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Abstract—The absorption of alumni from universities into the world of work is an essential indicator that universities must pay
attention to. One-way universities can pay attention to their alums is through tracer studies, where they can evaluate their
curriculum's relevance to what is needed in today's world of work. One aspect that can be seen from the tracer study to assess the
competitiveness of alums is the waiting time for alums to get their first job. This is because the sooner alums get jobs, the better
the curriculum the university provides to students. This research aims to apply machine learning to predict the waiting time for
alums from Telkom University to get their first job and find out what factors influence the waiting time for work. The algorithm
used in the research is the Decision Tree with hyperparameter tuning using Grid Search and feature selection application. There
are 3 methods of feature selection used for comparison: Spearman's Rank Correlation, Chi-square, and Principal Component
Analysis. This research produces the best prediction model in applying Chi-square and hyperparameter tuning with an accuracy of
0.79, recall of 0.79, precision of 0.80, and F1-Score 0.75. Several features, such as the number of companies registered, how to
find and get work, internship and practicum experience, ethical competency, discussion, and IT skills, have the biggest effects on
the model.
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1. INTRODUCTION

The high level of alum absorption in the world of work contributes to a region. This significantly impacts economic
development by reducing unemployment and stimulating economic activity through their jobs, taxes, and spending.
At the social level, employment improves the quality of life of alums and their families, and they often contribute to
community development in various ways. In addition, feedback from alums also has an impact on the world of
education.

The absorption of university alumni in the world of work is an essential indicator in measuring the success of
universities in preparing their graduates to enter the world of work. This process includes several stages, from
academic education to developing non-academic skills needed in the world of work. Universities that are successful
in alum placement usually have good curricula and skills development programs [1]. Additionally, support from
university career centers plays an important role in helping graduates identify employment opportunities. Thus, good
alumni absorption reflects the university's commitment to providing a holistic education that focuses not only on
academics but also on comprehensive preparation for the world of work.

At Telkom University, alumni conditions are monitored through tracer studies. A tracer study is a method of
tracking the career or life progress of educational institution graduates after completing a particular study or training
program. [2]. The main focus of the tracer study is to understand the extent to which the education or training received
by graduates has prepared them to enter the world of work. In the context of universities or other educational
institutions, implementing Tracer studies can help institutions demonstrate the quality of the education they provide,
identify the advantages and disadvantages of study programs, and improve the educational climate so that it is more
in line with the needs of the world of work [3]. Data collected through tracking studies includes information such as
status after graduating from college, assessment of aspects of ability, income level, and job placement level [3]. The
results of the tracer study provide valuable input for educational institutions to improve the quality of education and
prepare students more effectively to face the demands of the world of work [4].

The material in the tracer study comes from Direktorat Jenderal Pendidikan Tinggi (DIKTI) with the addition
of several fields required by various faculties [1]. One of the materials in the Telkom University tracer study is about
the waiting time for alums to get their first job. The length of time it takes for alums to enter the world of work can
reflect the extent to which the educational program has succeeded in preparing them to face the challenges of the job
market. By understanding the waiting time for alums to find work, universities can assess the effectiveness of their
educational strategies and adapt them to changing job market dynamics to increase the competitiveness of prospective
graduates. Understanding and evaluating the character and results of alums can be done using machine learning
methods [5]. By utilizing machine learning algorithms, universities can analyze historical data and variables that
influence alums's success in finding their first job.

The aim of this research is to predict the waiting time for Telkom University alumni in 2020-2021 to get their
first job using a machine learning algorithm, namely Decision Tree. In previous research at Telkom University,
research was conducted to analyze the correlation between student competence during lectures and the waiting time
to get their first job. Using one of the machine learning algorithms, namely Logit Regression and correlation
calculations using Spearman's Rank-Order Correlation and Chi-square, it was found that waiting time for work has a
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high correlation with competencies developed in the university curriculum, namely with a correlation of more than
90% [6]. Other research at Telkom University was also carried out to predict alums' waiting time for work using a
machine learning algorithm, namely an Artificial Neural Network (ANN). In this research, the accuracy of the ANN
model was obtained at 0.77. Then, efforts were made to increase the accuracy by applying K-Fold, and the accuracy
was increased to 0.87 [3].

One of the commonly used machine learning algorithms is Decision Tree (DT) [7]. This algorithm was chosen
in this research because it has an algorithm that is easy to understand, easy to use, has a good prediction level, and
high accuracy results [8]. This was proven in previous research, namely employability predictions from survey data
given to IT graduates and employers in Egypt using five types of algorithms, namely DT, Random Forest, Gaussian
Naive Bayes, Support Vector Machine, and Logistic Regression. Through several performance calculations, it was
found that DT produces the highest accuracy, namely reaching 100% [1].

In other research with the aim of classifying work waiting times using DT and Support Vector Machine, the
highest accuracy was found in the DT model. After setting the hyperparameters on the DT model with the parameter
set being maximum depth, the highest accuracy was obtained at 65%. [9]. Apart from that, in research conducted in
one of the Indian cities to predict student employability using the DT, Random Forest, Naive Bayes, and K-Nearest
Neighbour algorithms, the results showed that DT had an accuracy of 87.79%. [10].

Based on the performance results of the DT model in previous research, this research uses DT as the primary
model for making predictions. This research focuses on developing a model to predict the waiting time for alums to
get their first job using the DT algorithm. It was also identified which features had the most significant effect on
working waiting time-based on the best model that had been developed. Details of the research methodology are
explained in Section Il. The results of the research are described in Section I1l. Meanwhile, conclusions from the
research results are given in Section IV.

2. RESEARCH METHODOLOGY
2.1 Research Stages

The research aims to predict the waiting time for alumni to get their first job as a representation of competitiveness
using the DT algorithm. To implement the proposed methods, the Python programming language is used, combining
various libraries such as Pandas and Numpy for preparing data, Scikit-learn for feature selection and creating machine
learning model, Imblearn for handling imbalanced datasets, and Seaborn and Matplotlib for visualization. Figure 1
illustrates the stages of the research process.

Pre-Processing Data

Splitting Data
Data Collection Exp\;rat‘wy Data o
nalysis Data Cleansing —»| Feature Selection

3

Data Training

Y A,

Data Testing Decision Tree Model
Training

Is the testing
scenaric done?

Evaluation {_Tramed Decision Tree Hyperparameter
Model Tuning

Result Analysis Feature Importance |€—yve:

Figure 1. Research Flowchart Diagram

The flowchart outlines the key stages in preparing and processing data for a machine learning model. Initially,
raw data undergoes pre-processing, which involves cleaning and formatting it for analysis. Data collection follows,
gathering information from various sources. Exploratory Data Analysis is then performed to understand data
characteristics through visualization and summary statistics. Feature selection identifies the most relevant data features
to enhance model accuracy. The data is split into training data and testing data, followed by data cleansing to remove
errors and inconsistencies. The model is then trained on the training data and evaluated on the testing data. Evaluation
measures are computed, including recall, accuracy, precision, and F1-score. Hyperparameter tuning adjusts model
settings for optimal performance. The process concludes with the selection of a finalized model for use.

2.2 Dataset Collection and Pre-Processing

Gathering the dataset was the initial step in the study process. The Telkom University Career Alumni Endowment
provided the 2022 Tracer study dataset, which was used in this study. Table 1 show an overview of the dataset used.
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Table 1. Dataset Attributes

Attribute Description Attribute Description

study_program Alumni’s study program time_management* Time management competency
faculty Alumni’s faculty communication* Communication competency
funds_source Source of college funds teamwork* Teamwork competency

status Employment status self_development*  Self-development competency
province Province of work english* English language competency
edu- _ Educ_:atlon background and work IT skills* IT skills competency
work_relation relation

job_search How the way to get a job lecture™ Emphasis on lecture methods
qty_applied Quantity of company applied demonstration* rir:tm?jsgs on demonstration
gty _responded Quantity of company response research_project* i?tﬂgzzs on research projects

Quantity of company invites to

gty _interview interview internship* Emphasis on internship methods
company _sector  Sector of the company practicum* Emphasis on practicum methods
company_type Types of company field work* Emphasis on field work methods
ethic* Self ethical competency discussion* Emphasis on discussion methods
knowledge* Knowledge competency waiting_time Waiting time to get a first job

* Rated of alums ability and university contribution.

Table 2 shows the data description used for modelling alumnus competency profiling. The dataset is pre-
processed before model training to ensure high accuracy by cleaning irrelevant data. Several procedures are applied
during the pre-processing stage, including handling missing values, removing duplicate data, label encoding,
addressing imbalanced data, feature selection, and splitting the dataset. Missing values are handled by replacing empty
data using the median for numerical data and the mode for categorical data. Attributes with a missing value rate above
50% are neglected. For categorical data types, they are encoded and transformed into numeric data. The methods used
are label encoding and dummy encoding. Label encoding is used for attributes with values in the form of a sequence,
while dummy encoding is used for attributes with values that are not in the form of a sequence [11].

Table 2. Dataset Profiling

Quantity

Number of features 28

Number of rows 4945
Numerical 4
Feature types Categorical 24
. Company type 9
Missing Value Waiting_time 79
Duplicate rows 7

2.3 Features Selection

Feature Selection is used to select attributes with the highest correlation with the target variable. Several methods are
applied in feature selection, including Spearman's Rank Correlation Coefficient, Chi-Square, and Principal
Component Analysis (PCA). Some feature selection was applied to compare the differences in results from using the
two methods and find out which method produces higher accuracy after carrying out the modelling process and
measuring model performance.

Spearman's rank correlation coefficient assesses the relationship between 2 variables. Its value range is from -
1to 1. A value of -1 indicates a negative perfect correlation, a value of 1 indicates a positive perfect correlation, and
a value of 0 indicates no correlation [12]. The calculation of the Spearman rank correlation coefficient is defined as
follows.

6Y d?
n(n2-1)

@)

The variable p shows the correlation value from Spearman's rank correlation coefficient, where the closer the
value of p is to 1 or -1, the stronger the relationship between the variables. The variable d shows the difference in
ranking and n indicates the number of data pairs.

The Chi-square method is a statistical test that is applied to categorical data to determine whether there is a
strong correlation between two variables [13]. The null hypothesis (Ho) in this test symbolizes that the two variables
are independent or have no relationship. Meanwhile, the alternative hypothesis (H1) means the two variables have a

p=1-
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relationship. The Chi-square test statistic is calculated based on the difference between the observed and expected
frequencies in the absence of an association.

XZ = Z—(O_EE)Z (2)

In the above calculation, O represents the observed frequency and E represents the expected frequency for each
category combination. After that, the degrees of freedom are calculated using the following calculations. In this
calculation, r represents the number of entries in the table and c is the number of columns.

df = (c—1)(r—1) (3)

The Principal Component Analysis (PCA) method is used primarily to reduce the dimensions of certain data
sets. This methods is one of the most efficient and accurate methods for reducing the dimensionality of data and
provides the desired results. In this methods, a given data set's characteristics are reduced to a few desired qualities
known as principal components [14].

Inits application, PCA involves eigenvalue and eigenvector calculations [14]. The eigenvalue shows how much
variation each main component can explain. The greater the eigenvalue, the more variation is presented by the main
element in question. By understanding eigenvalues and eigenvectors, PCA allows us to select the most significant
principal components and produce data with lower dimensions.

2.4 Decision Tree

Decision Tree (DT) is an algorithm commonly used for classification. Because this algorithm is a part of supervised
learning, it requires labelled data to be applied. The way this algorithm works is by forming a tree-like structure
consisting of several nodes. A DT algorithm often consists of multiple levels of nodes, with the root node at the top
and the leaf node at the tip or bottom [15]. Every subset specifies the values a node can accept, and every node
represents an attribute in a category that must be classified [7]. The evaluation of input variables or features is shown
by all internal nodes that have at least one child node [16].

A data set's impurity is measured by the Gini index, which calculates the likelihood that an element chosen at
random would have a false label if its labelling were determined by its subset [17]. The procedure for measuring the
Gini Index is as follows.

Gini(L) =1 - X, p* (4)

L is the node in DT, c is the number of classes, and pi is the proportion of samples in class i. The Gini index
reaches a minimum value (0) when all samples at a node belong to one class and reaches a maximum value when the
data is evenly divided between classes. In other words, a smaller Gini value indicates that data separation is better
because it produces a more homogeneous group [9]. Recursively, the process of identifying decision rules that
produce splits to minimize impurities is carried out until either all pure leaf nodes or a predetermined cut point is
achieved [18].

2.5 Modelling

The modelling process using DT model algorithm requires hyperparameter tuning to optimize performance.
Hyperparameter tuning will be done with Grid Search. This method is a brute-force approach that will try every
possible combination of values with cross-validation [18]. Later, the combination of values that produces the highest
performance will be selected as the best model.

Key parameters that are tuned include min_samples_leaf and min_samples_split. The min_samples_leaf
parameter specifies the minimum number of samples a leaf node must have, while min_samples_split determines the
minimum number of samples a node must have before it is split [15]. The values of these parameters, which constitute
the sample space for hyperparameter tuning, are detailed in Table 3.

Table 3. Sample Space of DT Hyperparameter

Parameter Sample
min_samples_split 2,3,4,5,6,7,8,9,10
criterion gini
min_samples_leaf 1,2,3,4,56,7,8,9, 10

During this process, several modelling experiments are conducted to obtain a DT model with the highest
accuracy. The experiments include:
a. Comparing the performance of models with and without hyperparameter tunning parameters.
b. Comparing model performance from different feature engineering, including Spearman's rank correlation
coefficient, chi-square, and PCA.
c. Comparing model performance from number of target’s classes defined.
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2.6 Model Evaluation and Gini Importance

One way to evaluate the model created is to use a confusion matrix, which is a table used in evaluating model
classification performance to measure the extent to which the model can predict classes correctly [4]. The actual
classes of the data are represented by the rows in the table, while the classes that were successfully predicted by the
model represented by the columns. Based on the confusion matrix, other performance calculations can be carried out
to assess the effectiveness of the model that has been created [19]. Some of these performances are accuracy, precision,
recall and f1-score.

Gini Importance is one of the most common mechanisms for calculating the importance of an attribute from
data. This mechanism is widely used because it is easy to use and is directly available in most tree-based algorithms
such as Random Forest and DT [15]. When creating a decision tree, the algorithm evaluates various features to
determine the most effective classification split. Gini importance measures how important a particular feature is in
influencing decision making or in other words how good it is at separating data into different classes [20]. A higher
Gini importance score implies that a feature plays a more influential role in making accurate predictions [21].

3. RESULT AND DISCUSSION

3.1 Dataset Information

In this section, we present and analyze the findings of our study on waiting times for alumni obtaining their first job.
The investigation encompasses data distribution, correlation analysis, model performance, and the influence of various
features. We begin by exploring the distribution of waiting times, addressing class imbalance, and identifying key
features impacting the target variable. Subsequently, we evaluate the performance of different models and feature
selection methods, emphasizing the significance of Chi-Square feature selection combined with hyperparameter
tuning. Finally, we discuss the implications of feature importance, particularly focusing on alumni competencies and
university contributions, and their role in shaping job waiting times.
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Figure 2. The distribution of waiting time for alumni getting the first job.

Based on Figure 2, which shows the distribution of waiting_time, which is the target class, the distribution of
data from these features is not normal. The distribution of this data shows positive skewness, which indicates that the
existing data is more biased towards small values. The peak of the distribution is at the value 0, which is the highest
value in this dataset, indicating that the majority of data has the lowest waiting time. Conversely, as you move towards
higher values, the data frequency decreases, creating a long tail to the right of the graph. This shows that only a small
amount of data has a high waiting time. In accordance with the objectives of the research, the data distribution is
grouped into several classes. This is also to overcome abnormal data distribution.

In the target class, the waiting_time attribute is grouped into three classes, namely "Before Graduate", "1-6
Months", and ">6 Months". A comparison of the numbers for each class can be seen in Figure 3. In "Before Graduate"
there are 1272 data, "1-6 Months" there are 2113 data, and in ">6 Months" there are 1428 data. There is imbalanced
data with the second class or "1-6 Months" being the majority class when compared to other classes. An imbalanced
dataset is handled using SMOTE-ENN. As part of the experimental scenario, target features were also grouped into
two classes.
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Figure 3. Distribution of Target class with 3 fractions.
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Figure 4. Distribution of Target class with 2 fractions.

Figure 4 shows a bar plot of the target feature, namely waiting_time when divided into two classes. The division
is based on the median value of waiting_time which shows a value of 3. Based on this, the class is divided into 0-3
months and more than three months. Classes with 0-3 months totalled 2631 and classes with >3 months totalled 2182.
In this class division, there is still imbalanced data, with the 0-3-month class being the majority. Even though the data
imbalance in dividing into two classes is not too big when compared to dividing into three classes, it is still handled
using SMOTE-ENN.

Table 4. Correlation of features with targets feature

Attribute Spearman Kendall Attribute Spearman  Kendall
study_program 0.023 0.019 communication* 0.070 0.064
faculty 0.039 0.032 teamwork* 0.066 0.060
funds_source 0.040 0.038 self_development* 0.033 0.030
province 0.025 0.021 english* 0.004 0.002
edu-work_relation 0.083 0.072 IT skills* 0.066 0.060
job_search 0.103 0.088 lecture* 0.070 0.061
qty_applied 0.263 0.209 demonstration* 0.069 0.061
qgty_responded 0.233 0.187 research_project* 0.069 0.061
gty_interview 0.216 0.175 internship* 0.087 0.076
company_sector 0.023 0.019 practicum* 0.093 0.081
company_type 0.035 0.032 field_work* 0.107 0.094
ethic* 0.049 0.045 discussion* 0.153 0.135
knowledge* 0.043 0.038 time_management* 0.013 0.011

Table 4 shows the correlation of each feature with waiting time for work using Spearman and Kendall as a
comparison. Spearman correlation measures the monotonic relationship between 2 variables based on ranking.
Meanwhile, Kendall correlation is an ordinal relationship between two variables by calculating concordant and
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discordant pairs [22]. Based on these correlation calculations, there is no significant difference between Spearman and
Kendall. Both show a correlation that tends to be low for the majority of features towards waiting_time in the dataset,
with a range between 0.2 to 0.002. Both Spearman and Kendall produced the highest correlation with waiting_time
on the features qty_applied, qty_responded, and qty_interview.

Table 5. P-Value features with target feature

Attribute P-Value Attribute P-Value
study_program 0.64862 communication*® 0.45831
faculty 0.00105 teamwork* 0.38699
funds_source 0.52456 self development*  0.70510
province 0.00201 english* 0.21428
edu-work_relation 0.00111 IT_skills* 0.19054
job_search 0.00000 lecture* 0.01420
qty_applied 0.00000 demonstration* 0.00836
gty_responded 0.00000 research_project* 0.01051
gty _interview 0.00000 internship* 0.00126
company_sector 0.70510 practicum* 0.00143
company_type 0.10858 field_work* 0.00004
ethic* 0.33951 discussion* 0.00000
knowledge* 0.95971 time_management* 0.68734

In contrast using correlation test as the result in Table 5, through p-value of each feature on waiting time for work,
there are several features that have a strong influence on the target class. Nearly half of the features in the dataset have
a p-value below 5%. For example, job_search, gty _applied, gty _responded, and qty_interview with a p-value reaching
0.0000, which means that several of these features have a significant influence on waiting time for work. Even though
in order the features qty_applied, gty _responded, and qty_interview are both the top features from both Spearman
correlation and P-Value, calculations using P-Value show that these three features have a more significant influence
on the target class.

3.2 ModellingApplication

The features in the dataset will not be used entirely, so three types of feature selection methods will be applied, namely
Spearman Rank Correlation, Chi-Square, and PCA, as explained in section Il. Each application of feature selection
will be used to select the ten best features. Spearman feature selection is obtained from ten features with the highest
correlation with the target class, namely waiting_time. Feature selection with Chi-Square is obtained from ten features
with the highest Chi-Square Score or the lowest P-value. While PCA will reduce the original data into ten new features
as the main components. Then, the ten features are used during the modelling process.

The application of modelling begins with handling imbalanced data using SMOTE-ENN. This method
combines oversampling and undersampling techniques to improve the distribution of classes in the dataset.
Furthermore, the stratified k-fold cross-validation process is carried out with k of 5. This will make each iteration, one
fold is used as a testing set, while the other four folds are used as training sets. In other words, at each iteration, the
dataset is divided into 20% as testing data and 80% as training data.

Table 6. Best Parameter Value in Each Schemes

Modelling Scheme min_sample split min_sample_leaf
Spearman Rank Correlation (2 Class Target) 2 1
Spearman Rank Correlation (3 Class Target) 10 2
Chi-Square (2 Class Target) 3 8
Chi-Square (3 Class Target) 7 10
PCA (2 Class Target) 2 1
PCA (3 Class Target) 4 1

One of the experiments is to apply hyperparameter tuning to the DT model. Table 6 shows the value of each best
parameter when hyperparameter tuning is performed. Each model and feature selection method tested was searched
for its best parameters using Grid Search. The use of Grid Search was chosen to test every possibility of each parameter
combination. On the other hand, experiments with default parameters using min_sample_split values of 2 and
min_sample_leaf values of 1.

3.3 Modelling Results

To find the best model, several tests are carried out on hyperparameter tuning and selecting the feature selection
method. Three types of feature selection: Spearman Rank Correlation, Chi-Square, and PCA are used to select the ten
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best features for modelling. In addition, experiments are also conducted to compare the model's performance with
different numbers of classes, specifically 2 and 3 classes.

The performance is calculated using the accuracy, recall, precision, and f1-score values. Considering the many
scenarios for the experiment as explained in Section 11, the calculation of all performances is obtained with the help
of the Scikit-learns.metrics library to make it easier. Because the performance of recall, precision, and fl-score are
calculated for each class, calculating the three performances applies a weighted average. This average calculates the
average of metrics by giving weight to each class based on the proportion of the number of samples in that class. After
that, the average value of each performance is calculated for each fold to get the final performance value.

Table 7. Model Performance with 3 Class Targets

Feature Selection Accuracy  Recall Precision F1-Score
Spearman Rank Correlation (Default Parameter) 0.47 0.47 0.48 0.47
Spearman Rank Correlation (Hyperparameter Tuning) 0.48 0.48 0.9 0.48
Chi-Square (Default Parameter) 0.48 0.48 0.50 0.43
Chi-Square (Hyperparameter Tuning) 0.50 0.50 0.55 0.44
PCA (Default Parameter) 0.39 0.39 0.43 0.38
PCA (Hyperparameter Tuning) 0.40 0.40 0.44 0.38

Table 7 shows the performance of the model using three classes of target features. After carrying out several
experiments, the results were obtained that the application of Chi-square with hyperparameter tuning using Grid
Search produced the highest model performance compared to other testing results. By setting the parameters in
min_sample_split and min_sample_leaf, the best combination of hyperparameters was obtained with a
min_sample_split value of 7 and min_sample_leaf of 10. The best performance was obtained with an accuracy of
0.50, precision of 0.55, recall of 0.50, and F-1 Score of 0.44.

Table 8. Model Performance with 2 Class Targets

Feature Selection Accuracy  Recall Precision F1-Score
Spearman Rank Correlation (Default Parameter) 0.67 0.67 0.74 0.69
Spearman Rank Correlation (Hyperparameter Tuning) 0.67 0.67 0.72 0.68
Chi-Square (Default Parameter) 0.78 0.78 0.77 0.75
Chi-Square (Hyperparameter Tuning) 0.79 0.79 0.80 0.75
PCA (Default Parameter) 0.63 0.63 0.72 0.65
PCA (Hyperparameter Tuning) 0.64 0.64 0.72 0.66

To compare model performance, an experiment was conducted with two target classes. As shown in Table 8,
the scenario with two target classes demonstrated better performance than the scenario with three target classes.
However, in both scenarios, the best model was achieved using chi-square feature selection combined with
hyperparameter tuning. The optimal parameters identified were min_sample_split with a value of 3 and
min_sample_leaf with a value of 8. For the two-class target scenario, the highest performance metrics were achieved,
with an accuracy of 0.79, precision of 0.80, recall of 0.79, and F-1 Score of 0.75.

Additionally, a hypothesis test was conducted using two-way Analysis of Variance (ANOVA) to determine
the influence of feature selection methods, hyperparameter tuning, and their interaction on model performance. The
ANOVA was using samples from the highest performing model, namely from modelling using 2 classes and the
accuracy results from each testing scenario. Samples for accuracy, obtained with replication from each fold in 5-fold
cross-validation, were used in the testing.

Table 9. ANOVA Hypothesis Information

Factor Hypothesis Description
Feature selection has no significant effect
HO
. on the performance of the model
Feature Selection - P
Feature selection has a significant effect on
H1
the performance of the model
HO Hyperparameter tuning has no significant
. effect on the performance of the model
Hyperparameter Tuning - T
H1 Hyperparameter tuning has a significant

effect on the performance of the model

Both feature selection and Hyperparameter
HO have no significant effect on the

performance of the model

Both feature selection and Hyperparameter
H1 have significant effect on the performance

of the model

Interaction
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Table 9 provides a summary of the hypotheses tested. The null hypothesis (H0) indicates that changes in the
feature selection process, hyperparameter adjustments, or a combination of both do not affect model performance or
measured evaluation results. In contrast, the alternative hypothesis (H1) states that these factors significantly influence
model performance results, so variations in feature selection, hyperparameter adjustments, or a combination of both
will impact them.

Table 10. ANOVA results

Source of Variations F P-Value F critical Result
Feature Selection 108.8101 9.22E-13 3.402826 HO rejected
Hyperparameter Tuning 0.316456 0.578963 4.259677 HO accepted
Interaction 0.050633 0.950729 3.402826 HO accepted

The results of the ANOVA calculation are displayed in Table 10, with the alpha value set at 0.05. HO accepted
occurs when the P-value value is more than the alpha value, while HO rejected occurs when the P-value has a value
less than the alpha value. Based on the experimental results, it was found that the feature selection setting had an F
critical that was lower than the F value and a P-value below the alpha value, resulting in HO being rejected, which
means it influenced model performance. Meanwhile, hyperparameter settings have no influence on model
performance based on the results of ANOVA calculations. Next, an analysis is carried out for the feature importance
of DT in the best model scenario according to the one in Table 7, namely feature selection with chi-square combined
with hyperparameter tuning.

3.4 Feature Importance

Based on the feature importance analysis in Figure 5, the number of companies applied for is the most influential
factor in the model, indicating that applying to more companies increases the likelihood of a shorter waiting time for
work. The job_search feature follows, suggesting that the method of job searching impacts waiting time. The emphasis
on internships and discussions is also one of the most influential factors, which shows that companies are pretty
focused on internship experience and discussion skills for alums when accepting jobs. The province feature also plays
a significant role, showing that the choice of province for job applications can affect waiting time, with some provinces
having more job vacancies than others. Additionally, competencies such as field work and practicum, while not at the
top of the feature importance list, still influence waiting time. Interestingly, the qty_interview and qty_respond
features, which had significant p-values in Table 5, were found to be the least important in feature importance analysis.

0.527

qty_applied

job_search

internship

pravince

discussion

Features

edu-work_relation

field_work

qty_interview

practicum 0.007

qty_respond 40.001

0.0 0.1 0.2 0.3 0.4 0.5
Importance

Figure 5. Feature Importance

Further analysis was conducted to evaluate the importance of features related to student competencies and
university contributions, as shown in Figure 6. It shows feature importance if the features involved in the model are
only data originating from features with values containing the level of alum competency and university contribution,
which in the future will be referred to as competency feature importance. The model used is the same as that used for
feature importance in Figure 5, namely DT with feature selection using chi-square and a combination of
hyperparameter tuning. As a result, of course, some of the features in Figure 6 are still included in the competency
importance features such as discussion, internship, field_work, and practicum. However, what is interesting is that
several features were not previously in Figure 5 but are one of the top features in Figure 6. One of the most prominent
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features is english and ethics, which are the top features in feature importance. Some other features available are
IT_skill, and research_project. There is also a practicum feature, which was previously the lowest feature in Figure 5
but is actually the second most important feature in competency feature importance.

Features

english 0.174

0.169

practicum

ethic

discussion

IT_skiil

research_project

internship

lecture

demonstration

field_work

0.100 0125 0.150 0.175

Importance

0.000 0.025 0.050 0.075

Figure 6. Competency Feature Importance

4. CONCLUSION

In this study, we applied machine learning techniques to a tracer study dataset to predict the waiting time for alums to
get their first job. The findings show that the best performance is obtained from modelling the Decision Tree algorithm
using target features with 2 classes and applying a combination of chi-square and hyperparameter tuning. The highest
performance metrics achieved include accuracy, recall, precision, and F1 score, all exceeding 0.75. Hypothesis testing
using ANOVA further confirms that the choice of feature selection method has a significant impact on model’s
performance. Interestingly, hyperparameter tuning did not significantly enhance performance, indicating that the
default parameters are sufficient to produce an effective model. Feature importance analysis revealed that factors such
as the number of companies applied to, job search methods, and the choice of province for job applications have the
greatest influence on the model. Additionally, competencies such as internship experience, practicum, english, ethics,
discussions, and IT skills substantially impact the waiting time for alumni to secure their first job. These insights
suggest that universities can leverage machine learning especially Decision Tree algorithm and tracer study data to
refine their curricula, aligning education more closely with job market demands, and potentially reducing the waiting
time for prospective graduates to get their first job.
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