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Abstra ct:

Graduate work-readiness segmentation is essential for datalriven
career services in universities. This study appliesMeans clustering
to tracer-study data using four input indicators: GPA (IPK), TOEF!
soft-skill points (SSKM), and study duration, whileemployment
status and waiting time are treated as external outcomes. Record
from 669 graduates (202@2023) were preprocessed Vis
deduplication, range checks, and zcore standardization. The
number of clusters was determined datadriven over K=2810 using
the Elbow Method (SSE) and DaviéBouldin Index; the optimal K=9
was selected at the DBI minimum. PCA visualization indicated &
distinguishable cluster structure. Clusters CO, C3, C5, and C
exhibited faster transitions (median waiting time 2 months) with
high employment proportions (up to ~90%), whereas C2 and C8
showed l onger wai ting ti mes
characterized by the longest study duration and a comparatively
lower employment proportion. These results demonstrate that
unsupervised larning can reveal actionable readiness segments
supporting targeted interventions (e.g., CV/portfolio clinics,
interview practice, structured internships) and providing a
foundation for subsequent predictive modeling of graduate
outcomes.

INTRODUCTION

A survey conducted by Statistics Indonesia (Badan Pusat Statistik/BPS) found that the
open unemployment rate among higher education graduates was approximately 5.25% in
August 2024 [1]. This figure underscores the existence of a gap in the transition from university
to the labour market. In this context, work readiness can be understood as a component of
employability, referring to the level of skills and attitudes possessed by individual s [2]. Another
definition of work readiness is the extent to which individuals possess the attitudes and
characteristics required for success in the workplace[3]. Indicators of work readiness include a
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sense of responsibility, critical thinking, a range of relevant skills, the ability to communicate
effectively, and the capacity for self-evaluation [4]. Other literature conceptualises work
readiness as comprising four main aspects: skills, knowledge, understanding, and personal
attributes [5]. Previous studies further conclude that several indicators influencing the work
readiness of fresh graduates include TOEFL scores, soft skills (SSKM), and grade point average
(GPA)6],[7],[8]. GPA refl ects graduates® academic compete
foreign-language communication ability, whereas soft skills (SSKM) capture nontechnical
attributes that support the performance of fresh graduates and influence their work readiness

[9] Another study reports that the length of study does not affect the waiting time until
graduates obtain their first job [10]. Prior research in higher education contexts also concludes
that the key employability factors for university graduates are soft skills, problem - solving skills,
functional skills, and academic reputation [11].

Tracer studies of university graduates are conducted as followup investigations that
provide information on the linkage between higher education and the professional labour
market, including the transition process from graduation to employment [12], [13]. Tracer study
i nstruments gener al | y -gradugiidanuprofdes, gncladidgueanpleyment p o s t
status, waiting time to first job, income, competencies acquired, and other aspects used to
assess graduat e[d3. Dateofronk traceestudids tygically show heterogeneous
patterns of work readiness rather than a single uniform type [14]. A previous tracer study
employing the K-Means algorithm concluded that computer skills, communication ability, and
integrity were among the dimensions rated as very strong [15]. Therefore, a datadriven
segmentation of graduate profiles is needed so that universities can enhance work readiness
in a more targeted manner, focusing on groups of graduates with relatively homogeneous
characteristics through clustering.

Machine Learning (ML) is a field of study that focuses on developing programs capable
of inferring new information from existing knowledge [16]. ML has emerged as a new frontier
in education and is recognized as one of the most powerful emerging technologies [17]. In
other literature, ML is defined as the process of extracting knowledge from data [18].
Clustering, in this context, refers to the grouping of objects based on information contained in
the data such that members within the same group share similarities [19]. The purpose of
clustering is to classify data by identifying groupings within a dataset whose structure is initially
unknown [20]. Another perspective describes clustering as theorganization of data records or
observations into classes of objects that exhibit similarity [21]. In addition, clustering can be
understood as a method for assigning objects into one or more groups with the aim of
analysing and automatically extracting knowledge [22].

The K-Means algorithm is a non-hierarchical clustering method that initiates the
grouping process by selecting initial centroids from a subset of the population .[21] Another
definition describes K-Means as a clustering algorithm that partitions data based on their
proximity to centroid values [23]. Previous clustering studies have shown that kMeans can
effectively map patterns in un labelled (unsupervised) data and generate operational insights
for decision-makers, for example in analying library borrowing trends and managing services
based on user needs[24]. The number of clusters can also be determined objectively using the
Elbow method and the Davies-Bouldin Index (DBI), as demonstrated in local studies to ensure
well-separated clusters[25]. Other K-Means research highlights that combining K-Means with
subsequent classification can clearly delineate subpopulations and support decisionmaking
[26]. In the context of fresh graduates, the application of K-Means to academic indicators has
shown that clusters with higher average GPAs tend to be associated with shorter
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Figure 1. Research Procedure for the KMeans Clustering

waiting times for obtaining the first job, thereby providing actionable information for
curriculum development and career guidance programs [27].

Aligned with these previous studies, the present research applies the kMeans
algorithm to cluster fresh graduates based on work readiness indicators derived from tracer
study data, namely GPA, TOEFL score, and soft skills (SSKM) as input variables. Emphant
status and waiting time are treated as external variables used to interpret and validate the
resulting clusters.

METHOD

This study employs a quantitative approach with an unsupervised clustering method
using the K-Means algorithm, with the following objectives: (1) to segment recent graduates
based on work readiness indicators, (2) to determine the optimal value of K, and @) to evaluate
the quality of the segmentation produced by K -Means. The data are sourced from the tracer
study of XYZ University and the research procedure follows the workflow illustrated in Figure
1.
1. Data Collection

The data used in this study are drawn from the tracer study of XYZ University
comprising 669 respondents from graduating cohorts in the period 2020 62023. Each row in
the dataset represents one graduate, with the following variables: GPA, length of study, TOEFL
score, SSKM points, employment status, and waiting time to first job.

2. Pre-Processing Data

Data pre-processing is an initial stage carried out before the data are subjected to further

analysis[28]. In this study, pre-processing is performed to ensure that the data are suitable for

analysis using kMeans, through the following steps

1. Initial data cleaning, which includes detecting and removing duplicate records and checking
whether the values fall within reasonable ranges, such as GPA (0.G®1.00), length of study
(6516 semesters), TOEFL(38 7 7) , and SSKM score (0O 112).

2. Data standardization, by applying the z-score transformation to selected variables so that
they are on a comparable scale, according to:
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3. K-Means Implementation
Machine learning with the K-Means algorithm is a non-hierarchical clustering method

that initiates the grouping process by selecting initial centroids from a subset of the population

[21]. The stages of kMeans implementation in this study are as follows:

1. Determining the number of clusters (0).
To determine the number of clusters, this study employs the Elbow method and the Davies-
Bouldin Index (DBI). The Elbow method identifies the optimal number of clusters (K) by
|l ocating the oelbow pointdé in the evalwuation
clusters no longer produces a substantial reduction in error [29]. DBI is a metric for
evaluating clustering quality by measuring how well separated and how compact the
formed clusters are [30]. The objective of DBI evaluation is to obtain clusters that minimize
within -cluster dispersion while maintaining adequate separation between clusters [31].

2. Initialization of centroids, by randomly selecting K observations from the standardi zed data
as initial centroids.

3. Assigning observations to the nearest cluster, using the Euclidean distance:

0 oft B o )

a is the number of variables/features.

4. Updating centroids for each cluster ‘@he centroid is updated as the mean of all observations
assigned to that cluster.

b —B (3)

where:

0 :coordinate of the centroid of cluster “®n the variable "Q
0 :number of members in cluster "Q

® :value of observation "Qon variable "0n cluster "Q

5. Iteration until convergence. The assignment, and update steps are repeated, reallocating all
observations to the nearest updated centroid, until there is no change in cluster
membership or the changes are negligible. At this point, the algorithm is deemed to have
converged and the clustering processis completed.

4. Evaluation of K -Means Results

The results of KMeans are evaluated by analyging the SSE curve to identify the elbow
point as the optimal K, which is then confirmed by the minimum value produced by the DBI
[32].

5. Cluster Profiling and External Validation

External validation is conducted after the final clustering solution has been selected by
comparing the clustering results with information/variables that were not used during the
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clustering process [33]. In this study, once K has been selected based on internal evaluation
using SSE and DBI, the clustering solution is examined externally by linking the cluster labels
to outcomes excluded from the modeling stage, namely employment status and median
waiting time. Cluster profiles are then presented by inspecting the centroid values of each
indicator in every cluster, so that the dominant characteristics and differences among clusters
can be clearly identified.

RESULT AND DISCUSSION
K-Means clustering on the work readiness variables yielded an optimal solution of nine
clusters. The best value of K was obtained at K = 9, as indicated in Figure 2.

Elbow (SSE vs K)
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Figure 2. Number of clusters determined using the Elbow Method and SSE

The profile of each cluster is described using the centroids of GPA, TOEFL, SSKM, and
length of study, and is further evaluated using the external variables of employment status and
waiting time. In general, clusters characterizd by higher GPA/TOEFL/SSKM and shorter study
duration tend to exhibit a higher proportion of employed graduates and a shorter median
waiting time. Table 1, which presents the centroids of the input variables, shows that several
clusters are characterzed by higher GPA/TOEFL/SSKM values combined with shorter study
duration, while other clusters exhibit more moderate averages with longer study periods. This
pattern confirms the presence of segmented variation among graduates across clusters.

Table 1. Centroids of input variables (K=9)
GPA TOEFL SCORE SSKM Length of Study

Co 3,744 630,833 280,3 8,1
C1 3,294 486,806 167,66 9,326
Cc2 3,135 628,333 163,889 9,289
C3 3,683 488,943 169,903 7,943
C4 3,185 526,93 168,684 14,421
C5 3,634 616,25 171,28 7,96
C6 3,703 474,054 258,486 7,824
C7 3,837 504,5 481,2 7,5
C8 3,351 477,778 294,111 11,5
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Figure 3. 2D PCA Visualization

The cluster distribution in Figure 3 is displayed as a two-dimensional projection of the
Principal Component Analysis (PCA) results on the PC1 and PC2 axes. The visualization shows
that several clusters are concentrated around the origin, with a degree of overlap still
observable. This pattern indicates that kMeans is able to produce a meaningful segmentation
of recent graduates, even though not all cluster boundaries are perfectly separated in the two-
dimensional projection.

DBI

Figure 4. DBI Visualization

The DBI plot in Figure 4 shows a sharp decrease from K = 2 to K = 4, followed by
fluctuations with a local minimum at K = 9 before increasing again at K = 10. Because lower
DBI values indicate better clustering quality, these results suggest that the best candidate
values for K lie in the range of 889, with K = 9 yielding the lowest DBI. The final choice of K is
determined jointly with the SSE results.
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