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Abstract — Employee performance evaluation is a critical process in public sector management. However, in
Karanganyar Regency, this process has been traditionally conducted on an individual basis, leading to
inefficiencies and a lack of actionable insights. This study addresses the gap by applying the K-Means clustering
algorithm to categorize the performance of structural officials based on 2021 Employee Performance Target
(SKP) data. Key performance indicators include SKP Value, Service Orientation, Commitment, Cooperation,
Leadership, and Work Initiative. Using RapidMiner, the data was clustered into three categories: “very good,”
“good,” and “satisfactory.” The clustering quality was validated using the Davies-Bouldin Index (DBI),
achieving an optimal value of 0.113, which indicates high intra-cluster similarity. The results provide a data-
driven foundation for more efficient performance assessments, aiding decision-making in promotions and
personnel management. This study demonstrates the potential of machine learning, specifically K-Means
clustering, in improving administrative processes and strategic decision-making within local government.
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I.  INTRODUCTION

Performance evaluation is a systematic assessment
of employees’ efforts and achievements in carrying
out their duties to achieve organizational goals. It
plays a crucial role in public services to ensure
effective performance aligned with national objectives
[1]. The importance of performance evaluation lies in
its ability to enhance employee performance, career
development, and job satisfaction [2].

The Agency for Personnel and Human Resource
Development of Karanganyar Regency is a regional
institution responsible for managing personnel affairs,
including Civil Servants (PNS) and Government
Employees under Work Agreements (PPPK) within
the region. One of its main duties is to collect
performance evaluation data from all State Civil
Apparatus (ASN) in Karanganyar Regency, which is
subsequently reported to the National Civil Service
Agency. However, the current evaluation process is
still conducted individually without utilizing analytical
technology that could provide deeper insights.

Artificial intelligence (Al), particularly through
machine learning approaches, is becoming
increasingly important in the public sector, as it can
improve operational efficiency, public service quality,
as well as compliance and security aspects [3]. A study
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of 250 AI application cases in the European Union
revealed that the most significant impact occurred in
public service delivery, while its application in internal
management and policy decision-making remains
limited [4].

One of the most widely used machine learning
algorithms across various domains is K-Means
clustering, due to its ability to group data based on
similar characteristics, thus facilitating pattern analysis
and decision-making [5]. K-Means has been
successfully implemented in several sectors, such as e-
learning for classifying student engagement levels [6],
lecturer performance evaluation based on student
satisfaction [7], and agriculture for clustering corn
production areas based on yield levels [8]. In addition,
K-Means has been used to cluster individual
performance based on response speed and accuracy
[9], group provinces according to COVID-19
pandemic risk levels [10], analyze customer behavior
in the retail industry using the RFM model [11], and in
maritime safety for ship classification based on
inspection data [12]. In the education sector, the
algorithm has also been applied to modernize teacher
performance evaluation through web-based systems,
making the evaluation process more efficient [13].

However, to date, the application of clustering
methods, particularly the K-Means algorithm, has not
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been utilized in the context of ASN performance
evaluation within the Karanganyar Regency
Government. The potential of clustering is substantial,
especially in identifying hidden patterns, grouping
employees based on performance quality, and
simplifying the evaluation process, which has
traditionally been time-consuming and subjective.
Therefore, this study aims to apply the K-Means
algorithm in clustering performance evaluation data of
structural officials in Karanganyar Regency. This
approach not only offers efficiency in the evaluation
process but also provides a more objective and data-
driven overview of performance categories—namely
excellent, good, and adequate. The clustering results
are expected to serve as a strategic consideration for
regional leaders in making decisions related to
promotions, rotations, and employee development.

II. RESEARCH METHOD

A. Analysis Model

This section presents the overall system process, as
illustrated in the block diagram shown in Fig. 1.
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Fig. 1. Block diagram of the clustering analysis process.

The clustering process begins with raw data,
namely the Employee Performance Targets (Sasaran
Kinerja Pegawai / SKP) of structural officials in Excel
format, which contains various performance metrics.
The first stage is data cleaning, which removes
inconsistencies and errors to produce a refined dataset
ready for further processing.

The next stage is data transformation, where
alphanumeric identifiers, such as the names of
structural officials, are converted into numerical
format. The third stage involves applying the K-Means
clustering algorithm to categorize the data into three
distinct performance groups: Excellent, Good, and
Fair.

Subsequently, the clustering results are analyzed
and evaluated using the Davies—Bouldin Index (DBI)
to measure the accuracy of the clustering process. The
DBI functions as a cluster performance evaluation
metric, where a positive correlation indicates within-
class dispersion, while a negative correlation reflects
between-class separation [14]. This study aims to
determine the optimal cluster value using the Davies—
Bouldin Index (DBI), in which a smaller DBI value
indicates better cluster formation [15].

The results of the analysis are then submitted to the
Agency for Personnel and Human Resource
Development (BKPSDM) of the Karanganyar
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Regency Government as valuable input for assessing
the performance of structural officials.

B. Data Analysis

This study focuses on the clustering process of
structural officials’ performance evaluation results
using primary data from the Employee Performance
Targets (SKP) of structural officials in 2021,
comprising a total of 460 entries. The data were
obtained directly from the Agency for Personnel and
Human Resource Development of Karanganyar
Regency through the Personnel Information System
(SIMPeg) application, specifically within the e-SKP
(Employee Performance Targets) module.

The dataset includes key performance attributes
such as SKP Score, Service Orientation, Commitment,
Teamwork, Leadership, and Work Initiative. An
example of the dataset used in this study is shown in
Table 1.

Table 1. The first 10 rows of employee performance
evaluation data

Service . Work
D SKP Orienta Commit Teamw Lea'der Initiati
Score . ment ork ship
tion ve
001 109 120 120 120 120 120
002 111,79 109 109 109 109 109
003 109 109 109 109 109 109
004 109 109 109 109 109 109
005 104 109 109 109 109 109
006 100 109 109 109 109 109
007 104,31 101,4 97,6 93,8 105,2 105,2
008 100 109 109 109 109 109
009 100 109 105,2 105,2 105,2 105,2
010 109 109 117,8 109 117,8 117,8
III. RESULT

This section presents the findings from the
clustering analysis conducted on the performance data
of structural officials. The K-Means algorithm was
employed to group the dataset into clusters that reflect
different levels of performance. The objective of the
clustering process was to classify officials into three
categories—Excellent, Good, and Fair—based on
various performance metrics such as SKP Score,
Service  Orientation, Commitment, Teamwork,
Leadership, and Initiative.

The evaluation of the clustering results was carried
out using the Davies—Bouldin Index (DBI) to assess
the effectiveness of the clustering approach. A lower
DBI value indicates better separation between clusters
and higher coherence within clusters, signifying
superior clustering quality. In addition to numerical
evaluation, the characteristics of each cluster were
analyzed to identify patterns across performance
attributes, allowing for deeper insights into the factors
influencing officials’ performance levels.

A. Data Processing Using RapidMiner Studio
Educational 10.0
To perform clustering in RapidMiner, particularly
with the K-Means algorithm, the first step is to open
RapidMiner Studio and import the dataset.
RapidMiner is a flexible data mining software that can
function both as a standalone application and as an
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integrated data mining engine within other products
[16]. The software provides a comprehensive suite of
features, including data integration, analytical ETL
processes, data analysis, and reporting capabilities.
Once the data are successfully loaded, the K-
Means operator can be located in the Operators panel.
Drag the operator into the Process window, then
connect the output of the data reader to the input of the
K-Means operator. Next, link the output of the K-
Means operator to the “Results” output port. Configure
the K-Means operator by specifying the desired
number of clusters (for instance, three -clusters
representing the categories Excellent, Good, and Fair).
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Fig. 3. Relationship between the number of clusters (k) and the
Davies—Bouldin Index (DBI)

From each tested k value, it was found that the
optimal value among the five options was k = 3, where
the dataset was divided into three clusters with a
Davies—Bouldin Index (DBI) value of 0.113. As
illustrated in Fig. 3, the line diagram of DBI values
across different k values (k = 3 to 7) shows a non-
linear relationship. The DBI initially increases after k
= 3, indicating that clustering quality decreases as the
number of clusters grows. Although the average
within-cluster distance becomes smaller with higher k,
the increase in DBI reflects more overlap and less
distinct separation among clusters. Therefore, k = 3
provides the most balanced and well-separated
grouping structure.

To identify which individuals belong to each of the
three clusters, as well as the number of data points in
clusters 0, 1, and 2, the “Description” function was
used. The results showed that the first cluster
contained 134 records (31.38%), the second cluster
contained 275 records (64.40%), and the third cluster
contained 18 records (4.22%). To view the names of
the officials in each cluster, the “Folder View” option
was selected, displaying the corresponding names.

B. Cluster Analysis Results

The clustering results of the 2021 performance
evaluation data for structural officials within the
Government of Karanganyar Regency, obtained using
the K-Means algorithm, are presented in Fig. 4. These
results are visualized in the form of a graphical plot.
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Fig. 4. Visualization of clustering results using the K-Means
algorithm on the performance evaluation dataset.

From Fig. 4, it can be seen that the data distribution in
the first cluster is represented by the color blue, the
second cluster by green, and the third cluster by
orange.

The explanation for each cluster is as follows:

a) Cluster 1, with its centroid values positioned
between those of the second and third clusters,
represents the intermediate group or the “Good”
category. This cluster contains 134 data points
with centroid values of (99.545, 94.561, 93.757,
93.702, 93.796, 94.116).

b) Cluster 2 has the highest centroid values among
all clusters and represents the “Excellent”
category. This group consists of 275 data points,
with centroid values of (100.978, 108.478,
108.712, 108.737, 107.961, 108.659). This
indicates that the cluster corresponds to the
group with the highest performance.

¢) Cluster 3, which has the lowest centroid values,
is categorized as “Fair”, indicating the group
with the lowest performance level. This cluster
contains 18 data points, with centroid values of
(83.139, 84.167, 84.444, 84.722, 84.333,
84.000).

The data were successfully divided into three
clusters that reflect varying levels of performance.
The largest cluster, representing 64.41% of the data
(275 records), falls into the “Excellent” category, as it
has the highest centroid values and represents the
group with superior performance. The “Good”
category includes 134 records (31.38%), with centroid
values lying between the other two clusters, indicating
moderate performance. Meanwhile, the smallest
cluster, consisting of only 18 records (4.21%), falls
into the “Fair” category, with the lowest centroid
values, reflecting the lowest performance among the
three groups.

The analysis for each cluster was performed
with a maximum of 10, 50, 100, and 500 iterations,
resulting in an optimal Davies—Bouldin Index (DBI)
value of 0.113. Based on this DBI value, it can be
concluded that the intra-cluster similarity is
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approximately 89%, indicating a strong degree of
cohesion within clusters.

IV. DISCUSSION

The clustering results demonstrate that the K-
Means algorithm effectively categorized officials into
distinct performance levels with a high degree of
intra-cluster similarity (approximately 89%). This
suggests that officials within the same cluster share

consistent  performance  characteristics,  while
differentiation between clusters remains clearly
defined.

The centroid values presented in Table 2 further
support this observation. The “Excellent” cluster
(Cluster 2) exhibits the highest centroid scores across
all  performance indicators, particularly in
Commitment (108.712), Teamwork (108.737), and
Initiative (108.659), signifying strong interpersonal
collaboration and proactive work behavior. The
“Good” cluster (Cluster 1) maintains stable but
moderate centroid values—ranging from 93.702 to
99.545—indicating consistent yet less outstanding
performance across key areas. Conversely, the “Fair”
cluster (Cluster 3) shows noticeably lower centroid
values—between 83.139 and 84.722—highlighting
potential weaknesses in all evaluated dimensions,
especially in Initiative (84.000) and Service
Orientation (84.167).

Table 2. Centroid Values of Each Cluster

Cent SKP Sen:vice Commit Teamw Leader V\{olrk‘
. Orienta . Initiati
roid Score . ment ork ship
tion ve
1 99.545 94.561 93.757 93.702 93.796 94.116
2 100.978 108.478 108.712 108.737 107.961 108.659
3 83.139 84.167 84.444 84.722 84.333 84.000

These centroid differences quantitatively confirm
that each cluster represents a unique performance tier,
with clear performance gradients separating one
group from another. The “Excellent” cluster (64.40%)
dominates the dataset, indicating that the majority of
officials perform at a high level across all indicators.
The “Good” cluster (31.38%) represents officials with
moderate and consistent performance, whereas the
“Fair” cluster (4.22%) highlights individuals who
may require further evaluation or performance
improvement initiatives.

These insights can be leveraged by the Agency
for Personnel and Human Resource Development
(BKPSDM) and the Position and Rank Advisory
Board (Baperjakat) to support data-driven decision-
making in promotion and performance evaluation
processes. By adopting clustering-based analysis, the
evaluation process becomes more objective,
transparent, and evidence-based, offering a reliable
alternative to conventional assessment methods.

V. CONCLUSSION

The application of the K-Means algorithm proved
effective in clustering the performance data of
structural  officials in Karanganyar Regency,
providing significant insights into employee
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performance levels. The clustering results divided the
officials into three categories: Excellent (275
officials, 64.41%), Good (134 officials, 31.38%), and
Fair (18 officials, 4.21%). These results indicate that
most officials fall into the “Excellent” performance
category, while only a small proportion belong to the
“Fair” group. The clustering process was validated
using the Davies—Bouldin Index (DBI), which
achieved an optimal value of 0.113, signifying high
intra-cluster similarity and well-formed cluster
structures.

This method offers a clearer and data-driven
alternative to traditional individual performance
assessments, reducing evaluation time while
improving accuracy. The clustering analysis enables
local government leaders to make more precise
decisions regarding job promotions and human
resource management. Overall, this study highlights
the potential of machine learning techniques, such as
K-Means clustering, in enhancing efficiency and
decision-making processes within public
administration.

The clustering results are expected not only to
serve as an evaluation tool but also as a foundation for
career development planning, position rotation, and
targeted training policies. The local government may
consider developing an integrated personnel
information system that incorporates the K-Means
algorithm to enable automated and periodic
performance evaluations.

Moreover, to maintain the accuracy of the results,
each work wunit must ensure the quality and
completeness of SKP data submitted for analysis, as
the success of this method highly depends on data
validity. Training sessions for policymakers and
relevant staff should also be conducted to help them
understand and appropriately utilize the clustering
outcomes in the decision-making process. For future
development, further research could explore the use
of other clustering algorithms, such as DBSCAN or
Hierarchical Clustering, and integrate predictive
approaches to achieve a more comprehensive
assessment of long-term performance.
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