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Article Info Abstract

Article history The purpose of this study is to detect outliers in data clusters. Outliers in
data cluster datasets often occur in the data clustering process, especially
in the K-Means algorithm. Outliers in cluster data are members/cluster
items that are far from the centroid value and are not found in the dominant
cluster. Outliers in cluster data are caused by various factors such as
inaccurate K values, inaccurate centroid point values, poor data quality and
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Kata Kunci: Lo .
ata Runct others. To detect outliers in cluster data using the blox plot method, Z-Score
Data: and relative size factor (RSF). The input value is the sum of squared error
ata; (SSE), calculated by summing the squares of the distance of each data point
Detection; . . .
Cluster: from the cluster centroid. The dataset used consists of 3 (three) variances,
Olllltsliir, namely high data variance, medium data variance and low data variance.

The method used for outlier detection in this study can detect outliers in all
data variances used, only not all outlier detection methods are optimal for
all data variances. The plox plot method is optimal for high data variance
and medium data variance, the RSF method is optimal for medium data
variance and the Z-Score method is not optimal for high data variance.
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1. Introduction

Data mining refers to the extraction, exploration, or search for information or knowledge from large
datasets[1][2]. One of the purposes of data mining is to organize data into groups[3]. Data clustering is
the process of grouping data based on distance or characteristics, where data within the same cluster
have short distances or similar characteristics, while data between clusters have large distances or
different characteristics[4]. In clustered datasets, outliers or anomalies are often found, especially in
clustering datasets using the K-Means algorithm. Outliers in clustered datasets refer to cluster members
that are far from the centroid value and are not part of the dominant cluster[5][6][7]. These outliers are
caused by various factors, such as an inaccurate K value, imprecise centroid values, poor data quality,
and errors in the calculation process[8].

One outlier point can be seen as it is far from the center and significantly separated from its
data group. To determine the presence or absence of outlier points in the clustered dataset, an outlier
detection method is used. In this study, the outlier detection methods applied are box plot, Z-Score, and
Relative Size Factor (RSF)[9][10][11]. These three outlier detection methods are applied to detect outliers
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in clustered datasets with three types of variances. Dataset variance refers to a measure that represents
the extent of data deviation from its central point[12]. The three variances include high data variance,
medium data variance, and low data variance.

Research related to outlier detection includes the study conducted by Yezheng Liu, Zhe Li,
Chong Zhou, and colleagues in 2019, which discusses how detecting outliers can be approached as a
binary classification problem. Outlier samples originate from discrete data, where all data points have
equal probability. The lack of information in high-dimensional data space leads to failures in classifying
potential outliers. To tackle this problem, a novel approach named Single-Objective Generative
Adversarial Active Learning (SO-GAAL) was introduced to manage potential outliers effectively. SO-
GAAL is capable of identifying potential outliers in an insightful way. For high-dimensional datasets,
Multiple-Objective Generative Adversarial Active Learning (MO-GAAL) is recommended for outlier
detection. When compared to other methods, MO-GAAL demonstrates superior performance in
detecting outliers and is well-suited for managing various types of data clusters.[13].

Research conducted by Guojun Gan and Michael Kwok-Po Ng in 2017 Clustering was
performed using the K-Means algorithm while addressing the issue of outliers. One notable drawback
of the K-Means algorithm is its sensitivity to fluctuations and a high presence of outliers. To overcome
this limitation, the KMOR algorithm (K-Means with Outlier Removal) was introduced, improving K-
Means for outlier detection. The KMOR algorithm incorporates an additional cluster, represented by
the formula K+1, specifically to handle outliers. The results indicate that KMOR can effectively perform
clustering and outlier detection simultaneously, while also offering higher accuracy and faster
processing compared to other algorithms[14]. Research by K. Senthamarai Kannan and K. Manoj in 2015
focused on outlier detection in multivariate data. This approach uses distance-based outlier detection
with robust regression diagnostic techniques. Sometimes, a single outlier can hide other outliers,
necessitating a method to identify outliers concealed by others. Multivariate outlier detection uses a
multiple-outlier detection procedure with a multivariate linear regression model[is].

The aim is not only to detect outliers in the clustered dataset but also to identify the most
optimal outlier detection method for different data variances, as not all outlier detection methods
perform optimally across various types of data variances. The input value utilized for the outlier
detection methods is the Sum of Squared Error (SSE), which is calculated by summing the squared
distances between each data point and its respective cluster centroid [16]. The SSE value is also employed
in the elbow method to determine the optimal number of clusters for a given dataset [17].

Research references mentioned, there has not been any study related to outlier detection in
clustered data using multiple outlier detection methods with input values derived from the Sum of
Square Error (SSE) based on data variance. Thus, the novelty of this research lies in the use of SSE values
as input for various outlier detection methods and identifying the optimal outlier detection method for
specific data variances.

2. Research Methodology
The stages carried out in this research, from the beginning to the completion of the study, are
as follows:
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Figure. 1. Research Flowchart

1. Literature Study
The first step undertaken by the author is reading and understanding theories related to the research
topic, with the aim of expanding the author’s insights and knowledge. The author has studied and
comprehended theories related to outliers and their detection techniques, the K-Means algorithm,
and the elbow method, drawing from various journals, proceedings, and books.

2. Dataset
The dataset serves as a sample of data utilized in the outlier detection process. In this research, the
dataset includes three types of data variances, arranged randomly, with three variables: X, Y, and Z
values. The data variances included are high variance, medium variance, and low variance[18].

3. Calculation of Data Variance
The arranged dataset is analyzed to calculate the variance values to determine which data has high

variance, medium variance, and low variance. The formula for calculating data variance is[19]:

0% = %h (6 — D)’ )

4. Data Clustering with K-Means
Next, the existing dataset, which consists of three dataset variances, undergoes the clustering
process. In this study, the value of K=3 is used for all datasets. Then, the centroid values are
determined randomly, and the distance calculation is performed using the following formula[20]:

dij = /Z?:l(xi - yi)2 (2)
5. Sum of Square Error (SSE)

The clustered data, derived from the three dataset variances, is processed to calculate the Sum of
Square Error (SSE), the formula for calculating SSE is [21]:

SSE = ¥ (v — 3)? (3)

6. Outlier Detection with Box Plot, Z-Score, and RSF
To detect outliers from the formed clusters, the previously calculated SSE is used as input for the
outlier detection methods: Box Plot, Z-Score, and RSF.
a. Box Plot is a method of detecting outliers based on data distribution, measures of central
tendency, and measures of dispersion. The definition of outlier detection using Box Plot is as
follows[22]:

Outlier detection in the clustired data (Efori Bu'ulolo, et al)
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Figure. 2. Outlier Detection Using Box Plot[23]

b. Z-Score is an outlier detection method that calculates the difference between a data value and the

mean of the data, divided by the standard deviation. The upper and lower thresholds are set at +3
and -3, respectively. Any value beyond these thresholds is regarded as an outlier. The formula for
calculating the Z-Score is as follows[24]:

7="5 (4)
s
Relative Size Factor (RSF) is an outlier detection method that assesses the significance of
differences within a data sequence. The significance value is determined by comparing the
highest value in a subset with the second-highest value. The formula for the RSF method is as
follows[25]:

The Highest Value in a Category
RSF = g g (5)

The Second Highest Value in a Category

To determine the upper and lower bounds for datasets with <11 records, the following formula is used:
n-1
= (6)
For datasets with > 1 records, the upper and lower bounds are set at +3 and -3, respectively.
These thresholds in the RSF method are used to determine whether a data cluster member is
classified as an outlier or an inlier.

7. Outlier and Inlier Cluster Items
The next step is to determine whether a cluster member or data item is an outlier or an inlier basedon
the upper and lower threshold values defined by each outlier detection method.

8. Determining the Outlier Detection Method Suitable for Data Variance
The final stage is determining the outlier detection method that is most suitable for each data
variance. Not all outlier detection methods are optimal for all types of data variance. Thus, an
analysis is performed to determine the most suitable outlier detection method for different data
variances. In this study, the data variances include three types: high variance, medium variance, and
low variance.

3. Result and Disscusion

The dataset used in this study includes three types of data variance: high variance, medium

variance, and low variance, along with three variables: X, Y, and Z.

Tabel 1. High Variance Data
No Subjek X Y Z
1 MM 10 15 20

2 EE 24 34 45
3 EK 60 75 76

20 NT 40 44 38
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21 WT 8 78 53
22 CC 95 70 76
Varians Data 683,875

Tabel 2. Medium Variance Data

No Subjek X Y Z
1 ML 75 42 35
2 EC 70 68 25
3 EO 40 47 85

20 NA 51 47 75
21 WY 8 78 53

22 CI 95 70 76

Varians Data 304,15

Tabel 3.
Low Variance Data
No Subjek X Y Z
MR 75 72 76
cC 70 78 87
EL 92 97 85

20 NL 8 87 75
21 WY 8 98 93

22 IC 95 90 96

Varians Data 79,378

The variance values of the data, consisting of high variance, medium variance, and low
variance, are presented in graphical form in Figure 4 below. The difference between the data variances
lies in their variance values, where high variance data has a variance value of 683.875, medium variance

data has a value of 304.15, and low variance data has a value of 79.378.

Variance of data values

Figure. 3. Data Variance Graph

Medium

Data Variance

The three data variances above were clustered using the K-Means algorithm in Python with
K=3, and the results are shown in Figures 5, 6, and 7. The slightly larger red dots represent the
centroids. Additionally, each figure contains points in three different colors, which represent the data

clusters for each dataset with K=3.

Outlier detection in the clustired data (Efori Bu'ulolo, et al)
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Figure. 4. Cluster from Table 1 Figure. 5. Cluster from Table 1 Figure. 6. Cluster from Table 1

After clustering the dataset, the next steps involve calculating the SSE (Sum of Squared Errors)
and identifying outliers for each data point within the clusters of each dataset.

3.1 Outlier Detection for High Variance Data (Table 1)

Figure 7 illustrates the results of outlier detection using the box plot method for high variance
data (Table 1) based on SSE values. The orange line indicates the upper inner fence, the gray line
represents the lower inner fence, and the blue line shows the SSE values. Each cluster has distinct inner
fence values:

Cluster I: Q3 + 1.5 * IQR = 488.8, Q1 - 1.5 * IQR = -183.2
Cluster II: Q3 + 1.5 * IQR = 841.708, Q1 - 1.5 * IQR = -75.958
Cluster I1I: Q3 + 1.5 * IQR = 521.851, Q1 - 1.5 * IQR = -97.126

For Cluster I and Cluster II, there are no outliers as all blue lines (SSE values) remain within
the orange and gray lines. However, for Cluster III, there are three points that exceed the blue line,
indicating three outliers in Cluster III: points TG, WT, and CC.

Figure 7. Outlier Detection Using Box Plot on Variance Data

Figure 8 demonstrates outlier detection using the Z-Score method. In this figure, no cluster
members are flagged as outliers, as the blue line (SSE) remains within the upper and lower threshold
values. The upper and lower threshold values for each cluster are as follows: Cluster I = 1,789 / -1,789,
Cluster II = 2,041 / -2,041, Cluster Il = 3 / -3.

Figure 8. Outlier Detection with the Z-Score Technique
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Figure 9 shows outlier detection using the Relative Size Factor (RSF) method. In this figure,
only one point is significantly distant or not densely packed with the dominant points. Therefore,
there is only one outlier, which is the point NT.

-
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Figure 9. Outlier Detection Using the RSF Method

3.2 Medium Variance Data (Table 2)

Figure 10 presents the results of outlier detection using the box plot method for medium variance data
(Table 2) based on SSE values. The orange line denotes the upper inner fence, the gray line indicates
the lower inner fence, and the blue line represents the SSE values. Each cluster has different inner
fence values.:

Cluster I: Q3 + 1.5 * IQR = 429.875, Q1 - 1.5 * IQR = 120.875

Cluster II: Q3 + 1.5 * IQR = 1091.095, Q1 - 1.5 * IQR = -388.904

Cluster I1I: Q3 + 1.5 * IQR = 964.974, Q1 - 1.5 * IQR = -281.596

In Cluster I, there is one outlier, which is point PN. In Cluster II, there are two outliers, points CA and
AG, as the blue line (SSE) exceeds the orange line. In Cluster III, there are no outliers, meaning all
items are inliers.

Figure 10. Outlier Detection Using the Box Plot Method

Figure 11 displays the results of outlier detection using the Z-Score method. In this figure, one outlier
is identified in Cluster I, specifically point PN, since the blue line (SSE) surpasses the orange line, which
indicates the upper inner fence. The upper and lower threshold values for each cluster using the Z-
Score method are as follows:

Cluster I: 1.5/-1.5, Cluster II: 3/-3, Cluster 111:2.267/-2.267

Outlier detection in the clustired data (Efori Bu'ulolo, et al)
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Figure 11. Identifying Outliers with the Z-Score Method

Figure 12 shows the results of outlier detection using the Relative Size Factor (RSF) method.
In this figure, there are three points that are significantly distant or not densely packed with the
dominant points. These three outliers are CA, HA, and DY.

Figure 12. Outlier Detection Using the RSF Method

3.3 Low Variance Data (Table 3)

Figure 13 illustrates the results of outlier detection using the box plot method for low variance
data (Table 3) based on SSE values. The orange line indicates the upper inner fence, the gray line
represents the lower inner fence, and the blue line shows the SSE values. Each cluster has distinct inner
fence values:

Cluster I: Q3 + 1.5 * IQR = 149.593, Q1 - 1.5 * IQR = -51.906

Cluster II: Q3 + 1.5 * IQR =120.551, Q1 - 1.5 * IQR = 21.693

Cluster I1I: Q3 + 1.5 * IQR = 280.168, Q1 - 1.5 * IQR = -76.688

In Cluster I, there are no outliers, meaning all points are inliers as the blue line (SSE) does not exceed
the orange or gray lines. In Cluster II, there is one outlier, point NL, and in Cluster III, there is one
outlier, point NS, because the blue line exceeds the orange line.

Figure 13. Outlier Detection Using the Box Plot Method

Figure 14 presents the results of outlier detection using the Z-Score method. In this figure,
one outlier is identified in Cluster II, specifically point NL, as the blue line (SSE) surpasses the orange
line, which represents the upper inner fence. The upper and lower threshold values for each cluster
using the Z-Score method are as follows:

Cluster I: 2.474/-2.474, Cluster II: 2.267/-2.267, Cluster III: 2.267/-2.2672.267 | -2.267

JTI C.L.T, Vol. 16, No. 6, January 2025: 342-352
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Gambar 14. Deteksi Outlier dengan Metode Z-Score

Figure 15 displays the results of outlier detection using the Relative Size Factor (RSF) method.
In this figure, two points, VI and BB, are identified as outliers due to their significant distance or sparse
proximity to the dominant points.

Figure 15. Outlier Detection Using the RSF Method

3.4 Comparison of Qutlier Detection Results

Figure 16. Comparison of Results from Outlier Detection Methods

After obtaining the outlier detection results using the box plot, Z-Score, and RSF methods
for all three types of variance—high, medium, and low—a comparison is made based on the number
of outlier points detected. In Figure 16, the blue line shows the number of outlier points identified by
the box plot method, with outliers detected in all data variances. The gray line represents the number
of outliers detected by the RSF method, where outliers are found in all variance types, though the
number is smaller compared to the box plot method. The orange line illustrates the number of outliers
identified by the Z-Score method, with outliers found only in the medium and low variance data, not
in the high variance data.

4. Conclusion

Outliers in clustered data can be detected using the box plot, Z-Score, and RSF methods for all three
types of variance—high, medium, and low—using the SSE value as input. The SSE value, which
indicates the distance of a data point from its cluster centroid, is the basis for calculating the outlier
detection method. Not all outlier detection methods are suitable for every type of variance. The box plot
method works well for high and medium variance data, the RSF method is most effective for medium
variance data but less effective for high variance data, while the Z-Score method is less effective for high
and medium variance data. Outliers in clustered data are partly caused by suboptimal K selection and

Outlier detection in the clustired data (Efori Bu'ulolo, et al)



351

a p-ISSN 2337-8646 e-ISSN 2721-561X

inaccurate centroid values. As a result, a new model for determining K and centroids in data clustering
is needed, which provides a basis for future research directions. The limitations of this study are the
dependence on the K-Medoids algorithm and SSE (Sum of Squared Error), as well as the lack of
parameter sensitivity analysis. For further research, namely the development of a more robust clustering
method and parameter sensitivity analysis.
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