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This study analyzes job placement waiting times and job linearity among
female science, technology, engineering, and mathematics (STEM)
graduates using clustering and multi-target classification (MTC) models.
The K-means least trimmed square (LTS) algorithm, known for its
robustness against outliers, was employed for clustering. With k = 2 and a
trimming percentage of 30%, the model achieved a silhouette score of 77%,
resulting in two distinct clusters: ideal and non-ideal. To enhance the dataset
for classification, synthetic data was generated using the adaptive synthetic
(ADASYN)-gaussian method. Principal component analysis (PCA) was
used for visualization purposes, along with overlapping histograms, to
illustrate that the synthetic data distribution closely resembled the original.
For classification, a random forest (RF) model was used to predict both jobs
waiting time and job linearity. Hyperparameter tuning produced an optimal
model with a classification accuracy of 92%. Cross-validation (CV)
confirmed the model’s robustness, with F1-micro and F1-macro scores of
94% and 93%, respectively. Results show that although women in STEM are
underrepresented, 73% of the female alumni analyzed belonged to the short
job waiting group. Furthermore, a strong negative correlation between GPA
and job waiting time suggests that higher-GPA graduates tend to secure
employment more quickly.
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1. INTRODUCTION

The underrepresentation of women in science, technology, engineering, and mathematics (STEM)
remains a pressing concern in global gender disparity. According to [1], the labor force participation gap
among individuals aged 15 and above reaches 27.1%, with women comprising 46.8% and men 73.9%.
Women also hold only 26.2% of parliamentary seats compared to 73.8% for men, highlighting the urgent
need to address the persistent global imbalance in workforce participation. In STEM fields specifically [2],
female representation increased only slightly-from 26.1% in 2016 to 28.6% in 2024-while women’s
participation in non-STEM sectors has neared 50%. This contrast underscores the importance of further
research into female STEM graduates’ employment outcomes, particularly job waiting time and job linearity
(the relevance of their work to their field of study).

Machine learning (ML) [3], offers powerful tools for clustering and classification, bolstered by data
augmentation techniques to tackle class imbalance [4], [5]. As depicted in Figure 1, female alumni are

Journal homepage: http://ijict.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/
mailto:nadzla.ghayatrie@binus.ac.id

190 a ISSN: 2252-8776

significantly outnumbered by males. However, there is hope. To counter this imbalance, oversampling
methods such as adaptive synthetic (ADASYN) [6] and SMOTE [7] are commonly employed. ADASYN
generates synthetic data in sparse minority regions through linear interpolation, while its Gaussian-enhanced
variant (ADASYN-Gaussian) introduces greater diversity and resistance to outliers. This study harnesses the
potential of ADASY N-Gaussian to balance the minority (Female alumni) class, offering a promising path to
address gender disparities in STEM.

Representation of Women in Workforce,
STEM vs Non-STEM
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Figure 1. Comparison of women in STEM and non-STEM dields

Beyond clustering job waiting times, this research also examines job linearity, which refers to the
degree of predictability in job waiting times, using both unsupervised and supervised approaches. Clustering
is used to group job waiting durations, while classification predicts both jobs waiting category and job
linearity [8]. Prior studies have explored similar themes. For instance, [9] applied fuzzy c-means (FCM) to
cluster job waiting times into “fast,” “moderate,” and “slow” categories, followed by C4.5 decision tree
classification, achieving only 86% accuracy without k-value optimization. Another study [10] employed
fuzzy clustering to identify employment factors, emphasizing job stability (40.7%) and employment rate
(34.4%) as key influences. A premilinary version of this research [11], proposed a combined clustering and
multi-target classification (MTC) framework, achieving 77% accuracy and a silhouette score of 0.61.
Building on that, the present research enhances performance through optimized model selection, using K-
means LTS for its robustness to outliers-validated across ten benchmark datasets [12].

This study predicts two target variables simultaneously, requiring a MTC approach [13], [14].
In [15], Prior research supports random forest (RF) effectiveness in predicting graduate employability.
Similarly, [16] used genetic algorithms (GASs) to predict career success (87.61% fit) and [17] applied Naive
Bayes with 90% accuracy on limited data. Comparative evaluations [18], have further shown RF superior
performance, robustness to noise, and resistance to overfitting, making it a reliable choice for this study’s
outlier-heavy dataset.

This paper presents a comprehensive integrated modeling framework that combines ADASYN-
Gaussian augmentation, K-means LTS clustering, and multi-target random forest (MTRF) classification.
Unlike earlier works that focused on single-target prediction or models lacking outlier resilience, this study
jointly models job waiting time and job linearity in a unified pipeline. To our knowledge, no previous
research has examined these dual employment outcomes for female STEM graduates using such an
integrated approach.

2

2. RESEARCH METHOD

This study consists of three main stages: data preparation, K-means LTS clustering, and the MTRF
classification process, as illustrated in Figure 2. In the data preparation phase, the pre-processing step ensures
the dataset is free from missing values and duplicate records. Once the data is clean, data augmentation is
conducted to address the significant imbalance between male and female alumni records. This study applies
the ADASYN-gaussian technique to generate synthetic data for the minority class (female alumni). After
augmentation, the data selection process is performed to isolate only female alumni records for further
modeling.

Next, the K-means LTS clustering process is applied to group the job waiting times of the selected
alumni. This involves hyperparameter tuning to determine the optimal number of clusters (K) and the best
trimming percentage. The final stage is the classification process, where the grouped data is used as input for
a MTRF model to predict both jobs waiting time and job linearity simultaneously.
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Figure 2. Research framework

2.1. Data collection

The data used in this study was sourced from several private universities in Indonesia. Two types of
datasets were collected: alumni academic records and post-graduation employment data. The data collection
process involved sending formal requests to each university, accompanied by a letter of agreement stating
that the data would be used strictly for research purposes, would remain confidential, and would not reveal
the identity of any participating institutions. Upon approval and the signing of a memorandum of
understanding (MoU), the universities provided the requested datasets, which were then processed for
research analysis. Based on the collected data, it was found that female alumni made up only 15% of the total
records, confirming the class imbalance addressed through augmentation.

2.2. Data preparation process
2.2.1. Data pre-processing

Data pre-processing was conducted to ensure data quality and eliminate anomalies [19]. This stage
involved several steps, including checking for null values, removing duplicate records, and identifying
outliers, all of which are essential to avoid suboptimal modeling outcomes. Outlier detection was performed
using the interquartile range (IQR) method and visualized through boxplots generated with the matplotlib
library [20].

2.2.2. Data augmentation

ADASYN is a data augmentation technique that generates synthetic samples through linear
interpolation between minority class instances and their nearest neighbors [6]. However, this linear approach
may be inadequate when the minority class exhibits a complex data distribution [21], potentially leading to
synthetic data that lacks diversity or fails to reflect the underlying distribution accurately. To address this
limitation, ADASYN-Gaussian, a modified version of ADASYN, incorporates the Gaussian distribution to
generate synthetic data. This study adopts the multivariate Gaussian distribution, suitable for two or more
data dimensions, as defined in (1).

p(; %) = ——exp (—% (x =T (x - u) D

(2m)2|z|2

The parameters k and P are critical in the augmentation technique. The parameter k determines how
far and similar the generated synthetic samples are. Incorrect k values can lead to overfitting, as
augmentation can be a regularizer controlling model complexity [22]. The parameter B adds variation through
controlled noise while preserving the overall relevance of the data [23]. Selecting the appropriate B value
ensures that the augmented data is relevant and does not deviate significantly from the original data.
ADASYN-gaussian automatically tunes these parameters, making applying this technique and generating
synthetic data straightforward.

2.2.3. Data selection

The data selection process was conducted to isolate and retain only the records of female alumni
after the augmentation step. Given that female alumni constituted only 15% of the initial dataset, data
augmentation was essential to address this significant imbalance prior to modeling. Following the
augmentation process, which considered the original distribution of female alumni data, only the relevant
female alumni records were filtered and selected for use in the subsequent modeling stages.

2.3. K-means LTS

K-means least trimmed square (LTS) [12] is a modification of the K-means algorithm that trims
outliers after clusters are formed. Clustering is employed to group alumni based on similarities in their
characteristic within the dataset. This approach helps uncover the natural structure of the data and provides
initial insights into the number and nature of the resulting groups. These clusters serve as the basis for further
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analysis, which is then followed by classification stages. Clustering is performed prior to classification to
better understand the distribution and structure of the data, especially when labels such as employment
patterns or behavior are not explicity available. In this model, the optimal number of clusters (k) and the
trimming proportion are determined through tuning functions provided within the algorithm’s class.

Altough centroid initialization of K-means can influence the final clustering due to its susceptibility
to local optima [24], this issue is mitigated in K-means LTS. In this method, clustering is performed using
multiple random initializations, and the best result is selected based on the lowest total within-cluster
variance. Furthermore, the trimming process removes a specified proportion of data points with the highest
residuals after clustering, which helps reduce the influence of poorly initialized centroids and outliers. These
two mechanisms (repeated initialization and trimming) contribute to a more robust and stable clustering
outcome.

2.3.1. Find K optimal and best percentage

This process is a parameter tuning step required for the modified K-means model. Using the
trimming concept as in [25], K-means LTS requires an optimal outlier trimming percentage. Tuning is
performed by assessing the silhouette score, and the parameter combination that yields the best silhouette
score is selected for modeling.

2.3.2. Clustering process

K-means LTS looks like robust trimmed K-means (RTKM) [25] utilizing the concept of trimming
outliers based on LTS. In K-means LTS [12], the process involves sorting the clustered dataset by its distance
to the centroid and trimming the farthest data points (outliers) based on a specific percentage. Data falling
within the farthest n% from the centroid are trimmed. This algorithm manages complexity well, with main
steps such as centroid initialization and cluster ID assignment (O(n X k)), calculating data distances to the
centroid (0(n x k x d)), sorting the distances for outlier trimming (O(n *log(n))), and reassigning

clusters (0 (n x k)). Given this complexity, K-means LTS is suitable for medium-sized datasets, balancing
efficiency and computation.

2.3.3. Clustering evaluation

Clustering results are evaluated using the silhouette score, suitable for datasets lacking a training set
for model evaluation [26]. The silhouette score measures the clustering quality by comparing an element’s
average distance to members of its cluster a(x; ) and the nearest other cluster b(x; ). The score ranges from -
1 to 1, with high positive values indicating well-clustered elements, while negative values suggest elements
might be incorrectly clustered [27]. A maximal silhouette score (s(x;) = 1) is achieved when elements are
close to their cluster and far from others.

2.4. MTRF
2.4.1. Hyperparameter tuning

Hyperparameter tuning is crucial in ML modeling, especially for tree-based models with numerous
parameters [28]. It refers to building an optimal model by configuring hyperparameters through a search
strategy [29]. This study uses Grid search for hyperparameter tuning in the MTRF model. Grid search is a
decision-theoretical approach involving exhaustive search over a set range of hyperparameter values [30].

Grid search uses cross-validation (CV) for each combination of parameters. The data is split into 10
parts, ‘n_splits” and for each part, one section is used as test data, while the rest is training data. After testing
all parameter combinations, Grid search selects the best combination based on the evaluation score ‘scoring’.
This study uses F1-micro and F1-macro scores as the evaluation metrics for multi-target modeling [31]. This
study uses four that are significant for model performance. n_estimators’ refers to the number of trees,
aiming to boost model performance by reducing variance. ‘max_depth’ controls the maximum depth of each
decision tree. Deeper trees are more prone to overfitting [32], so this study limits the depth to 10, 20, and 30.
‘min_sample_split” sets the minimum number of samples required to split a node, and ‘min_sample_leaf’
[33] controls the minimum number of samples required at each leaf node. The values [1], [2], [4] balance
capturing granular patterns and preventing overfitting.

2.4.2. MTC process

The classification model is a crucial step in this study, where ML algorithms are applied to predict
and categorize alum data based on their waiting time for a job and the linearity of their career. This study
uses the MTRF since two target variables need to be classified. According to [34], MTC works as follows,
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—  The training dataset consists of triplets (xi, tj, y”-), where y;; €Y describes the relationship between
instance x; and target t;.

—  During training, n different instances and m different targets, where n and m are finite numbers.
The scores y;; from the training data are arranged in an n X m matrix, often incomplete due to missing
values

—  The score set Y is one-dimensional and consists of nominal, ordinal, or fundamental values.

—  This process aims to predict scores for each instance-target pair (x, t) intheset X x T.

2.4.3. Classification evaluation

Evaluating multi-target models cannot rely on standard classification metrics like accuracy,
precision, recall, or F1-score. In MTC, these metrics must be slightly modified, resulting in micro averaging
[35] and macro averaging [36]. As explained [11], micro-averaging sums the values in the confusion matrix
to produce accuracy, precision, recall, and F1-score. Macro averaging takes the average of each value in the
confusion matrix. Micro averaging is useful when overall performance is prioritized, while macro averaging
is preferred when each target variable is equally important.

2.5. K-fold cross validation

CV is an important ML and statistical modeling method that selects models, assesses performance,
and tunes hyperparameters [37]. This method involves splitting the data into training and testing sets, training
the model on the training set, and evaluating its performance with the testing set. This study uses 10-fold CV,
which means there are 10-folds with different training and testing sets in each fold. The sample index allows
data index to be part of the train set in fold 1 and part of the test set in fold 2. In this process, the metrics used
to assess the performance of each fold are F1-micro and F1-macro scores.

3. RESULTS AND DISCUSSION
3.1. Data augmentation

As mentioned in section 3, ADASYN-gaussian uses gaussian distribution to generate synthetic data.
The parameters k and beta used in this stage are k = 4 and = 0.5, with the most optimal F1-score being
0.8405. Unlike SMOTE [38], ADASYN-gaussian focuses on generating synthetic data based on its density.
Therefore, the number of minority synthetic data is not equal to the majority data. In this study, balancing the
data between males and females is not as important because only female data is used for modeling,
as mentioned in section 3. Figure 3 shows the overlapping histogram visualization for the features ‘gpa’ and
‘waiting_time’. In the visualization of the ‘gpa’ feature, the synthetic data generated has a higher density near
a GPA of 4.0. Both distributions have similar shapes, showing that the synthetic data follows the original
distribution. For the ‘waiting_time’ feature, most of the original data is concentrated around a waiting time of
0 — 5 months. Both distributions (original and synthetic data) taper off similarly as the waiting time increases
beyond 20 months.

Overlapping Histogram of GPA for Original and Synthetic Data Overlapping Histogram of Waiting Time for Original and Synthetic Data

- Data Type - Data Type
. original 030 | = original
L3 synthetic £ synthetic

( |

Figure 3. Overlapping histogram for ‘gpa’ feature (left) and ‘waiting_time’ feature (right)

3.2. Clustering process
One of the benefits of using K-means LTS in clustering modeling is that K-means LTS is a robust
model against outliers. The presence of outliers in the data is substantial, especially in the ‘GPA,’
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‘length_study,” and ‘waiting_time’ features. Using k = 2 and a trimming percentage of 30%, as described in
section 3, the number of outliers is significantly reduced. However, a considerable number of outliers remain
in the ‘length_study’ which is expected, as the average study duration for female alumni in this dataset is
4 years, a standard timeframe for undergraduate studies in Indonesian universities.
Figure 4 displays the visualization of the plot results for each formed cluster. In the 2D plot, clusters
0 and 1 are clearly well-separated. Similarly, the 3D plot shows two distinct clusters positioned closely but
still separable. With k = 2 and a 30% trimming rate, the K-means LTS model achieves a silhouette score of
0.77, indicating strong clustering performance. Although further optimization is possible, this score
demonstrates sufficient separation between the two clusters. The clusters formed can be interpreted as
follows,
—  Cluster 0 (544 members): a group of female alumni with long job waiting times, lower GPAs than
Cluster 1 (average GPA 3.24), and a study duration slightly longer at an average of 4.13 years.
—  Cluster 1 (1,483 members): a group of female alumni with short job waiting times, higher GPAs
(average GPA 3.6), and a study duration of 4.11 years.
For comparison, applying standard K-means clustering with the same number of clusters (k = 2)
results in a lower silhouette score of 0.63, indicating less distinct separation. This comparison emphasizes the
effectiveness of K-means LTS in handling outliers and improving clustering quality within this dataset.

Cluster After Trimming
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Figure 4. Visualization of the formed clusters plot, (left) plot with 2 dimensions, and
(right) plot with 3 dimensions

3.3. MTC process

The best model architecture from the hyperparameter tuning performed ‘max_depth’ = 20,
‘n_estimators’ = 300, ‘min_samples_leaf’ = 1, and ‘min_sample_split’ = 2. From this architecture, the best
score achieved is 92% or 0.9188. Table 1 shows the results of each metric used, and the micro average
provides a higher result than the macro average.

Table 1. MTRF modelling results of hyperparameter tuning
Metrics Micro average  Macro average

Precision 0.930612 0.912371
Recall 0.913828 0.894089
F1-score 0.922144 0.903203

The above table combines the results for both target variables, linearity and waiting time.
From calculation of confusion matrix using the accuracy formula ((TP + TN)/(TP + F = +TN + FN))),
the accuracy for the ‘linearity’ target feature is 81% or 0.809, and for the ‘waiting_time’ feature, it is 100%
or 1.0.
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3.4. 10-fold cross validation

From the previous hyperparameter tuning results, the 10-fold validation process used the
best_estimator_ and was saved as the best MTRF model for this study. The data is used for CV evaluation
after augmentation and clustering processes. Hence, the required features are already available. The data will
be split into 10-folds with equal proportions of train and test in each fold. Table 2 shows the evaluation
results of F1-score s, both micro and macro, for each fold generated during the CV process. The best values
were achieved in the seventh fold, with a micro score of 0.939 and a macro score of 0.929. The consistency
of scores between folds is critical in assessing model stability [37]. The values generated in Table 2 show
consistency, indicating that the MTRF model is stable and provides satisfying evaluation results.

Table 2. F1-micro and F1-macro results of each fold
n-fold Micro average Macro average
1-fold  0.91017964 0.8902439
2-fold  0.93279022 0.92105263
3-fold  0.91170431 0.8919598
4-fold  0.91836735 0.90654206
5-fold  0.91053678 0.88341969

6-fold  0.92337165 0.9
7-fold  0.93962264 0.92920354
8-fold  0.92116183 0.9

9-fold  0.91358025 0.890625
10-fold  0.93256262 0.91935484

4. CONCLUSION

This study investigated the modeling of clustering and MTC to analyze job waiting time and job
linearity among female STEM alums in Indonesia. Using K-means LTS for clustering, we conducted
hyperparameter tuning and found the optimal number of clusters k = 2 with a trimming percentage of 30%,
yielding a silhouette score of 0.77. Based on these results, we identified two distinct alum groups: those with
fast and long job waiting times. Notably, 73% of female alums belonged to the fast job waiting group.
The resulting clusters were further used in a MTRF classification model to predict both job waiting time
category and job linearity. The best performance was achieved using a tuned RF classifier with parameters
max_depth = 20, n_estimators = 300, min_samples_leaf = 1, and min_samples_split = 2. Evaluation using
10-fold CV revealed strong and consistent results, with F1-micro reaching 94% and F1-macro reaching 93%
in the best fold. The classification of job waiting time yielded exceptionally high performance, achieving
100% accuracy, precision, recall, and F1-score. In contrast, the job linearity classification achieved lower
accuracy (81%) due to the complexity of that target and the limited features available.

Compared to previous works that applied fuzzy logic to classify job outcomes and that used GAs for
optimization, our approach demonstrated higher interpretability and improved classification performance
through a combination of outlier-robust clustering (K-means LTS) and multi-target modeling. Additionally,
while many prior studies treated classification tasks independently, this work highlights the value of
modeling multiple interrelated outcomes simultaneously using MTRF. This study, however, is not without
limitations. First, the features used to predict job linearity may not fully capture the real-world factors
influencing job relevance, such as job type, industry alignment, or personal career preferences. The dataset
was also limited to female graduates from a small sample of private universities, which may affect the
generalizability of the findings.

Future studies should consider expanding the feature set with richer academic and employment
history data, including qualitative information from surveys or interviews. Additionally, applying alternative
multi-target learners such as deep neural networks or ensemble methods may improve generalizability,
especially for more complex targets like job linearity. In summary, this research demonstrates that combining
clustering (K-means LTS) and MTRF modeling can effectively uncover patterns in graduate employment
outcomes, particularly in job waiting time. Despite the underrepresentation of women in STEM, the data
reveal that a significant portion of female alumni successfully enter the workforce quickly and show strong
academic performance. These findings support the notion that female STEM graduates possess competitive
capabilities and resilience in the job market.
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