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Abstract

Makassar City has a varied monsoon rainfall pattern, so rainfall prediction is an important challenge in disaster mitigation and
resource management. Data mining techniques such as classification with the Classification and Regression Trees (CART)
algorithm can be used to classify rainfall and analyze historical data, but the risk of overfitting high-dimensional data requires
dimension reduction such as Principal Component Analysis (PCA). To improve accuracy, the Output Statistics Model (MOS)
approach that combines numerical data and observations is also used. The results of dimension reduction using the Principal
Component Analysis (PCA) method showed that of the initial seven variables, only three main components were retained because
they had eigenvalues greater than 1 and were able to explain the data variance significantly. The decision tree model that was
formed resulted in an accuracy rate of 72.34% in training data. Where the model can classify most of the training data into the
correct rainfall category. In the data testing, the model was able to achieve an accuracy level of 71.43%, which shows that the
model has good generalization ability to new data and does not experience overfitting.
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1. Introduction

Data Mining It is a process of collection, the use of historical data to find order, relationship patterns in large datasets.
Output from Data Mining It can be used to make decisions in the future (Handoko et al., 2020). In data mining, the
data processing process is carried out with various techniques. One of the techniques that is often used in data mining
is classification (Wijaya & Triayudi, 2023). Classification is a simple method used to recognize a class or data model
that is then used as an approach in predicting a problem. One of the classification algorithms is the algorithm
Classification and Regression Trees (CART) (Hasanah et al., 2021).

Classification and Regression Trees (CART) are an algorithm of a decision tree technique known as Decision Trees.
CART is referred to as a statistical and nonparametric algorithm that can be described as a response variable with one
or more predictor variables. CART aims to obtain an accurate set of data as a characterization of a classification
(Pratiwi & Zain, 2014).

Large data requires larger memory and more variables, and too large data can affect computer memory usage.
Memory limitations will affect the classification performance to be suboptimal so that more input variables will result
in overfitting of the data. To overcome the data dimension that is too large, the data dimension must be reduced so
that the classification process can run properly. One way to overcome overfitting is to reduce the data dimension.

Dimension reduction is a technique to reduce multicollinearity in input variables. Dimension reduction works by
reducing the number of variables on the Dataset without omitting important information in Dataset aforementioned.
One method to reduce dimensions is Main Component Analysis (PCA) (Rumah & Basaruddin, 2011).
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Makassar City based on weather conditions and rainfall, is included in the group of areas with a temperate to tropical
climate and includes having a monsumal rainfall pattern (Nensi et al., 2016). By classifying rainfall into specific
categories, such as low, moderate, or high, decision-makers can more easily understand rainfall patterns and
implement strategic measures to mitigate the negative impacts of extreme rainfall (Juliati, 2023). However, accurate
rainfall prediction is still a challenge due to the complexity of the factors that affect it. Therefore, an effective
approach is needed to classify and predict rainfall based on available historical data. One approach that can be used is
Model Output Statistics (MOS), which combines the output of numerical models with observational data to improve
prediction accuracy (Ramadan & Septiadi, 2024).

Research related to MOS was conducted by Niswatul et al (2021) conducted research on Output Statistics Model with
Principal Component Regression (PCR), Least Square Regression (PLSR), and ridge regression. The results of the
study concluded that MOS was able to correct the forecast bias of the NWP by more than 50%. Another study by
Purnamawati et al (2022) for the prediction of bicycle users based on the weather using the CART method showed an
accuracy of 90%. The next research conducted by Musfiroh et al. (2023) is the Application of Principal Component
Analysis (PCA) and Short-Term Memory (LSTM) Methods in predicting Daily Rainfall. In this study, PCA was able
to increase accuracy in considering all parameters and choosing the effective one.

2. Literature Review

Classification and Regression Trees (CART) is one of the methods or algorithms of one of the data exploration
techniques, namely the decision tree technique. CART aims to obtain an accurate data group as a characteristic of a
classification. The resulting tree model depends on the scale of the response variable, if the data response variable is
continuous then the resulting tree model is a regression tree (regression trees) while if the response variable has a
categorical scale, the resulting tree is a classification tree (Classification Trees) (Pratiwi & Zain, 2014).

The classification tree is a method of recursive partitioning of data in a repetitive and binary manner (binary recursive
partitioning), because it always divides the data set into two partitions. Each data restriction is expressed as a node.
Selection is carried out on each node until a terminal/end node is obtained. The variable that sorts at the main node is
the most important variable in estimating the class from observation. Lewis (2000) in Yusri (2008) calls the root node
the parent node, while the fraction of the parent node is called the internal node. The final node is also referred to as
the terminal node where there is no election. The depth of the tree is calculated starting from the main node (t,) is at
depth 1, while it is at depth 2, and so on until the final node.
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Figure 1. Classification tree structure (Tanjung & Kartiko, 2017)

The application of the CART algorithm method consists of two stages, namely the formation of the classification tree,
and the pruning of the classification tree.

2.1. Formation of the Classification Tree

In the preparation of the classification tree, there are three core processes, namely the selection of sorters, the
determination of terminal nodes, and the marking of class labels as follows:
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a. Selection of Sorters

The selection of each node is carried out to obtain the sorter that has the most homogeneous variable value. Selecting
a sorter with a Gini index before it is done, it would be better to first get gain information for each node with the
formula used as follows:

GI(t) = — X' P(jIDlog,P(j|t) (1)
where:

GI(t) = Gain Information on nodes t
P(j|t) = Proportion of classes j on the knot t where j = 1,2, 3..., n, with P(j|t) = %
nj(y) = The number of observation processes in class j on Note t

n(t) = The number of observation processes in Note t

A sorting method that can measure the level of class heterogeneity of a node in the classification tree is by using the
impurity measure i(t) method. The Gini index on the t-node of the jth class can be written as follows:

i(® = T pGIO - pGlY
=25, p(lD — p*GlD
=2, p(lY — 25, p2GIY)
=1- Y-, P2(j|t) @
where:
i(t) = gini index
P(j|t) = Proportion of classes j on the knot t where j = 1,2, 3, ..., n, with P(j|t) = 22

n(t)
nj(p) = The number of observation processes in class j on Note t

n(t) = The number of observation processes in Note t

The attributes obtained from the selection results will build a set of classes called nodes or nodes. Furthermore, to
determine the goodness of split criteria which include the assessment of the selection by the s-ordinator att can also
be referred to as a decrease in heterogeneity, the formula is:

Ai(s,t) = i(t) — PLit) — Pri(tr) (3)
where:
Ai(s, t) = value goodness of split
i(t) = Heterogeneity function on nodes t
Pr = Proportion of right-node observations
P, = Proportion of left-node observations
i(ty) = heterogeneity function in the left child node
i(tg) = heterogeneity function in the right child node

For and can be calculated by entering the probability of occurrence of many objects, the formula is as follows:t; tg
“)
&)

The selection that obtained the highest results Ai(s, t) was the best sorter. The development of the tree is carried out at
the main node t; and then selected to be t, and so on t;.

right node
PR =
Data Training

Left Node

L= Data Training

b. Determination of Terminal Nodes

The determination of the node t can be a terminal node or not by selecting, if there is no decrease in heterogeneity in
the node. The criteria for determining the node can be a terminal node, namely if there is a node n > 5 and the tree
formed will stop if it has reached the level specified in the maximum tree criterion.
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c. Class Label Marking

Marking a class is a form of identification for each node in a given class. The class tagging process is carried out by
the terminal node, non-terminal node, and root node. To perform class label marking based on the maximum number
rule is if:

N;(©)

o (6)

p(olt) = max;p(j|t) = max;
where:

p(jolt) = The proportion of the class on the nodej, t
p(jlt) = Proportion of classes j on the knot t
N;(t) = Number of class observations j at knot t
N(t)  =Number of observations on the node t

The symbol is the label of the terminal class of jthe t node that has the largest guessing value of all the t-node
classification errors. As for the formation of a classification tree, if there is a discontinuation from the observation of
each child node or a minimum limit n, there is an observation in the child node that is similar, and has a maximum
tree depth or limit of the number of levels.

2.2. Classification Tree Pruning (Pruning)

Pruning is carried out on less important parts of the tree, so that an optimal classification tree will be obtained. The
pruning measure used to obtain a decent tree size is called Cost complexity minimum (Evalina & Sinambela, 2008).
In order to have a suitable tree size, it is necessary to take trees that have been pruned based on the size formula Cost
Complexity Minimum The following:

Re(T) = R(T) + «|T| (7
where:

R« (T) = Resubtition of a T tree on complexity «

R(T) = Resubtition Estimate (substitute assumption)

a = Cost complexity parameter for adding one node Tree End T
|T| = The size of the number of terminal nodes of the tree

3. Research methods

3.1. Types of Research

This study uses a quantitative approach because this research focuses on processing and analyzing numerical data,
such as meteorological data from BMKG. This research involves measuring variables, applying statistical methods
(Model Output Statistics) for bias correction, reducing data dimensions using Principal Component Analysis (PCA),
and applying the Classification and Regression Trees (CART) machine learning algorithm to map the relationship
between predictor variables and rainfall.

3.2. Data Source

The data in this study is secondary data, namely Makassar City rainfall data sourced from the website of the
Meteorology, Climatology, and Geophysics Agency of the Paotere Maritime Meteorological Station. The data is daily
data for the period of January 1, 2014 to January 1, 2024.

The results of the PCA reduction in the form of several main components are then used as predictive variables to build
tree classifications. Meanwhile, the rainfall response variable will be classified into 5 categories, with the following
criteria (Maraun & Widmann, 2017):

72



Rais et.al | JINAV: Journal of Information and Visualization, 2026, 7(1): 69-82

Table 3. Classification of Rainfall According to Its Intensity

Rain Classification Rainfall intensity (mm/day)
Sunny cloudy Rainfall < 0.1
Light rain 0.1 <Rainfall < 20
Moderate rain 20 < Rainfall < 50
Cloudburst 50 <Rainfall < 100
Heavy rain Rainfall > 100

4. Results and Discussion

4.1. Dimension Reduction with Principal Component Analysis (PCA)

Main Component Analysis (PCA) is used to find out how many new components are formed to be able to explain the
influence of rainfall that occurs in Makassar City. The first is to use a scree plot.
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Figure 3. Scree Plot Main components

Based on Figure 3, the components are taken up to the third component in the scree plot because the first three
components have an eigenvalue above 1. This criterion suggests that only components with an eigenvalue of > 1 are
worth maintaining because each account for a greater variance than one original variable. After the third component,
the eigenvalue drops below 1, so the fourth to sixth components are not considered important enough to be included in
further analysis. So, 3 main components were taken because only three met the significance criteria based on the
eigenvalue.

In addition to using a scree plot, the determination of the number of factors can also be done through more than one
eigen. The following are the calculation results for eigenvalues, total proportions of variance, and cumulative
proportions.

Table 4. Eigenvalues, total proportions of variance, and cumulative proportions

Nilai Eigen Proportion of Total Variance (%) Cumulative (%)

1.71 41.73 41.73
1.19 20.19 61.92
1.05 15.60 77.53
0.72 7.39 84.92
0.67 64.75 91.39
0.66 61.94 97.59
0.41 24.15 100

Based on Table 4, it can be seen that the new components formed are 3, it can be seen from the eigenvalue of >1 there
are as many as 3. The first main component obtained was with an eigenvalue of 1.71 with a variance of 41.73%.
These three components can explain the total cumulative variance of 77.53%. Next, the eigenvector value is searched
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based on the previously obtained eigenvalue. The results obtained indicate that there are 3 main components, then the
constituent elements of the three main components are selected based on the largest loading value. The loading value
is the correlation identification value of the factor formed with the variable value. The closer the relationship between
the factor and the variable, the greater the loading value. The loading values of the three components are presented in
Table 5.

Table 5 Loading values
Variable PCy PC, PC;
X4 -0.2837452 0.0404156 0.7675183
X, -0.4543388 -0.1597612 0.0328701
X3 -0.5045168 -0.0851576 0.2858604
X4 0.4400725 0.1740962 0.3885521
X5 -0.3974832 -0.2779021 -0.3759548
X6 0.2754601 -0.6133468 0.1041977
X4 0.1760477 -0.6941597 0.1579463

Table 5 explains the relationship between the original variable and the new variable formed by Principal Component
Analysis. Table 4.2 shows that the largest loading value on each of the x variables is indicated by the bolded values,
i.e., and on, and on and on. These variables are then grouped into new main components. The explanation of the
relationship between these variables can be seen in Table 6.

Table 6 Loading values
PC Variable Variance described
X,
PC, X5 41.73%
Xy
PC, X6 20.19%
X7
PCy X, 15.60%

Based on the loading values in Table 6 and the PCA results of the loading values in Table 4.3, the variables that
represent each main component are shown. The first main component is PC; represented by the minimum temperature
variable (X,), average temperature (X;) and average humidity (X,) , for the second main component or is PC,
represented by the variable by the maximum wind speed (X¢) and average wind speed (X,), and for the third main
component or PC; represented by the minimum temperature variable (X;) . Next, the main component equation will
be formed as follows:

PC;=-0.2837452X,; — 0.4543388X, — 0.5045168X3 + 0.4400725X, — 0.3974832X5 + 0.2754601X, + 0.1760477X,
PC,=0.0404156X; — 0.1597612X, — 0.0851576X3 + 0.1740962X, — 0.2779021X5 — 0.6133468X, — 0.6941597X,
PC3=0.7675183X; + 0.0328701X, + 0.2858604 X3 + 0.3885521X, — 0.3759548X; + 0.1041977X, + 0.1579463X,

Which results in the values of the main components in Table 7

Table 7. Value of the main components

PC, PC, PC,
3.66369 -0.36319 1.12354
2.37788 -4.25255 2.05542

5-0.17281 -0.30652 0.67325
1.97917 0.52043 -0.68183

Table 7 is the result of obtaining data that has been reduced in dimension using Principal Component Analysis where
from the initial data 7 variables after being reduced to data with 3 new variables. The data is then used to classify
using Classification and Regression Trees.
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4.2. Analysis of Classification and Regression Trees
In this study, data analysis was used using the CART (Classification and Regression Trees) method, namely:
a. Dividing sample data into two parts, namely training data and testing data

In the process of analyzing data this research uses the division of training data (90%) and testing data (10%) where the
total data is 132 sample data, for training data as many as 118 samples and data testing as many as 14 samples.

b. Formation of classification trees

1) The selection of sorters with the Gini index selection rules is further filtered based on the goodness of split
criteria

For the selection of sorters, a variety or category is carried out on variables. The selection of the sorter using the Gini
index obtained by the prospective sorter is shown in Table 8.

Table 8. Variable categories

Rain Category

Knot Bright Rain Rain Rain l? 2:“ Sum Total
Overcast Light Keep Dense ense
Very
> 0.1868 6 8 14 4 2 34
PC, <0.1868 60 23 | 0 0 84 118
> 1.2858 3 14 2 1 27
PC, <1.2858 63 17 8 2 1 91 13
> -0.5082 48 26 15 4 0 93
PG, <-0.5082 18 5 0 0 2 25 113

2) Gain Information

In finding the value of gain information, first look for the probability value of each node to make it easier. As in the
first node, equations (4) and (5) are used as follows:

The same step is repeated according to the above work and the results are presented in the Table 9.

Table 9. Node Probability Calculation

Knot P, Py Class p(ltL) p(ltr)
Sunny Cloudy 0.7143 0.1765
Light rain 0.2738 0.2353
1 0.7119 0.2881 moderate rain 0.0119 0.4118
cloudburst 0 0.1177
It rained heavily 0 0.0588
Sunny Cloudy 0.6923 0.1111
Light rain 0.1868 0.5185
2 0.7712 0.2289 moderate rain 0.0879 0.2593
cloudburst 0.0219 0.0741
It rained heavily 0.0219 0.0370
Sunny Cloudy 0.72 0.5161
Light rain 0.2 0.2796
3 0.2119 0.7881 moderate rain 0 0.1613
cloudburst 0 0.0430
It rained heavily 0.08 0

Table 9 will be used to detect each attribute that has information based on a certain class, namely the value of gain
information. In equation (8) it will be used to get the gain information value for each attribute with the following
formula:
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610 = = ) PG10logaP (1)

GI(Pg) = — (0.1765)2 log(0.1765) + (—(0.2353)2log (0.2353)) + (—(0.4118)? log(0.4118))
+ (—(0.1177)% 10g(0.1177)) + (—(0.0588)? log (0.0588))
=0.4672

The same step is repeated according to the above work and the results are presented in Table 10.

Table 10. Gain Information Calculation

Knot Pr P; GI(PpR) GI(P)) Average
1 > 0.1868 <0.1868 0.4672 0.3884 0.4278
2 > 1.2858 <1.2858 0.4519 0.3712 0.4116
3 > 0.5082 <0.5082 0.4745 0.3619 0.4182

Table 10 can be seen that the value of gain information that has the most information is the attribute of node 1 by
looking at the average of each attribute above 41%, then the other attributes are not much different in value so that all
attributes can be included in the data analysis process.

3) Gini Index

Next, the value of the gini index is obtained using the value in Table 11. For each node, equation (9) is used so that
the Gini index value for the first candidate node is obtained as follows:

k
(=) pUloa-polo
j=
=1-(0.7119)% — (0.2881)% = 0.4102
The search for the value of the Gini index is performed for all prospective nodes which can be seen in the Table 11.

Table 11. Gini Index Details

Knot Py P, i®
1 >0.1868 <0.1868 0.4102
2 >1.2858 <1.2858 0.3529
3 > 0.5082 <0.5082 0.3339

4) Goodness of split

Then a node candidate process is carried out which will be the parent node or sorter or root node with the criteria of
goodness of split. The calculation of the goodness of split on the first node candidate using equation (10) is obtained:

i(tg) =1—(0.1765)% — (0.2353)% — (0.4118)? — (0.1177)% — (0.0588)% = 0.7266
i(t,) =1-(0.7143)% — (0.2738)? — (0.0119)? — (0)? — (0)? = 0.4147
Ai(s,t) = i(t) — PLi(t,) — Pgi(tg) = 0.4102 — (0.7119)(0.4147) — (0.2881)(0.7266)
= (—0.0944)
The goodness of split value search is performed for all prospective nodes obtained in the Table 12.

Table 12. Goodness of split

, Criterion

Knot Ai(s,t) Goodness
1 -0.0944 1
2 -0.1625 2
3 -0.2529 3

In Table 12, it can be seen that the goodness of split value that meets as the candidate node with the highest value is
the candidate of the 1st node, which is -0.0944, then the candidate of the 1st node will be the root node or parent node,
PC; . where the 1st node will branch into the left branch is the attribute: PC; (< 0.1868) and the right branch of the
attribute (PC; = 0.1868) which is shown in the following figure:
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m  Sunny Cloudy

Cloudburst (Unused)
Heavy Rain (Unused)
m Light Rain
< 0.18688 m  Moderate Rain
>=0.18688
< 2.0048

i >=2.0048

Figure 4. Root node separation process

Based on the structure of the tree, it can be concluded that most of the data falls into the category of sunny and cloudy,
followed by light rain and moderate rain. The other two categories, namely heavy rain and heavy rain, are marked as
unused because they do not appear in the final result of the decision tree. This suggests that the two categories do not
contribute significantly to the separation of data by variable PC;, so they are not used by the CART algorithm in the
formation of this decision tree structure. So that the maximum decision tree can be formed as follows:

m Sunny Cloudy
Cloudburst (Unused)

PC1 HeawyRain (Unused)
= Light Rain
<0 1868-5 ¥ Moderate Rain
>= 0.18688
F'CE

<1.2858

>=1.2858
<2.0048 )
=2.0048
Moderate Rain
.00000 .09091 .00000 .36364 54545
9.322%
< +0.50826
>=-0.50826

Sunny Cloudy
42857 00000 .14286 .28571 .14286
5.832%

Figure 5. Shape of the Maximum Decision Tree

Based on the structure of this decision tree, it can be seen that the majority of the data falls into the category of sunny
and cloudy (58.475%), followed by light rain (19.492%), moderate rain (9.322% and 6.780% knots combined), and
the rest are sunny and cloudy from the deepest node (5.932%). The categories of heavy rain and heavy rain are once
marked as unused because they do not appear in the tree structure. This indicates that the two categories do not
provide sufficient separating power to the data based on the main variables (PC;, PC, , and PC; ), so they are not
selected by the CART algorithm in the process of forming the Decision tree

So, in detail the shape of the tree Figure 5 can be summarized in the Table 13.
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Table 13. Table of nodes in the shape of the decision tree

Knot Name Information

Non-terminal nodes

! PG (root node)

2 PC; <0.1868 Terminal node (sunny cloudy)

3 PC; =0,1868 Non-terminal nodes

4 PC, <1.2858 Non-terminal nodes

5 PC, =1.2858 Terminal node (moderate rain)

6 PC; 2.0048< Non-terminal nodes

7 PC; =2.0048 Terminal node (moderate rain)

8 PC; = —0.5082 Terminal node (light rain)

9 PC; <—0.5082 Terminal node (sunny cloudy)

It can be seen in Table 13 that the terminal node or terminal node is the last node in the decision tree that does not
undergo further separation because the impurity value is quite low according to the goodness of split criterion. Based
on the structure of the decision tree formed, terminal nodes are indicated by nodes 2, 5, 7, 8, and 9 and non-terminal
nodes, namely nodes 1, 3, 4, and 6.

5) Class Labeling

For class labelling, it is carried out according to equation (6) where based on the rule of the maximum number of each
class in the bound variable or response. Sourced from Figure 5 of the decision tree shape, the class label marking for
each node or node, specifically the class label marking on the terminal node is presented in the following table:

Table 14. Table nodes in the shape of the Decision tree

Knot Name Class Labels Percentage
1 PC; <0.1868 Sunny cloudy 58.475%
0,
2 PC; =20.1868, 1.2858PC, = Moderate rain 6.475%
3 PC; =20.1868, < 1.2858, 2.0048PC,PC; = Moderate rain 9.322%
4 PC; =0.1868, <1.2858,PC, Sunny cloudy 59309
. 0

2.0048,< PC, = PC3 —0.5082
PC; =0.1868, <1.2858,PC,

> 2.0048, PC; = PC3 = —0.5082 Light rain

19.492%

From Table 14, it is clear that the label of the cloudy sunny class is at nodes 1 and 4, for the medium rain class label is
at nodes 2 and 3 and for the light rain class label is at node 5.

6) Classification Tree Cutting

Pruning trees to get the best tree. Tree branches that can be pruned are those that have a minimum complexity
parameter value. So, the value of the complexity parameter is obtained in Table 15.

Table 15. Complexity Parameter Values

NO CcP Xerror Nsplit
1 0.326923 1.00000 0
2 0.096154 0.71154 1
3 0.038462 0.75000 2
4 0.019231 0.80769 3
5 0.000001 0.78846 4

It can be seen in Table 15 that the complexity parameter value for the split in order is 0.326923; 0.096154; 0.038462;
0.019231; 0.000001. The minimum complexity parameter value chosen is 0.096154, because it provides the lowest
cross-validation error value (error), and produces a tree with 1 split. So that the optimal decision tree structure that has
been pruned is obtained as follows:
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PC1

<0.18688
>=0.18688

Moderate Rain Light Rain
.86957 .00000 .00000 .11594 .01449 .12245 .08163 .04082 .46939 .28571
58.475% 41.525%

Figure 6. Optimal Decision Tree Shape

Seen in Figure 6, it shows the results of the maximum decision tree from the CART model which uses the main
variable, i.e., to separate the data into two classes. The separation is carried out based on the threshold value of
0.18688. If the value PC; is less than 0.18688, then the data is classified into the left node with the class label “Sunny
Cloudy”. At this node, the majority of data comes from sunny and cloudy weather conditions with a percentage of
86.957%, and the total percentage of data entering this node is 58.475%. This indicates that the left node has a high
level of purity (impurity).

Meanwhile, if the value PC; is greater than or equal to 0.18688, the data is classified into the right node with the class
label “Light Rain”. At this node, the class distribution was dominated by light rain at 46.939%, followed by sunny
cloudy at 12.245% and other classes with smaller proportions. The percentage of total data that goes into this node is
41.525%. Although the right node has a lower level of purity than the left node, it still provides useful information for
classification. Overall, this decision tree divides data simply but quite effectively with just one main variable, PC;.

7) Results of the Classification Decision

The accuracy level of the optimal tree classification results resulting from the training data can be calculated based on
Table 16.

Table 16. Classification of Rainfall Training Data on Optimal Trees

Predictions
Rain Accuracy Error
Current Bright Rain Rain Rain Dense Classification  Classificat

Overcast Light Keep Dense Very (%) ion
Sunny Cloudy 60 6 0 0 0 90.91% 6
Light Rain 8 23 0 0 0 74.19% 8
Moderate Rain 1 14 0 0 0 0% 15
Cloudburst 0 4 0 0 0 0% 4
Heavy Rain 0 2 0 0 0 0% 2

Based on Table 16, the classification error of the observation class occurred in all classes, where the moderate rain
class, the heavy rain class and the heavy rain class once produced a classification accuracy of 0%. This means that
there is not 1 class 5 observation data that is properly classified. The greatest classification accuracy occurred in class
1 (sunny and cloudy) with a percentage of 90.91%.

Using the information in Table 14, the accuracy of the classification of training data can be calculated as follows

6+8+15+4+2
118

1— APER = (1 - ) X 100% = 70.34%

The results of the calculation of the accuracy of the training data classification were 70.34%. This means that the
optimal classification tree is able to classify rainfall observations into category classes correctly by 70.34%.

The optimal classification tree that is formed needs to be validated to know if it is feasible and can be used to classify
new data. The accuracy level of the optimal tree classification results resulting from the testing data can be calculated
based on Table 17.
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Table 17. Classification of Rainfall Testing Data on Optimal Trees

Predictions
Rain Accuracy Error
Current Bright Rain Rain Rain Dense Classification  Classificat
Overcast Light Keep Dense (%) ion
Very
Sunny Cloudy 8 0 0 0 0 100% 0
Light Rain 2 2 0 0 0 50% 2
Moderate Rain 0 2 0 0 0 0% 2
Cloudburst - - - - - - -
Heavy Rain - - - - - - -

So that the accuracy of classification for data testing can be calculated as follows:

0+2+2+0+0
14

The calculation results showed that the accuracy of the classification of testing data was 71.43%. This means that the
model has the ability to correctly predict new data as much as 71.43% of all tested data.

1 - APER = (1 - ) X 100% = 71.43%

5. Conclusions

Based on the analysis carried out, the following conclusions were obtained: (1) the results of dimension reduction
using the Principal Component Analysis (PCA) method showed that of the initial seven variables, only three main
components (PC, PC,, and PC5) were retained because they had eigenvalues greater than 1 and were able to explain
the data variance significantly, (2) the results of the accuracy of the rainfall forecast classification using the
Classification and Regression Trees (CART) method showed quite good performance. The decision tree model that
was formed resulted in an accuracy rate of 72.34% in training data. This means that the model is able to classify most
of the training data into the correct rainfall category, (3) the performance of the CART model after being validated
with data testing showed consistent results. In the data testing, the model was able to achieve an accuracy level of
71.43%, which shows that the model has good generalization ability to new data and does not experience overfitting.
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