 4293.67 + 75.70𝑋1 + 28.62𝑋2 

September 𝑌 = 2451.45 – 83.83𝑋1 𝑌 = – 1464.08 + 19.40𝑋2 𝑌 = – 597.29 – 20.35𝑋1 + 15.70𝑋2 

October 𝑌 = 4827.28 – 168.89𝑋1 𝑌 = – 3049.97 + 38.99𝑋2 𝑌 = – 1842.61 – 113.50𝑋1 + 17.60𝑋2 

November 𝑌 = 2915.00 – 98.43𝑋1 𝑌 = – 2520.21 + 32.50𝑋2 𝑌 = – 132.19 – 55.67𝑋1 + 22.18𝑋2 
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December 𝑌 = 4073.41 – 141.43𝑋1 𝑌 = – 2075.69 + 27.73𝑋2 𝑌 = 2548.34 – 118.03𝑋1 + 10.61𝑋2 

 

Linear regression equations used to predict rainfall (𝑌) based on air temperature (𝑋1) and relative 

humadity (𝑋2) reveal distinct atmospheric relationships within Batam’s local climate system. The 

regression coefficients for temperature vary across months and are often negative, indicating that 

higher air temperature is associated with reduced rainfall under certain atmospheric stability 

conditions. This pattern is particularly evident in months such as October and December, when 

stronger surface heating may suppress local condensation processes. In contrast, the regression 

coefficients for relative humidity remain consistently positive throughout all twelve months, 

demonstrating that higher atmospheric moisture availability strongly supports cloud formation and 

precipitation. These monthly variations in the regression coefficients reflect the dynamic 

characteristics of Batam’s maritime tropical climate. 

Following the presentation of the complete set of MLR models in Table 3, a multicollinearity 

test using the Variance Inflation Factor (VIF) along with individual parameter significance testing via 

t-test was performed for each monthly model. This analysis was conducted to ensure model stability, 

evaluate the reliability of individual regression coefficients, and to verify that the predictor variables 

(𝑋1 and 𝑋2) did not exhibit strong intercorrelations prior to interpreting the regression equations. If 

strong correlations exist between the independent variables, the resulting regression coefficient 

estimates may become unstable and unreliable. The calculated regression coefficients, t-statistics, p-

values, and their corresponding Variance Inflation Factor (VIF) values for each month are 

summarized in Table 4. 

 

Table 4. Regression Coefficients, Multicollinearity, and 𝑡-Test Significance Results 

Month Predictor Coefficient t-Stat P-value VIF 

January 

(Intercept) -3448.03 -1.29 0.21  

Temperature (𝑋1) -9.88 -0.16 0.88 1.56 

Humidity (𝑋2) 48.24 3.11 0.01 1.56 

February 

(Intercept) -3324.07 -2.60 0.02  

Temperature (𝑋1) 61.84 1.82 0.08 1.30 

Humidity (𝑋2) 21.48 3.14 0.01 1.30 

March 

(Intercept) -2714.05 -0.79 0.44  

Temperature (𝑋1) 8.22 0.10 0.92 3.41 

Humidity (𝑋2) 32.75 1.96 0.06 3.41 

April 

(Intercept) 1106.06 0.45 0.66  

Temperature (𝑋1) -47.40 -0.93 0.36 4.00 

Humidity (𝑋2) 4.44 0.33 0.75 4.00 

May 

(Intercept) -1886.88 -0.79 0.44  

Temperature (𝑋1) 35.11 0.61 0.55 2.05 

Humidity (𝑋2) 13.13 1.13 0.27 2.05 

June 
(Intercept) -3139.60 -1.84 0.08  

Temperature (𝑋1) 29.26 0.73 0.47 2.28 
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Humidity (𝑋2) 29.81 3.53 0.00 2.28 

July 

(Intercept) -4695.64 -2.24 0.04  

Temperature (𝑋1) 64.53 1.45 0.16 3.66 

Humidity (𝑋2) 36.83 3.21 0.00 3.66 

August 

(Intercept) -4293.67 -2.50 0.02  

Temperature (𝑋1) 75.70 1.99 0.06 3.44 

Humidity (𝑋2) 28.62 3.17 0.00 3.44 

September 

(Intercept) -597.29 -0.21 0.84  

Temperature (𝑋1) -20.35 -0.31 0.76 3.80 

Humidity (𝑋2) 15.70 1.13 0.27 3.80 

October 

(Intercept) 1842.61 0.49 0.63  

Temperature (𝑋1) -113.50 -1.36 0.19 2.46 

Humidity (𝑋2) 17.60 0.86 0.40 2.46 

November 

(Intercept) -132.19 -0.04 0.97  

Temperature (𝑋1) -55.67 -0.71 0.48 1.56 

Humidity (𝑋2) 22.18 0.92 0.37 1.56 

December 

(Intercept) 2548.34 0.54 0.60  

Temperature (𝑋1) -118.03 -1.07 0.30 1.47 

Humidity (𝑋2) 10.61 0.37 0.71 1.47 

 

To rigorously assess the individual contribution of each meteorological variable within the regression 

models, a detailed evaluation of the model parameters listed in Table 4 was conducted. When 

evaluating the individual significance of the predictors via t-test, Relative Humidity (𝑋₂) emerges as 

the most dominant and statistically reliable driver for monthly rainfall in Batam. It exhibits significant 

positive impacts (𝑝 < 0.05) across multiple months, specifically January (𝑡 = 3.11), February (𝑡 =

3.14), June (𝑡 = 3.53), July (𝑡 = 3.21), and August (𝑡 = 3.17), demonstrating that atmospheric 

moisture availability plays a critical role in precipitation variance. 

In contrast, Air Temperature (𝑋₁) shows weaker direct linear significance on a monthly basis, 

only reaching marginal significance (𝑝 < 0.10) during February (𝑡 = 1.82) and August (𝑡 = 1.99). 

To ensure the statistical validity of these regression coefficients, a multicollinearity test was evaluated 

based on the Variance Inflation Factor (VIF). The VIF values for all months consistently range from 

1.30 to 4.00, which is substantially lower than the conservative critical threshold of 10, confirming 

that no problematic intercorrelations exist between air temperature and relative humidity [19], [22]. 

 

Rainfall Prediction for 2024 

The linear regression equation used to predict rainfall (𝑌) based on air temperature (𝑋1) and 

relative humidity (𝑋2) is a multiple linear regression model that incorporates more than one 

independent variable. By incorporating both variables simultaneously, the model is expected to 

provide more accurate rainfall estimates than simple linear regression models, which use only a single 

explanatory variable. After obtaining the linear regression equations for each month, the next step is 
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to calculate the predicted total monthly rainfall for the year 2024. This calculation is performed by 

substituting the actual air temperature and humidity values of 2024 into the established regression 

models. The resulting monthly rainfall predictions are then presented in Table 5. 

 

Table 5. Predicted total monthly rainfall (mm) in Batam City, 2024 

Predicted Total Monthly Rainfall (mm) 

Month 
Temperature

Predictor 
Humidity Predictor 

Temperature & 

Humidity Predictors 

January 226 467 459 

February 79 66 131 

March 6 95 103 

April 77 128 88 

May 189 214 240 

June 143 188 201 

July 84 92 134 

August 148 178 233 

September 105 178 161 

October 79 260 145 

November 213 316 275 

December 100 173 93 

 

The predicted total monthly rainfall for 2024 obtained from the linear regression models was 

subsequently compared with the actual data provided by BMKG. The comparison indicates that the 

model using both air temperature and relative humidity as predictors produces estimates that most 

closely match the observed conditions. This is reflected in the consistency between the predicted 

patterns and the observed data trends, particularly during months with high rainfall such as January 

and May. To support these findings, three graphical visualizations are presented to compare the 

performance of each model with the observed data. 

 

 
Figure 3. Comparison of predicted total monthly rainfall using air temperature as a predictor with 

observed data at Hang Nadim Meteorological Station in 2024 
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The monthly rainfall prediction results derived using air temperature as the sole predictor variable are 

presented in Figure 3. In general, the model exhibits relatively large deviations from the observed 

data, particularly during months with high rainfall. In January and May, the predicted values are 

significantly lower than the actual data, indicating substantial underprediction. Conversely, in July, 

when the observed rainfall is very low (47 mm), the model produces a higher prediction (84 mm), 

indicating overestimation. These discrepancies highlight the limitations of using air temperature as a 

single predictor in representing the complex variability of rainfall in tropical regions. Consequently, 

the relationship between temperature and rainfall cannot be consistently assumed to be linear 

throughout the year. Therefore, incorporating additional climatological variables, such as relative 

humidity, is necessary to improve the predictive accuracy of the models. 

 

 
Figure 4. Comparison of predicted total monthly rainfall using relative humidity as a predictor with 

observed data at Hang Nadim Meteorological Station in 2024 

 

Figure 4 shows the results of monthly rainfall predictions using air humidity as the sole predictor 

variable. In general, this model demonstrates more stable performance compared to the model that 

uses only air temperature, although notable discrepancies still occur in several months. In January, 

the predicted value (467 mm) is relatively close to the observed data (487 mm), indicating a fairly 

accurate estimate. However, in February and March, significant underprediction occurs, with 

differences approaching 100 mm. In contrast, the model tends to overestimate rainfall in October and 

November, particularly in October, where the predicted value (260 mm) exceeds the observed value 

(154 mm). Nevertheless, relative humidity generally captures monthly rainfall variability more 

effectively than air temperature because of its more direct influence on condensation processes and 

cloud formation. 

In contrast to Figures 3 and 4, which present monthly rainfall predictions using simple linear 

regression (SLR) models, Figure 5 illustrates monthly rainfall predictions generated using a multiple 

linear regression (MLR) model with air temperature and relative humidity as predictor variables. In 

general, this model demonstrates more accurate and consistent performance compared to single-

variable models, with relatively small deviations from the observed data. In January, the predicted 
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value (459 mm) is close to the actual data (487 mm), and a similar pattern is observed in November 

(275 mm compared to 294 mm), reflecting the model’s ability to follow seasonal rainfall patterns. 

Although some discrepancies remain in certain months, such as March and July, the overall prediction 

trend aligns well with the observed rainfall variability, increasing during the wet season and 

decreasing during the dry season. This indicates that combining air temperature and humidity enables 

the model to capture climate dynamics more representatively, resulting in more realistic rainfall 

estimates for tropical regions such as Batam City. 

 

 
Figure 5. Comparison of predicted total monthly rainfall using air temperature and humidity as 

predictors with observed data at Hang Nadim Meteorological Station in 2024 

 

Statistically, the performance of each regression model was evaluated using the Root Mean Square 

Error (RMSE) and the Pearson correlation coefficient (𝑟). The temperature-based SLR model 

produced an RMSE of approximately ±138 mm with a correlation coefficient of 𝑟 = 0.737, 

indicating a moderately strong relationship but relatively large prediction deviations. The humidity-

based SLR model showed improved performance, with an RMSE of approximately ±85 mm and 𝑟 =

0.759, reflecting a stronger and more stable relationship. Among all models, the MLR model 

combining temperature and humidity achieved the best performance, yielding the lowest RMSE (±74 

mm) and the highest correlation coefficient (𝑟 = 0.855). Based on the correlation interpretation 

presented in Table 1, this result indicates a very strong relationship between the predicted and 

observed rainfall values. 

The superior performance of the combined regression model can be explained from a 

climatological perspective. Temperature influences the evaporation process, while humidity reflects 

the atmosphere’s capacity to retain water vapor before it condenses into precipitation. When these 

two variables are considered simultaneously, they provide complementary information about 

atmospheric conditions, thereby significantly enhancing predictive capability for rainfall. These 

findings are consistent with previous studies conducted in several regions of Indonesia, including 

Pontianak and Sleman [14], [15], which reported that regression models incorporating multiple 

predictors yield more accurate rainfall predictions than models based on a single predictor. 
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Nevertheless, studies from Mojokerto, Southern Bali, and Deli Serdang reported different levels of 

influence of temperature and humidity on rainfall [5], [13], [18], suggesting that the effectiveness of 

these predictors depends on local climatic characteristics. 

This regional variability highlights the importance of evaluating predictor performance within 

specific climatic settings. In the case of Batam, the superior performance of the MLR model indicates 

that temperature and relative humidity jointly provide a more effective representation of rainfall 

variability in a tropical maritime environment. To further support this interpretation, the residual plots 

in Figure 6 were examined to assess the statistical adequacy of the competing regression models. The 

random distribution of residuals around the zero reference line, without discernible systematic 

patterns, indicates that the assumptions of linearity and homoscedasticity are reasonably satisfied. In 

addition, the more compact residual distribution of the MLR model indicates smaller prediction errors 

and greater stability, further supporting its superior predictive performance. 

 

 

 
Figure 6. Residual plots for monthly rainfall prediction at Hang Nadim Meteorological Station 

(2000–2024): simple linear regression models with (a) air temperature and (b) relative humidity as 

predictors, and (c) a multiple linear regression model incorporating both predictors. 

 

To formally ensure the validity of the parametric inferences, the normality of the model residuals was 

evaluated using a combination of the Shapiro-Wilk test and a visual inspection via a master normal 

Q-Q plot (Figure 7). Statistically, the monthly Shapiro-Wilk test results revealed that several months 

perfectly satisfy the strict normality assumption (𝑝 > 0.05), such as April (𝑊 = 0.987, 𝑝 = 0.9858), 

May (𝑊 = 0.966, 𝑝 = 0.567), June (𝑊 = 0.962, 𝑝 = 0.470), and October (𝑊 = 0.949, 𝑝 =

0.259). Although marginal deviations (𝑝 < 0.05) are formally observed in highly dynamic months 

(a) (b) 

(c) 
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like December due to the inherent high variability and extreme localized convective rainfall in Batam, 

the overall structural adequacy of the model remains robust. 

This is strongly confirmed by the master Q-Q plot in Figure 7, where the joint residual data 

points across the entire multi-year period tightly cluster and closely align along the 45-degree linear 

reference line. This collective visual alignment demonstrates that the regression residuals are 

symmetrically distributed without major systematic distortions, thereby confirming that the 

regression coefficients, t-test significance, and subsequent climate interpretations in this study are 

statistically stable, reliable, and unbiased. With all fundamental classical linear regression 

assumptions thoroughly validated and satisfied, the detailed statistical outputs presented in Table 4 

can now be confidently interpreted, structurally aligning with the empirical finding that relative 

humidity exerts a far more dominant influence on monthly rainfall variability compared to air 

temperature. 

 

 
Figure 7. Normal Q-Q plot of the multiple linear regression model residuals across all monthly 

periods. 

 

Furthermore, rainfall dynamics in Batam are influenced not only by local conditions but also by global 

climate phenomena such as El Niño and Indian Ocean Dipole (IOD). A study conducted in Batam 

found that fluctuations in sea surface temperature and wind speed associated with the IOD 

significantly influence precipitation patterns in the region [31]. During the positive phase of the IOD, 

reduced moisture transport from the ocean suppresses atmospheric moisture availability, resulting in 

decreased rainfall. Conversely, during negative or neutral IOD phases, atmospheric humidity 

increases, enhancing the likelihood of rainfall. This is consistent with the observed monthly data 

during the wet season. 

Nevertheless, extreme climate events such as El Niño and strong IOD episodes may contribute 

to deviations between observed and predicted rainfall during certain years. These large-scale climate 

anomalies can alter regional atmospheric circulation, moisture transport, and rainfall distribution 

patterns beyond the variability captured by local temperature and relative humidity alone, thereby 

affecting the strength of the regression relationships. In addition, lower predictive performance during 

transitional seasons may be associated with local convective processes that are not fully represented 

by the selected predictor variables. During these periods, rainfall formation is often influenced by 
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short-term atmospheric instability, cloud development, and localized weather systems, introducing 

additional variability that cannot be entirely captured by the regression model. Consequently, 

prediction errors may increase under anomalous climatic conditions and during months characterized 

by highly dynamic atmospheric processes. 

From a practical perspective, the validity of this predictive model is not only relevant in a 

climatological context but also provides potential benefits for economic sectors such as tourism. 

Batam City, as a coastal area, heavily relies on outdoor tourism activities. Therefore, monthly weather 

predictions may support the development of promotional strategies and risk mitigation planning. In 

general, weather conditions can influence tourism activity, particularly in coastal destinations where 

many activities depend on favorable outdoor conditions. In this context, the integration of 

climatological data into tourism management may help policymakers develop more adaptive, data-

driven promotional strategies. 

 

CONCLUSION 

Analysis of monthly rainfall data for Batam City in 2024 indicates that the multiple linear 

regression (MLR) model using air temperature and relative humidity as predictors provides more 

accurate rainfall predictions than the simple linear regression (SLR) model. This model shows a 

strong agreement with observational data, particularly during months with high rainfall, such as 

January and November. Consistent with this finding, it produced the lowest RMSE value (±74 mm) 

and the highest Pearson correlation coefficient (𝑟 = 0.855). In contrast, the model based solely on air 

temperature yields the lowest predictive accuracy, as evidenced by the highest RMSE (±138 mm) 

and the lowest Pearson correlation coefficient (𝑟 = 0.737). These results indicate greater deviations 

between the predicted and observed rainfall values across several months. Meanwhile, the model 

based on relative humidity as a single predictor yields more consistent results, particularly in January, 

November, and December. This model achieves a lower RMSE (±85 mm) and a higher Pearson 

correlation coefficient (𝑟 = 0.759), indicating a more stable contribution of humidity to rainfall 

variability than air temperature. 

Overall, this study indicates that air temperature and relative humidity predictors can 

effectively represent the dynamics of monthly rainfall in coastal areas such as Batam City. These 

findings provide useful information to support climate adaptation planning and strengthen disaster 

risk reduction strategies in tropical coastal regions such as Batam. Nevertheless, the model is limited 

by its reliance on only two predictor variables and by the use of linear regression, which may not fully 

capture the nonlinear nature of climate–rainfall relationships. Therefore, the model's accuracy can be 

further improved by incorporating additional climatological variables, such as wind direction and 

speed, sea surface temperature, or air pressure. Furthermore, integrating machine learning or hybrid 

forecasting approaches may better capture complex climate dynamics and improve rainfall prediction 

accuracy. 
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