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ABSTRACT

Prediction of rainfall events in a region is important for many aspects
of life. However, the majority of datasets that predict rainfall events
have an unbalanced distribution of observations in their classes,
including the Prabumulih city dataset, South Sumatra. DTID3
provides very satisfactory performance in many cases of prediction,
while the Smote technique is useful for balancing the distribution of
data classes. This study aims to compare the performance of the
DTID3 and DTID3-Smote methods in predicting rainfall events in
Prabumulih City. The main contribution of this study compared to
previous studies is that the DTID3 and Smote methods are used
together to predict rainfall events, especially in Prabumulih City.
Using training data from 2017-2022 and test data from 2023, the
results show that the DTID3-Smote method has a better performance
measure than the decision tree method in predicting rainfall events
in Prabumulih City. In the decision tree method, the accuracy,
precision, recall, specificity, and fl-score metrics are 73.56%,
81.91%, 50.94%, 91.22%, and 62.81%, respectively. In the decision
tree-SMOTE method, the values are respectively 74.66%, 82.61%,
53.44%, 91.22%, and 64.9%.

This is an open access article under the CC-BY-SA license.

55-70.

Introduction

DTID3 is a decision tree method based on the Iterative Dichotomiser 3 (ID3) algorithm (Huang &
Wang, 2024). DTID3 requires categorical data to determine the probability of determining entropy.
Discretization is a technique that transforms numeric data into categorical types (Garcia et al.,
2015), (Dougherty et al., 1995). DTID3 is a nonparametric classification method that uses a tree
structure representation in making decisions (Matzavela & Alepis, 2021). The branching at each
node represents the decision of a variable being the first category or another category (Taha Jijo &
Mohsin Abdulazeez, 2021). Each decision is determined based on the gain (Mienye & Jere, 2024).
The application of this method in many cases provides very satisfactory performance with metric
values of more than 90%. Some examples are the research of Prasad et al, 2025 (rainfall
prediction), Kresnawati et al., 2024 (degenerative diseases), Yani & Resti, 2024 (plastic types),
Price etal., 2025, Noeman et al., 2022, Deng, 2020 (weather events), Resti et al., 2022 (corn diseases
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and pests), Chandra et al.,, 2023 (air quality), Nicholas et al., 2025, Sondos Jameel Mukhyber, 2025,
Amokun et al.,, 2024, Vijaya Saraswathi et al., 2022, (heart disease), Xiang et al., 2020 (precipitation
prediction).

In the case of classification or prediction of observations into certain classes, cases are often
encountered where the distribution of observations is not balanced between classes, this imbalance
between classes can affect the prediction results (Tholke et al., 2023). Ignoring the problem of class
imbalance results in prediction results skewing towards the majority class (Kumar et al., 2021).
The accuracy of predictions for minority classes is very important because inaccurate predictions
can be fatal or result in very expensive costs (Abdulazeez et al., 2023). Imbalanced data can be
found in many cases such as coronary heart disease (Mondal et al., 2025), credit card fraud
(Breskuviené & Dzemyda, 2024), air quality (Chandra et al.,, 2023), breast cancer (Walsh & Tardy,
2023), educational data mining (Wongvorachan et al., 2023), child occupant crash injury severity
(Abdulazeez et al., 2023), and financial statement fraud (Cheng et al., 2022). The Smote method is
a resampling method that balances the minority class by adding observations so that they are the
same as the number of observations in the majority class (Husain et al., 2025). This method
synthesizes new samples from the minority class by identifying vectors between samples from the
minority class and samples from selected neighbors (Zhang et al., 2024). Several studies have
shown that applying Smote to imbalanced data can improve classification performance, including
decision tree methods (Chandra et al., 2023).

Rain event data in Prabumulih City is one of the datasets that have an imbalanced class
distribution. Predicting rain events in Prabumulih City is important. It considering that Prabumulih
City is one of four cities in South Sumatra Province where most of the land is used for agriculture
and plantations (Pratiwi et al., 2021). Although many studies use DTID3 or SMOTE, but are used
separately, very few studies combine both for weather prediction in a local context such as
Prabumulih City. Therefore, this study aims to compare the performance of the decision tree
method and the decision tree method combined with the Smote method (decision tree-Smote) in
predicting rain events in Prabumulih City.

Method
The data used in this study is secondary data in the period from January 1, 2017, to December 31,
2023, obtained from https://www.visualcrossing.com/weather/weather-data-services. The datais
data on rainfall events in Prabumulih City with sixteen predictor variables as presented in Table 1.
These variables are meteorological factors that commonly influence rain events (Sasanya et al,,
2022).

Table 1. Predictor and target variables

Variable  Name Information Name Information
Max. Temperature (X;) 25-43°C Visibility (Xy) 1-10 Nm
Min. Temperature (X,) 19.3-27°C UV Index (X;p) 1.2-27.2Wp
Ave. Temperature (X3) 24 -30.2°C Solar energy (X11) 61-969%
Predictor Max. Feels like (X,) 25-50.9°C Humidity (X;,) 54-177.8 Km/h
Min. Feels like (X5) 19.3-30.6 °C Wind Speed (X;3) 24.1-35.8°C
Ave. Feels like (X;) 17.6 - 25.9 °C Cloud Layer (X14) 0-100 Octa
Dew (X7) 0-359.6°C Solar Radiation (X;5) 14.7 -315.1 Nm
Wind Direction (Xg) 1.8 -18.7 Nm Moon Phase (X;¢4) 0-0.98%
Response Rain Event (Y) No (69.6%)

Yes (30.4%)
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The stages carried out in this research are as follows:
(1) Discretize the predictor variables using the equation (Resti et al., 2022):
X4 = X4° + Range(Xy) (D
For X;° be the d-th original predictor variable. X is variable X;° which is discretized as much
as k(X,;), and:

max(X;°) — min(X;°) (2)

k(Xa)

(2) Divide the data into training data and test data. Training data for modeling is 70% (January 1,
2017 - December 31, 2022) and test data is 30% (January 1, 2023 - December 31, 2023). The
selection of 2023 data as test data is based on the fact that this data is the latest data in the
dataset.

(3) Balancing the distribution of observations between the No Rain and Rain classes on the
training data using the Smooth technique. This technique replicates the data in the minority
class so that it is balanced with the data in the majority class using equation (3) where for each
X4 apply (Zhang et al., 2024).

Range(X,;) =

Xpew=Xi+ (Xi = X;).6 (3)
(4) Membangun model prediksi menggunakan metode decision tree dan metode decision tree-
Smote. The decisions in these methods are obtained using equations (4), (5), and (6) which
are the gain G(Y,X,;), entropy for target and predictor variables, E(S(Y)) and E(X]") ,
respectively. The p; and p,, are the probabilities of the j-th class and the m-th category

respectively.
) o

GV Xa) =E(SM) = ) ~55 EED) 4)

k()
E(S(Y)) = - 2 p;j *log; p; (5)

j=1

k(Xq)
E(Xg') =- Z Pm * 1082 P (6)

m=1

(5) Make predictions using test data based on each model formed in Step 4.
(6) Form a confusion matrix for each prediction result as in Table 2.

Table 2. Confusion matrix

Prediction
Class No Rain Rain
Actual No Rain True Negatif False Positive
Rain False Negative = True Positive

(7) Calculate and compare the metric values for each confusion matrix: accuracy, precision, recall,

specificity, and F1-score.
TP + TN (7

TP + FP + TN + FN

Accuracy =
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Results and discussion

Data discretization

Precision — TP
recision =
Recall = L
T TP EN
Specificity = TN+ FP
2(PrecisionRecall)
F1 — Score =

Precision + Recall

(8)
)
(10)

(11)

Discretization uses Equation (1), with the number of categories for each predictor variable varying
according to the classifications commonly used by experts. For example, the variables temperature

and feels like are typically categorized into three groups: cold, moderate, and hot.

Table 3. Discretization of predictor variables

Variabel Category Interval Variabel Category Interval
X; 1 25X, <31 X10 1 1<X,<28
2 311 <X, £37 2 29<X,<46
3 371 < X, <43 3 47 <Xy <64
X, 1 193 <X, <219 4 6.5 < X, <8.2
2 22<X,<244 5 83<X,<10
3 245 <X, <27 X11 1 1.2 <X,,<99
X5 1 24 <X; <261 2 10 < X;, <185
2 26.2 < X; <281 3 18.6 < X1, < 27.2
3 28.2 < X; <302 X1z 1 61 <X, <73
X, 1 25<X,<336 2 73.1 < X;, <849
2 337 <X, <423 3 85< X, £969
3 424 <X, <509 Xi3 1 54 <X, <246
X 1 193 < X; <231 2 18.7 < X;, < 319
2 23.2<X; <268 3 32 <X, <4518
3 269 < X; < 30.6 4 45.19 < X;, < 58.44
X 1 241 <X, <28 5 5845 < X;, <717
2 28.1 < X, <319 6 71.8 < X;, <849
3 3191 < X, <358 7 85 <X, <98.2
X, 1 17.6 < X, < 18.64 8 983 <X, <1114
2 18.65 < X; < 19.68 9 111.45 < X, < 124.75
3 19.69 < X¢ < 20.71 10 124.76 < X,, < 138
4 20.72 < X < 21.75 11 138.1 < Xy, < 151.27
5 21.76 < X, < 22.79 12 151.28 < X;, < 164.53
6 22.8 < X, <2383 13 164.54 < X,, < 177.8
7 23.84 < X, < 24.86 X4 1 274 < X, <5013
8 24.87 < Xg < 259 2 50.14 < X;, <7286
Xg 1 0<X,<45 3 72.87 < X1, <£95.6
2 45.1 <X, <899 Xis 1 14.7 < X,5 < 114.83
3 90 < X, <1349 2 114.84 < X5 < 215
4 135 <X, <1798 3 215.1 < X;5 < 315.1
5 1799 < X, < 224.8 X6 1 0 <X, <0.245
6 2249 < X, < 269.7 2 0.246 < X;4 < 0.49
7 269.8 < X, < 314.7 3 0.491 < X;4 < 0.734
8 314.8 < X, < 359.6 4 0.736 < X;4 < 0.98
Xy 1 18<X;<6
2 6.1 < Xz <103
3 104 < Xg < 14.5
4 14.6 < X < 18.7
58 d-’ 10.12928/bamme.v5i1.13122
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Another example is the wind speed variable, which can be categorized into thirteen levels
such as calm, light air, light breeze, gentle breeze, moderate breeze, fresh breeze, strong breeze,
near gale, gale, strong gale, storm, violent storm, and hurricane. Discretization of predictor
variables in this work is given in Table 3, while the data distribution for each category in ech
predictor variable mentioned in Table 3 is presented in Table 4.

Tabel 4. Distribution of categories on predictor variables in training data

Class of target variable Class of target variable Total
Var. Cat. Total Var. Cat.
No Rain Rain No Rain Rain

Y 1369 457 1826 X0 1 7 0 7
X1 1 497 45 542 2 170 11 181

2 871 409 1280 3 456 55 511

3 1 3 4 4 533 184 717
X, 1 25 89 114 5 203 207 410

2 1270 340 1610 X1 1 112 3 115

3 74 28 102 2 832 138 970
X3 1 175 16 191 3 425 316 741

2 1090 320 1410 Xz 1 7 34 41

3 104 121 225 2 115 203 318
X4 1 70 6 76 3 908 214 1122

2 1293 446 1739 4 339 6 345

3 6 5 11 Xz 1 899 246 1145
X5 1 452 275 727 2 444 206 650

2 703 281 1099 3 19 3 22

3 0 0 0 4 4 0 4
X6 1 624 140 764 5 0 1 1

2 703 281 984 6 0 1 1

3 42 36 78 7 0 0 0
X5 1 0 2 2 8 1 0 1

2 0 0 9 0 0 0

3 1 19 20 10 0 0 0

4 5 42 47 11 1 0 1

5 47 101 148 12 0 0 0

6 492 152 644 13 1 0 1

7 734 124 858 Xis 1 35 96 131

8 90 17 107 2 901 325 1226
Xg 1 78 9 87 3 433 36 469

2 48 14 62 Xi5 1 119 3 122

3 327 247 574 2 832 138 970

4 259 112 371 3 418 316 734

5 55 6 61 Xie 1 341 105 446

6 66 8 74 2 339 122 461

7 213 37 250 3 350 99 449

8 323 24 347 4 339 131 470
Xq 1 79 35 114

2 1290 422 1712

3 0 0 0

4 0 0 0
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The probability of each predictor variable for each ‘No Rain’ and ‘Rain’ event can be obtained from
Table 4.

Class balancing using smote technique
The distribution between the No Rain and Rain classes in the training data is 74.97% and 25.03%

with a total of 1826 observations. After being balanced using the Smote technique to 50% each, the
total observations become 2738. Changes in the distribution of each class in the training data that
has been balanced using the Smote formula in equation (1) are presented in Figure 1.

1369 1369 1369
457
No Rain Rain No Rain Rain
(@) (b)
Figure 1. The before (a) and the after class balancing (b) for No Rain and Rain

events.

Modeling of decision tree
Modeling using the decision tree model begins with determining the predictor variables that

become the root node. Determination of the root node of predictor variables uses the entropy and
gain values. Both values from each variable in the training data before balancing are presented in
Table 5.

Table 5. Entropy and gain of predictor variable for root node

Category of Class of target

Variable predictor variable Total p(No Rain) p(Rain)  Entropy Gain
variable No Rain  Rain

Y 1369 457 1826 0.750 0.25 0.812

X4 1 497 45 542 0.917 0.083 0.413 0.054
2 871 409 1280 0.681 0.320 0.904
3 1 3 4 0.250 0.750 0.811

X, 1 25 89 114 0.219 0.781 0.759 0.061
2 1270 340 1610 0.789 0.211 0.744
3 74 28 102 0.726 0.275 0.848

X5 1 175 16 191 0.916 0.084 0.415 0.049
2 1090 320 1410 0.773 0.227 0.773
3 104 121 225 0.462 0.538 0.996

X, 1 70 6 76 0.921 0.079 0.399 0.007
2 1293 446 1739 0.744 0.257 0.821
3 6 5 11 0.546 0.455 0.994
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Category of Class of target

Variable predictor variable Total p(No Rain) p(Rain)  Entropy Gain
variable No Rain  Rain
Xs 1 452 275 727 0.622 0.378 0.957 0.041
2 917 182 1099 0.834 0.166 0.648
3 0 0 0 0 0 0
X6 1 624 140 764 0.817 0.183 0.687 0.017
2 703 281 984 0.714 0.286 0.863
3 42 36 78 0.539 0.462 0.996
X, 1 0 2 2 0 1 0 0.128
2 0 0 0 0 0 0
3 1 19 20 0.050 0.950 0.286
4 5 42 47 0.106 0.894 0.489
5 47 101 148 0.318 0.682 0.902
6 492 152 644 0.764 0.236 0.788
7 734 124 858 0.856 0.145 0.596
8 90 17 107 0.841 0.159 0.632
Xg 1 78 9 87 0.897 0.103 0.480 0.087
2 48 14 62 0.774 0.226 0.771
3 327 247 574 0.570 0.430 0.986
4 259 112 371 0.698 0.302 0.884
5 55 6 61 0.902 0.098 0.464
6 66 8 74 0.892 0.108 0.494
7 213 37 250 0.852 0.148 0.605
8 323 24 347 0.931 0.069 0.363
Xq 1 79 35 114 0.693 0.307 0.890 0.001
2 1290 422 1712 0.754 0.247 0.806
3 0 0 0 0 0 0
4 0 0 0 0 0 0
X10 1 7 0 7 1 0 0 0.094
2 170 11 181 0.939 0.061 0.331
3 456 55 511 0.892 0.108 0.493
4 533 184 717 0.743 0.257 0.822
5 203 207 410 0.495 0.505 0.999
X11 1 112 3 115 0.974 0.026 0.174 0.088
2 832 138 970 0.858 0.142 0.590
3 425 316 741 0.574 0.427 0.984
X1z 1 7 34 41 0.171 0.829 0.659 0.177
2 115 203 318 0.362 0.638 0.944
3 908 214 1122 0.809 0.191 0.703
4 339 6 345 0.983 0.017 0.127
X3 1 899 246 1145 0.785 0.215 0.751 0.013
2 444 206 650 0.683 0.317 0.901
3 19 3 22 0.864 0.136 0.575
4 4 0 4 1 0 0
5 0 1 1 0 1 0
6 0 1 1 0 1 0
7 0 0 0 0 0 0
8 1 0 1 1 0 0
9 0 0 0 0 0 0
10 0 0 0 0 0 0
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Category of Class of target

Variable predictor variable Total p(No Rain)  p(Rain)  Entropy Gain
variable No Rain  Rain
11 1 0 1 1 0 0
12 0 0 0 0 0 0
13 1 0 1 1 0 0
Xia 1 35 96 131 0.267 0.733 0.837 0.091
2 901 325 1226 0.735 0.265 0.833
3 433 36 469 0.923 0.077 0.391
X1s 1 119 3 122 0.975 0.025 0.167 0.091
2 832 138 970 0.858 0.142 0.590
3 418 316 734 0.570 0.431 0.986
X1i6 1 341 105 446 0.765 0.235 0.787 0.002
2 339 122 461 0.735 0.265 0.834
3 350 99 449 0.780 0.221 0.761
4 339 131 470 0.721 0.279 0.854

In Table 5, it can be seen that the highest gain value is the variable X, (humidity) of 0.177 so
that the variable X, is the root node. This variable has 4 categories so that its node has 4 branches
that become nodes for the next decision (See Figure 2).

Figure 2. Branching of node X;, as root

Next, determine the branches for each first node after the root node. The following describes
the determination of branches for the 4th category at the first node after the root node (node 1.4).
The determination of branches for the other three categories is obtained in the same way. In this
4th category, there are 345 events consisting of 339 No Rain events and 6 Rain events. The entropy
and gain values for node 1.4 can be seen in Table 6.

Table 6. Entropy and gain of node X, , for category 2
Category of Class of target

Variable  predictor variable Total p(NoRain)  p(Rain) Entropy  Gain
variable No Rain Rain

Y 339 6 345 0.983 0.017 0.127

X, 1 265 6 271 0.978 0.022 0.153 0.006
2 74 0 74 1 0 0
3 0 0 0 0 0 0

X, 1 5 1 6 0.833 0.167 0.650 0.008
2 309 4 313 0.987 0.013 0.099
3 25 1 26 0.962 0.039 0.235
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Category of Class of target

Variable  predictor variable Total p(No Rain)  p(Rain)  Entropy  Gain
variable No Rain Rain
X5 1 137 2 139 0.986 0.014 0.109 0.003
2 202 4 206 0.981 0.019 0.138
3 0 0 0 0 0 0
X, 1 54 2 56 0.964 0.036 0.222 0.023
2 284 4 288 0.986 0.014 0.106
3 1 0 1 1 0 0
Xs 1 94 2 96 0.979 0.021 0.146 0.002
2 245 4 249 0.984 0.016 0.119
3 0 0 0 0 0 0
X6 1 287 6 293 0.980 0.021 0.144 0.004
2 51 0 51 1 0 0
3 1 0 1 1 0 0
X, 1 0 0 0 0 0 0 0.002
2 0 0 0 0 0 0
3 0 0 0 0 0 0
4 0 0 0 0 0 0
5 3 0 3 1 0 0
6 71 2 73 0.973 0.027 0.181
7 219 3 222 0.987 0.014 0.103
8 46 1 47 0.979 0.021 0.149
Xg 1 13 0 13 1 0 0 0.005
2 6 0 6 1 0 0
3 70 1 71 0.986 0.014 0.107
4 60 1 61 0.984 0.016 0.121
5 16 0 16 1 0 0
6 17 1 18 0.944 0.056 0.310
7 61 1 62 0.984 0.016 0.119
8 96 2 98 0.980 0.020 0.144
Xq 1 47 0 47 1 0 0 0.004
2 292 6 298 0.980 0.020 0.142
3 0 0 0 0 0 0
4 0 0 0 0 0 0
X10 1 4 0 4 1 0 0 0.012
2 85 0 85 1 0 0
3 135 2 137 0.9854 0.015 0.110
4 101 4 105 0.9619 0.038 0.234
5 14 0 14 1 0 0
X11 1 64 0 64 0 0 0 0.001
2 225 5 230 0.9783 0.022 0.151
3 50 1 51 0.9804 0.020 0.139
X3 1 218 4 222 0.982 0.018 0.130 0.001
2 113 2 115 0.9826 0.017 0.127
3 6 0 6 1 0 0
4 2 0 2 1 0 0
5 0 0 0 0 0 0
6 0 0 0 0 0 0
7 0 0 0 0 0 0
8 0 0 0 0 0 0

| Comparing the performance of DTID3 and DTID3-Smote methods (Zayanti, Eliyati, ... & Yani) 63



BAMME Vol. 5 No. 1, April 2025, pp. 55-70

Category of Class of target

Variable  predictor variable Total p(No Rain)  p(Rain)  Entropy  Gain
variable No Rain Rain
9 0 0 0 0 0 0
10 0 0 0 0 0 0
11 0 0 0 0 0 0
12 0 0 0 0 0 0
13 0 0 0 0 0 0

X1ia 1 1 1 2 0.5 0.5 1 0.026
2 168 5 173 0.9711 0.029 0.189
3 170 0 170 1 0 0

X1s 1 66 0 66 1 0 0 0.005
2 223 5 228 0.9781 0.022 0.152
3 50 1 51 0.9804 0.020 0.139

X1i6 1 93 1 94 0.9894 0.011 0.085 0.008
2 83 3 86 0.9651 0.035 0.218
3 68 0 68 1 0 0
4 95 2 97 0.9794 0.021 0.145

In Table 6, it is known that the highest gain value is owned by the variable X;, (Cloud Layer)
of 0.026. This variable has 3 categories expressed as 3 branches on the Decision tree. In category 3,
the entropy value is zero, meaning that this node is at the final node (terminal node) which indicates
that a final decision has been formed, and because the probability of a No Rain event is greater than
the probability of a Rain event, the final decision is a No Rain event (See Figure 3).

No Rain

Figure 3. Branching of node X;, for category 3.

Table 7 presents the entropy and gain for the second category of variable X;, which has a
total number of events of 173, distributed into No Rain and Rain events of 168 and 5 respectively.

Table 7. Entropy and gain of node X, , for category 2
Category of Class of target

predictor variable Total p(No Rain) p(Rain) Entropy Gain
Variable variable No Rain  Rain
Y 168 5 173 0.9711 0.0289 0.1889
X4 1 127 5 132 0.9621 0.0379 0.2325 0.0115
41 0 41 1 0 0
3 0 0 0 0 0 0
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Category of Class of target

predictor variable Total p(No Rain) p(Rain) Entropy Gain
Variable variable No Rain  Rain
X, 1 4 1 5 0.8 0.2 0.7219 0.0135
2 149 4 153 0.9739 0.0262 0.1747
3 15 0 15 1 0 0
X 1 57 2 59 0.9661 0.0339 0.2136 0.0003
2 111 3 114 0.9737 0.0263 0.1756
3 0 0 0 0 0 0
X4 1 26 2 28 0.9286 0.0714 0.3712 0.0071
2 141 3 144 0.9792 0.0208 0.1461
3 1 0 1 1 0 0
Xs 1 44 2 46 0.9565 0.0435 0.2580 0.0018
2 124 3 127 0.9764 0.0236 0.1613
3 0 0 0 0 0 0
X6 1 137 5 142 0.9648 0.0352 0.2199 0.0084
2 30 0 30 1 0 0
3 1 0 1 1 0 0
X, 1 0 0 0 0 0 0 0.0113
2 0 0 0 0 0 0
3 0 0 0 0 0 0
4 0 0 0 0 0 0
5 2 0 2 1 0 0
6 32 2 34 0.9412 0.0588 0.3228
7 104 3 107 0.9720 0.0280 0.1845
8 30 0 30 1 0 0
Xg 1 6 0 1 1 0 0 0.0094
2 5 0 11 1 0 0
3 27 1 28 0.9643 0.0357 0.2223
4 34 1 35 0.9714 0.0286 0.1872
5 11 0 11 1 0 0
6 10 0 10 1 0 0
7 32 1 33 0.9697 0.0303 0.1959
8 43 2 45 0.9556 0.0444 0.2623
Xq 1 26 0 26 1 0 0 0.0069
2 142 5 150 0.966 0.034 0.2141
3 0 0 0 0 0 0
4 0 0 0 0 0
X10 1 1 0 1 1 0 0 0.0141
2 34 0 34 1 0 0
3 65 2 67 0.9701 0.0299 0.1936
4 58 3 61 0.9508 0.0492 0.2829
5 10 0 10 1 0 0
0.0000
X1 1 23 0 23 1 0 0 2
2 113 4 117 0.9658 0.0342 0.2150
3 32 1 33 0.9697 0.0303 0.1959
Xi3 1 91 3 94 0.9681 0.0319 0.2039 0.0018
2 70 2 72 0.9722 0.0278 0.1831
3 5 0 5 1 0 0
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Category of Class of target

predictor variable Total p(No Rain) p(Rain) Entropy Gain
Variable variable No Rain  Rain
4 2 0 2 1 0 0
5 0 0 0 0 0 0
6 0 0 0 0 0 0
7 0 0 0 0 0 0
8 0 0 0 0 0 0
9 0 0 0 0 0 0
10 0 0 0 0 0 0
11 0 0 0 0 0 0
12 0 0 0 0 0 0
13 0 0 0 0 0 0
Xis 1 24 0 24 1 0 0 0.0064
2 112 4 116 0.9655 0.0345 0.2164
3 32 1 33 0.9697 0.0303 0.1959
X1i6 1 46 1 47 0.9787 0.0213 0.1485 0.0170
2 41 3 44 0.9318 0.0682 0.3591
3 36 0 36 1 0 0
4 45 1 46 0.9783 0.0217 0.1511

Table 7 shows that the variable X16 with four categories has the highest Gain of 0.017. In this
variable, the third category has an entropy of 0 which indicates that a final decision has been
formed. The probability of a No Rain event is greater than the probability of a Rain event indicating
that the final decision is a No Rain event (Figure 4).

No Rain

No Rain

Figure 4. Branching of node X;, for category 2.

Branching of each node continues in the same way until all nodes end at the terminal node
which is the decision of Rain or No Rain event, and forms a decision tree. Furthermore, the decision
tree that is formed produces If-Then rules. These rules are used to predict test data. The prediction
results are then tabulated into a confusion matrix as presented in Table 8.
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Table 8. Confusion matrix of decision tree model

Prediction
Class No Rain Rain Total
Actual No Rain 374 36 410
Rain 157 163 320
Total 531 199 730

From Table 8, itis obtained that 374 No Rain events were predicted correctly from 410 actual
No Rain events while 36 No Rain events were predicted as Rain events. 163 Rain events were
predicted correctly from 320 actual Rain events while 157 Rain events were predicted as No Rain
events. The prediction results using this decision tree model have accuracy, precision, recall,
specificity, and fl-score performance of 73.56%, 81.91%, 50.94%, 91.22%, and 62.81%,
respectively. Accuracy indicates the percentage of Rain and No Rain events that are predicted
correctly from all events. Precision is the percentage of events that are correctly Rain from all events
that are predicted as Rain. The percentage of Rain events that are predicted correctly compared to
all events that are Rain is represented by the Recall metric. Conversely, the percentage of No Rain
events that are predicted correctly compared to all events that are No Rain is represented by the
Specificity metric.

Modeling using the decision tree-Smote model is obtained in the same way but using data
that has been balanced in class distribution using the Smote technique. In this model, the predictor
variable that becomes the root node is the variable X12. However, the final prediction results are
slightly different and the difference can be seen in the confusion matrix as presented in Table 9.

Table 9. Confusion matrix of decision tree model with Smote

Prediction
Class No Rain Rain Total
Actual No Rain 374 36 410
Rain 149 171 320
Total 523 207 730

From Table 9, itis obtained that 379 No Rain events were predicted correctly from 410 actual
No Rain events while 31 No Rain events were predicted as Rain events. 164 Rain events were
predicted correctly from 320 actual Rain events while 156 Rain events were predicted as No Rain
events. The prediction results using the decision tree-SMOTE method, the accuracy, precision,
recall, specificity, and f1l-score values were 74.66%, 82.61%, 53.44%, 91.22%, and 64.9%
respectively. In predicting No Rain event, DTID3 and DTID3-Smote methods have the same
performance of 91.22%. However, in predicting Rain events, DTID3-Smote has a high performance
of 82.61%. Generally, the decision tree-Smote method has better performance than the decision
tree method in predicting rainfall events in Prabumulih City. However, the use of Smote can result
in overfitting due to synthetic data (Bunkhumpornpat et al., 2024).

The existence of this research is expected to help related parties in this case the Meteorology,
Climatology, and Geophysics Agency in predicting rain events. This agency is a Non-Ministerial
Government Institution (LPNK) of Indonesia which has the task of carrying out government duties
in the fields of meteorology, climatology, and geophysics, including rain events.
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Conclusion

Rainfall prediction is important for Prabumulih City considering that most of its area is used for
agriculture and plantations. The Prabumulih City rainfall dataset has an unbalanced distribution of
observations in its classes. DTID3 provides very satisfactory performance in many cases of
prediction, while the Smote technique is useful for balancing the distribution of data classes. The
main contribution of this study compared to previous studies is that the DTID3 and Smote methods
are used together to predict rainfall events, especially in Prabumulih City. The results show that the
DTID3-SMOTE method has better performance than the DTID3 method in predicting rainfall events
in Prabumulih City for training data is 2017-2022 and test data is 2023. This conclusion refers to
the metric measurements of accuracy, precision, recall, specificity, and f1-score. In the DTID3
method, the values of these metric measurements are 73.56%, 81.91%, 50.94%, 91.22%, and
62.81%, respectively. In the DTID3-SMOTE method, the values are 74.66%, 82.61%, 53.44%,
91.22%, and 64.9% respectively. Several other prediction methods can be used together with the
Smote method, such as naive Bayes, support vector machines, logistic regression and so on, which
are expected to provide better prediction performance.
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