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Abstract Understanding the skill level among the workforce is essential for analysing the quality
of the labour market and supporting economic development. The objective of this study is to
classify skill level of the Malaysian workforce into skilled, semi-skilled and low-skilled categories
using supervised machine learning techniques. Current approaches rely on descriptive statistics
which limit the capability of interaction between multiple features and the prediction of future
outcomes. As the labour market scenario has shifted towards the adoption of digitalisation and
automation, it is essential to adopt more effective and robust methods to identify key factors
influencing skill level. This study applied the Cross-Industry Standard Process for Data Mining
(CRISP-DM) process to analyse 120,518 cases from the 2023 Salaries and Wages Survey
dataset. The dataset undergoes a comprehensive data preprocessing procedure of data cleaning,
data transformation, data splitting and handling multiclass imbalanced data by leveraging the
Synthetic Minority Oversampling Technique (SMOTE). Five tree-based algorithms were applied
including Decision Tree, Random Forest, Gradient Boosted Trees, Adaptive Boosting and
Extreme Gradient Boosting which is consistently recognised for their strong classification
performance. Model performance was evaluated using four metrics including specificity,
sensitivity, F1-score and accuracy. Random Forest achieved the best performance with an
accuracy of 86.45%, sensitivity of 86.45%, specificity of 90.89% and F1-score of 86.36%. The
findings indicated that Random Forest is effective in predicting the skill level category. Relevant
factors contributing to the prediction were salaries and wages received, economic activity,
education level, certificate obtained and year of birth. It provides valuable insights into enhancing
skill development initiatives that contribute to academic research by applying machine learning
techniques in labour market studies.
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Introduction

Understanding the skill level within the workforce is important to develop strong human capital,
particularly for developing countries such as Malaysia. The Malaysian labour market continues to face
challenges relating to underemployment where an individual is working below their qualifications,
mismatch between skill and job requirements and reliance on low-skilled [1]. As the current labour market
landscape has shifted towards automation and digitalisation, it is necessary to create a workforce
equipped with advanced skills and able to adapt working in a fast-changing technological environment

(1.

To address this, it is important to determine the scope of labour and understand the categorisation of
skill level. Labour refers to any kind of work carried out by an individual using physical and mental
contributions to produce goods and services [2]. According to economic theory, labour is part of the
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factors of production, together with land, capital and entrepreneurship [3]. As of 2023, there were 15.8
million workers in the Malaysian labour market with 9.7 million male and 6.1 million female [4].
Occupational classifications are grouped into skill level where the development of labour skills is
important to enhance productivity growth and economic development [5]. In Malaysia, the occupational
classification follows the Malaysia Standard Classification of Occupations (MASCO) 2020, which is
aligned with the International Standard Classification of Occupations (ISCO-08) under the International
Labour Organization [6].

MASCO 2020 categorised occupations into ten major groups which are further categorised into three
levels of skill including skilled, semi-skilled and low-skilled labour [6] using statistical approaches [4]. The
current approach utilises descriptive statistics that solely depend on a single categorical feature which is
occupation [4]. However, descriptive statistics do have several limitations including its limited scope,
inability to establish a causal relationship, unable for analytical analysis, tendency towards biased data
and over-reliance on the summary measures which is a constraint on its efficiency for evidence-based
policymaking [7].

To overcome this limitation, machine learning is an efficient technique as it allows for exploratory analysis
without relying on any empirical model [8] as it learns from previous data to identify patterns in large,
unstructured and complex databases [9]. Among several machine learning techniques, classification
approaches are suitable for predicting target categories from input features [10]. In recent years, the
application of tree-based algorithms has grown as it is capable of handling interactions between multiple
input features and the target variable with the ability to manage the non-linear relationship [11] which
makes this technique suitable to classify skill level.

From a global perspective, machine learning approaches have been widely employed in labour market
classification studies. However, in the Malaysian context, the application of machine learning particularly
in categorising labour skills and identifying factors influencing skill level at the national level by using
household survey data has not yet been implemented. Existing studies in other fields such as healthcare
[12], [13], [14] and sports [15], [16] have successfully utilised supervised machine learning approaches
like Decision Tree, Random Forest, Support Vector Machine, k-Nearest Neighbours and Neural Network
to handle classification issues.

Another challenge in labour skill classification is the issue of an imbalanced dataset where the distribution
of the target variable namely the skill level is not equally represented [17]. In an imbalanced dataset, the
model tends to focus and become biased toward the majority classes which is the semi-skilled category
while it performed poorly for the underrepresented classes [18]. In this dataset, the semi-skilled category
dominated the class distribution whereas skilled and low-skilled are underrepresented in the dataset [19].
Hence, the oversampling technique namely Synthetic Minority Oversampling Technique (SMOTE) is a
method to address imbalanced classes by constructing synthetic data for minority classes [20].
Additionally, the existing approach does not incorporate feature selection methods to reduce the
dimension of the large input predictors and enhance model accuracy [21].

As of now, there are limited studies predicting skill level as existing literature concentrates on skill level
in medical, sport and garment activities. In the Malaysian context, studies on labour market analysis
focus on graduate employability, job classification and occupational injuries. Therefore, this study aims
to develop a classification model to predict Malaysian skill level into skilled, semi-skilled and low-skilled
categories based on features included in the household survey data. Five tree-based algorithms will be
employed to assess the model’s performance and identify relevant features including Decision Tree,
Random Forest, Gradient Boosted Trees, Adaptive Boosting and Extreme Gradient Boosting. Decision
Tree is recognised for its simplicity and interpretability, the Random Forest for its robustness in handling
imbalanced data, Gradient Boosted Trees for capturing complex patterns, Adaptive Boosting for its
efficiency on weak learners and Extreme Gradient Boosting for its accuracy and fast execution. The
selection was based on the suitability for managing both categorical and continuous features with its
strong capability and interpretability in single trees, ensemble and boosting techniques. Moreover, the
operation of tree-based algorithms does not require assumptions on the underlying dataset with the
ability to capture non-linear relationships between input predictors and the target variable which contrasts
with traditional Logistic Regression [22]. These algorithms have proven to be an efficient method for
classification tasks in various domains and a powerful technique for predicting skill level for further
exploration. The outcomes of this study offer valuable insights into strengthening labour market
modelling and support the initiatives focusing on the importance of skills among the workforce at the
national level.
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Related Works

Several studies have been carried out to assess labour market information from the perspective of
statistical and machine learning approaches. In terms of statistical approaches, Logistic Regression is
widely used in managing binary classification tasks. This method was employed to determine the
structures of labour market participation in Italy focusing on the second-generation youth [23], predicting
factors influencing the overeducated individuals in Turkey [24], to define occupational skill requirements
in Germany [25] and evaluate the relationship among the status of employment and the mental health
outcomes [26]. Additionally, [27] utilised Logistic Regression to select factors impacting the vertical and
horizontal mismatches among young graduates in Hungary whereas [28] applied it to determine the
employment likelihood among construction workers in Turkey. In conclusion, Logistic Regression is a
widely common statistical approach to solve binary classification that provides reliable information
towards identifying important factors and understanding the association between the target variable and
input variables [29]. However, [29] highlighted its limitations on non-linear relationships and are prone to
overfitting.

Machine learning models are excellent in determining relationships and complex data structures,
particularly in dealing with a large number of features [30]. There were various statistical and machine
learning approaches which have been applied in the labour market classification studies. A literature by
[31] classified graduates’ employability among Technical and Vocational Education institutions in
Malaysia by employing Logistic Regression, Neural Network and Random Forest with Random Forest
achieving the highest accuracy. Furthermore, [32] employed machine learning to assist graduates in
selecting appropriate sectors and companies based on their location and interests with five models
employed including Decision Tree, Random Forest, Naive Bayes, Support Vector Machines and k-
Nearest Neighbours. Random Forest outperformed other models with 99.4% accuracy. In the meantime,
[33] applied Logistic Regression, Random Forest and Extreme Gradient Boosting to explore factors
influencing fatal occupational injuries among migrant workers with Extreme Gradient Boosting achieving
the highest accuracy. These machine learning approaches have been effectively utilised in various
disciplines focusing on prediction accuracy [34], [35].

The existing statistical approach in classifying the skill level within the Malaysian context is by utilising
descriptive statistics with considering a single feature which is the major occupational group according
to MASCO 2020 [4]. It does not take into account any other factors influencing the skill level classification.
There are limitations as it does not capture any interaction between multiple features, has limited scope
and cannot predict the future skill level [7]. Thus, existing approaches may not be suitable to meet the
current labour market scenario as rapid technological changes will drive economic growth. As of now,
the Malaysian labour market continues to face challenges of skill mismatch and underutilisation of skilled
labour. Rapid changes in technological advancement and industry requirements have made the labour
market more dynamic. Currently, there are no extensive applications of machine learning approaches
emphasising skill level at the national level despite its capability of handling large datasets, enhancing
classification accuracy, identifying the structure of datasets, predicting skill shortages and the ability to
automate statistical analysis.

Tree-based algorithms are widely used in solving classification issues as it is capable of handling non-
linear relationships and interactions between target features and input features [11]. In addition, it can
manage mixed types of data comprising categorical and continuous data, can handle large predictors
and is easy to understand. It concentrates on identifying the most important variables to improve the
prediction [36]. Tree-based algorithms consist of single-tree and ensemble approaches namely the
bagging and boosting techniques.

The Decision Tree under the single tree is a non-parametric method that is suitable for predicting
quantitative or qualitative information [37]. Random Forest, a bagging ensemble approach is built on the
foundation of the Decision Tree [38] able to handle large datasets, missing values and outlier data [36].
Meanwhile, the Gradient Boosted Trees offers high accuracy in the model prediction and executes tasks
rapidly [39] while Adaptive Boosting uses a Bayesian classifier to minimise the error in the prediction
model by integrating several weak models to achieve a powerful model [40]. Another powerful boosting
technique is Extreme Gradient Boosting with the ability to mitigate overfitting and obtain high accuracy
[33].

Overall, the tree-based algorithm is useful for classification issues in which this technique needs to
balance between accuracy, interpretability and computational efficiency. This study fills this gap by
applying five tree-based algorithms to determine the most effective algorithm to classify skill level and
identify the most relevant features contributing to the classification of skill level.
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Methods

The methodology to predict the skill level classification is based on a quantitative approach through
employing supervised machine learning approaches. This study adopts the Cross Industry Standard
Process for Data Mining (CRISP-DM) as it is accessible to the public and provides a standardised
structure which is suitable for data mining in both academic research and industrial applications [41].
The research framework is illustrated in Figure 1. This study utilised the Salaries and Wages Survey
dataset which undergoes data preprocessing procedures and continued with the classification process
using tree-based algorithms. Next, measuring model verification using performance metrics namely
specificity, sensitivity, F1-score and accuracy. Finally, an optimal model was chosen as the proposed
model for skill level classification according to the best evaluation of the model’s performance.

Component Diagram
Research
Understanding Literature Review Problem
Data
Data |
Preprocessing Data Cleaning: Duplicate Cases, Missing Values,
Outliers Detection, Eliminate Features

Data Splitting (80:20)

[ Handling Multiclass Imbalanced Data (SMOTE) ]

Modelling Tree-based Algorithms

Gradient Adaptive
Boosted Boosting

Extreme
Gradient
Boosting

Random

Decision
Tree Forest
Trees

Model Evaluation [ Specificity, Sensitivity, F1-Score, Accuracy ]

Figure 1. Research Framework using CRISP-DM

Data Description

This study utilises a secondary dataset namely the Salaries and Wages Survey for the reference year
2023, a household survey approach collected by the Department of Statistics Malaysia [19]. It follows
the international guideline, An Integrated System of Wages Statistics [42] published by the International
Labour Office and adopts a two-stage stratified sampling design [19]. The dataset consists of 120,518
cases with a combination of 53 features in both categorical (47 features) and continuous (6 features)
data types. The categorical features refer to economic activity, certificate obtained, state of birth,
education level, employment status, gender and marital status whereas continuous features comprise
salaries & wages received, working hours and age. The target variable is the skill level which can be
classified into three categories namely skilled, semi-skilled and low-skilled labour.

Data Preprocessing

The process of data preprocessing involves four procedures as depicted in Figure 2. It starts with data
cleaning, followed by data transformation, data splitting and handling multiclass imbalanced data. These
procedures are to ensure data quality and readiness for model prediction to assure a robust analysis
[43].

Data = Data = Data = Handling Multiclass
Cleaning Transformation Spilitting Imbalanced Data

Figure 2. Process of Data Preprocessing
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Data Cleaning

First, the data cleaning procedure consists of managing duplicate cases, missing values on features,
eliminating irrelevant features, missing values for cases and outlier detection. There were five duplicate
cases with similar identification numbers and the cases have been removed from the dataset [44]. It was
observed that there were incomplete data with 12 features recorded with missing values. The missing
values were examined descriptively by calculating the percentage of incomplete entries across individual
features. Nine features involving 7 categorical features and 2 continuous features with more than 30 per
cent of missing values were removed to ensure data quality and consistency [45] as it contribute noise
to the dataset [32]. Additionally, seven features were removed as it contains similar components with
different levels of reporting to prevent duplicate and irrelevant information.

Data imputation is conducted for two cases with less than 20 per cent of missing values from the
complete data [46] involving other benefits received from employers and working hours. Mode imputation
was employed to the categorical feature namely other benefits received from employers whereas median
imputation was applied to the continuous feature of working hours due to its skewness value of 0.62.
Data trimming on outlier values for two continuous features was performed by excluding cases within
the 1st and 99th percentiles to prevent the impact of extreme values [47]. Upon completion of the data
cleaning procedure, 116,747 cases with 38 features remained for further analysis.

Data Transformation

Data transformation is a process of converting selected features into an appropriate format for the
purpose of statistical analysis [48]. This study employed ordinal encoding techniques to transform six
features including strata, ethnic, citizenship, marital status, education level and certificate obtained into
structured criteria suitable for analysis.

Data Partitioning

Data partitioning in this study used the data splitting technique with a ratio of 80:20. The dataset consists
of 116,747 observations and has been partitioned randomly into 80% of training dataset and the
remaining 20% of validation dataset [9], [37] as illustrated in Figure 3. This procedure enables the
evaluation of the model generalisation on the unseen dataset and mitigating overfitting or underfitting
issues [49]. The training dataset allows the algorithm to learn and recognise patterns whereas the
validation dataset is to evaluate the algorithm performance and update the weights to improve accuracy
[50].

Data Spilitting (116,747 cases)

T

Training: 80% Validation: 20%
(93,397 cases) (23,350 cases)

Figure 3. Data Partitioning using the Splitting Method

Handling Multiclass Imbalanced Data

To address the imbalanced classification issue within the target variable while enhancing the model
accuracy, the Synthetic Minority Oversampling Technique (SMOTE) was implemented only to the
training dataset comprising 93,397 cases as depicted in Figure 4. SMOTE reduces classification bias
and helps prevent overfitting to the majority classes [52] by generating synthetic data on the minority
classes. The equation of SMOTE is defined by [52] using Equation 1.

Jnew = fi + (fl - fnear) XR 1)

where f,.,, is a newly generated sample, f; is a randomly selected sample from the minority class, fcqr
is a randomly selected nearest neighbour of f; from the minority class and R is a random number ranging
from 0 and 1 to examine the degree of the interpolation.

In this study, SMOTE was employed solely on the training dataset to obtain a balanced distribution
across the skill level classes. The model evaluation was conducted on the original imbalanced testing

e-ISSN 2289-599X| DOI: https://doi.org/10.11113/mjfas.v21n5.4435 2775



MJ FAS Shabli et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 21 (2025) 2771-2789

dataset to avoid bias in synthetic data. This confirms SMOTE efficiently addressed imbalanced classes
during training without disturbing the reliability of the model evaluation outcomes [53].

58,099 58,099 58,099 58,099

23,621

D 11,677

Skilled Semi- skilled Low-skilled Skilled Semi- skilled  Low-skilled

Before Oversampling After Oversampling

Figure 4. Diagram of SMOTE on Training Dataset

Tree-Based Classification Algorithms

Tree-based algorithms employ a hierarchical structure by splitting data into branches to generate
predictions [54]. These algorithms are typically known for their ability to handle tabular data which is
widely employed in real-world applications [54]. This study employed five tree-based algorithms to
identify features influencing skill level within the Malaysian workforce. The selected algorithms include
Decision Tree, Random Forest, Gradient Boosted Trees, Adaptive Boosting and Extreme Gradient
Boosting. The outcome of these algorithms will be compared to determine the best-proposed model
according to performance measurement for predicting skill level classification [37].

Decision Tree

A Decision Tree is a single-tree algorithm which constructs predictions using a tree-like structure of
nodes, branches and leaf nodes to address regression and classification issues [55]. It is effective in
managing categorical and continuous features with the ability to handle incomplete data [39]. The
algorithm involves two steps in developing the trees by constructing and pruning the trees.

In this study, DecisionTreeClassifier was employed from the sklearn.tree module. A random
state was fixed at 42 to allow for reliability. The Gini index was used as the default splitting metric to
achieve the best split. The algorithm typically chooses splits with lower impurity as it represents a purer
node [56]. Measurement of node impurity using the Gini index which ranges between 0 to 1 is defined in
Equation 2.

Gini=1-Y" (P)? 2)

where n is the total number of unique classes in the dataset and P; is the proportion of cases that belong
to class i. The minimum sample size needed for splitting an internal node was set to 2
(min samples split=2). Meanwhile, the minimum sample size required for a leaf was set to 1
(min_samples leaf=1). Feature selection was based on the best split while no predefined limit on the
tree depth. Pruning and regularisation techniques were disabled during the training process.

Random Forest

Random Forest operates as an ensemble machine learning approach that combines several decision
trees using the bagging technique [55]. It is capable of handling missing values, outliers and complex
data structures while reducing overfitting [58]. For classification tasks, this algorithm constructs multiple
decision trees to predict the outcome classes and the final class is chosen through majority voting among
the trees [59].

This study utilised RandomForestClassifier fromthe sklearn.ensemble module. The model was
set to employ 100 trees with a random state fixed at 42 to ensure consistency. Other parameters
implemented were the Gini index as the splitting criterion and automatic feature selection according to
the square root of the number of input features (max_ features='sqgrt"'). There was no limitation on
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the tree depth unless further splitting was constrained by an insufficient number of samples or class
purity. Measurement of Gini impurity is using Equation 2 [56]. Meanwhile, the Random Forest can be
measured based on Equation 3 [60].

i
RF = argmaxjg{l'zwc}zl 1DTL-J- (3)
i=

where argmaxje,,.cy is the majority voting function, i is the number of decision trees and j is the
number of possible classes in the target features.

Gradient Boosted Trees

Gradient Boosted Trees is a boosting technique categorised under ensemble machine learning
algorithms [61]. It uses a loss function to minimise the prediction errors gradually until it achieves the
optimal outcome [55]. It is effective in handling non-linear data, noisy data and complex feature
interactions [39]. The model constructs the trees sequentially to strengthen model performance by
utilising a negative gradient to the loss function through mitigating errors from the previous iterations [62].

The algorithm utilised the GradientBoostingClassifier from sklearn.ensemble module. The
model has been set to perform 100 boosting iterations while the random state was fixed at 42 to ensure
reproducibility. A learning rate of 0.1 with a maximum tree depth of 3 was employed for each weak
learner. This algorithm implemented 1og_loss function that is suitable for multiclass classification task.
The entire dataset was used for every boosting iteration with all input features included during the splitting
procedure. The model was trained without early stopping and manual hyperparameter optimisation. It
can be customised by the selection of loss function, weak learner depth and additive model [63] as
formulated in Equations 4 and 5.

Fm(x) = Fm—l(x) + ymhm(x) 4)
Ym = arg miny zi:nL(yi'Fm—l(xi) + Yhm (%) (5)

where F,, represents the model at-m from gradient boosting approaches, x is the input value, y is the
coefficient value and h,, is the decision tree at-m.

Adaptive Boosting
Adaptive Boosting operates as an ensemble algorithm by combining several weak models and

emphasising correcting the errors from the previous models [18]. It generates robust predictions by
sequentially minimising error from the preceding models by combining several weak learners [40].

This study utilised AdaBoostClassifier from the sklearn.ensemble module. The algorithm
constructed 100 boosting iterations with a fixed random state of 42 was employed for statistical
consistency. The learning rate was configured to 1.0. The base estimator was implemented using
DecisionTreeClassifier configured as a decision stump by setting the maximum tree depth to 1.
No application of manual hyperparameter tuning was employed during the model development. Adaptive
Boosting can be computed using Equation 6 [64].

H(x) = sign(Xi=q acHy(x)) (6)

where H(x) is the outcomes of the developed ensemble model, a, _, a, is a set of weights, T is the total
number of iterations or weak learners in the ensemble and H;(x) is the performance of weak learners
te(d,.., 7).

Extreme Gradient Boosting

Extreme Gradient Boosting is a boosting technique under the ensemble approach that is widely
recognised for its computational efficiency, capability to achieve higher accuracy and ability to mitigate
overfitting [33]. It gradually generates an ensemble of decision trees where every subsequent learner
emphasises correcting errors made from preceding trees to increase overall performance [62].

In this study, the Extreme Gradient Boosting algorithm was implemented using XGBClassifier from
the xgboost library. It involves 100 boosting iterations with a learning rate of 0.3. The maximum tree
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depth was configured to 6 to minimise overfitting. The objective function was set to multi:softmax
with num class=3 that is suitable for multiclass classification. The evaluation metric used was
mlogloss while label encoding was disabled. Other parameters including a fixed random state of 42
with both subsample and colsample bytree were set to 1.0. There is no manual hyperparameter
tuning employed during this process.

The objective function of Extreme Gradient Boosting comprises of loss function for minimising
classification error and a regularisation term for considering several leaves and its weights [62]. The
measurement can be computed using Equation 7 [62].

Objective function = Z?LIZﬁzl LWk, Pu) + Xn=12(fin) (7)

where N is the number of data points, k is the number of classes, L(Y;,, P;) is the cross-entropy loss
function for the i-th data point and k-th class, P;; is the predicted probability for a i-th data point to k-th
class and 2(f,) is the regularisation term for the m-th weak learner.

Model Evaluation

Model evaluation is an important procedure to understand the skill level classification performance of the
model prediction. The classification in this study is segmented into three classes namely Skilled (Class
1), Semi-skilled (Class 2) and Low-skilled (Class 3). A literature by [65] stated that the multiclass
classification performance can be measured using a confusion matrix as depicted in Table 1.

Table 1. Confusion Matrix for 3-Class Problems

Predicted Class

Skilled =1 Semi-skilled = 2 Low-skilled =3
Skilled =1 TP FN FN
Actual Class Semi-skilled = 2 FP TN FN
Low-skilled =3 FP FN TN

where TP is True Positive, TN is True Negative, FP is False Positive and FN is False Negative based on
the confusion matrix to represent the true prediction of skill level classification across three categories.
The formula for performance metrics including specificity, sensitivity, F1-score and accuracy is as below.

Sensitivity measures the number of true positive predictions to the total number of actual positive
observations as in Equation 8 [66]. A higher sensitivity score reflects the ability of the skill level prediction
model to correctly recognise the three skill level categories. For instance, a high sensitivity value for the
skilled category indicates that most of the skilled workers have been accurately assigned to their actual
category.

(TP1+TP2+TP3) ®)
(TP1+TP2+TP3)+(FN1+FN2+FN3)

Sensitivity =

Specificity represents the total number of true negative predictions to the number of actual negative
observations using Equation 9 [66]. In this study, a high degree of specificity indicates the model’s
efficiency to accurately excluding workers who do not belong to that particular skill level category. Thus,
it minimises misclassification among the three skill level classes.

(TN1+TN2+TN3) )
(TN1+TN2+TN3)+(FP1+FP2+FP3)

Specificity =

The F1-score is a single metric combining precision and recall to provide a balanced measure of a
model’s classification performance as Equation 10 [64]. A high F1-score shows the model’s ability to
accurately determine workers respective skill level categories while preventing incorrect categorisation.
F1— Score = Z*Pre'ci'sion*Recall (10)
(Precision+Recall)
Accuracy refers to the number of true predictions to the total number of observations in the dataset as
computed in Equation 11 [66]. It represents the capacity of the classification model to assign workers
according to their correct skill level categories. A strong accuracy score indicates that the algorithm has
effectively identified worker’s actual skill level category.
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(TP1+TP2+TP3) + (TN1+TN2+TN3) (1 1)
(TP1+TP2+TP3)+ (TN1+TN2+TN3)+(FP1+FP24+FP3)+(FN1+FN2+FN3)

Accuracy =

The result of each algorithm was compared to obtain the proposed model for predicting the skill level.
Model with optimal result was selected and applied to predict the skill level classification.

Results and Discussion

The analysis of this study can be segmented into three components. It consists of descriptive statistics
analysis, performance of tree-based algorithms and feature importance affecting the skill level
classification.

Descriptive Statistics

This study utilised the Salaries and Wages Survey for the reference year 2023 with 120,518 cases. The
data comprises mixed data types including categorical and continuous features. The distribution of
gender was depicted in Figure 5 with male dominating the cases with 62.8%. Meanwhile, Figure 6
illustrates the composition of the economic sector with the majority working in services (64.3%) while
fewer labourers work in mining & quarrying (0.7%).

Percentage (%)
70

64.3
60
Female 50
37.2%
40
Male
62.8% 30
20 12.8 14.8
0.7
) L

Agriculture Mining & Manufacturing Construction Services
Quarrying
Figure 5. Distribution of Cases by Gender Figure 6. Distribution of Cases by Economic Sector

In terms of the target variable, the skill level can be classified into skilled, semi-skilled and low-skilled
labour as depicted in Figure 7. The classes were dominated by the semi-skilled category (74,717) which
overrepresented skilled (30,969) and low-skilled (14,832) cases. This indicates the target variables are
imbalanced which is an issue for machine learning approaches as it leads to a biased prediction by
concentrating on the majority classes and performing poorly within the minority classes [18].

Cases
80,000 74,717
60,000
40,000 30,969
20,000 14,832
: ]
Skilled Semi-skilled Low-skilled

Figure 7. Distribution of Cases by Skill Level

e-ISSN 2289-599X| DOI: https://doi.org/10.11113/mjfas.v21n5.4435 2779



MJFAS

Shabli et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 21 (2025) 2771-2789

Performance of Tree-Based Algorithms

This section explains the performance of five tree-based algorithms including Decision Tree, Random
Forest, Gradient Boosted Trees, Adaptive Boosting and Extreme Gradient Boosting. The measurement
is based on the confusion matrix namely specificity, sensitivity, F1-score and accuracy.

Decision Tree

The effectiveness of the Decision Tree algorithm has been evaluated using multiple metrics. The
confusion matrix in Table 2 demonstrates the classification outcomes of the Decision Tree in categorising
skilled, semi-skilled and low-skilled workers. It allows explanations of the model’s ability to accurately
identify both positive and negative classes. This model achieved an accuracy of 80.44% in predicting
skill level. This indicates the majority of the workers have been allocated to their actual skill level
categories with 4,736 skilled, 12,032 semi-skilled and 2,014 low-skilled workers accurately identified.
Specificity recorded at 88.50% shows it is capable of identifying cases with negative classes correctly,
which indicates a low chance of assigning the workers to incorrect skill level categories. For instance,
only 160 low-skilled workers have been misclassified into the skilled category.

Meanwhile, a sensitivity of 80.44% indicates the model’s ability to correctly identify workers who belong
to their actual skill level classes. It shows that most of the skilled, semi-skilled and low-skilled workers
were correctly identified rather than being misclassified. The F1-score of 80.72% reflects an equal
measurement between recall and precision in reducing errors on both false positives and false negatives.
These outcomes suggest that the Decision Tree provides a consistent baseline algorithm for skill level
classification to correctly identify negative cases which is shown by a higher specificity value.

Table 2. Confusion Matrix for Decision Tree Algorithm

Predicted Class

Skilled Semi-skilled Low-skilled
Skilled 4,736 974 188
Actual Class Semi-skilled 1,399 12,032 1,158
Low-skilled 160 689 2,014

Random Forest

The confusion matrix in Table 3 shows the classification performance of the Random Forest algorithm.
This model recorded an accuracy of 86.45% with correctly recognised 4,842 skilled, 13,297 semi-skilled
and 2,047 low-skilled workers. This suggests that Random Forest demonstrates a strong capability to
capture the actual skill level composition in the labour market. The high specificity value of 90.89%
emphasises the robustness of Random Forest in correctly identifying negative cases, thus minimising
the risk of misclassification across skill level categories. In this scenario, 68 low-skilled workers were
misclassified as skilled, 748 low-skilled as semi-skilled and 87 skilled workers were incorrectly labelled
as low-skilled workers.

A sensitivity score of 86.45% represents the Random Forest’s abilities to determine positive cases
efficiently. The results demonstrate that most workers were correctly categorised according to their actual
skill level classes. The F1-score of 86.36% highlights a balanced performance within recall and precision.
The balance is essential as semi-skilled workers comprised the largest category within the dataset.
Overall, Random Forest demonstrates superior performance against the Decision Tree algorithm by
achieving higher scores across four evaluation metrics, indicating its accuracy in identifying workers into
skilled, semi-skilled and low-skilled categories.

Table 3. Confusion Matrix for Random Forest Algorithm

Predicted Class

Skilled Semi-skilled Low-skilled
Skilled 4,842 969 87
Actual Class Semi-skilled 710 13,297 582
Low-skilled 68 748 2,047
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Gradient Boosted Trees

The Gradient Boosted Trees classification performance was evaluated using the confusion matrix shown
in Table 4. This algorithm achieved an accuracy of 75.89% in determining the Malaysian workforce into
skill level categories. A number of 4,338 skilled workers, 11,425 semi-skilled workers and 1,958 low-
skilled workers were accurately classified. Despite the ability to capture correct classification categories,
misclassifications were also observed across the skill level categories. In this study, the specificity value
of 85.92% indicates the effectiveness of this algorithm in correctly identifying negative cases which
reducing the risk of workers being determined to higher or lower skill level categories. The results show
that 99 low-skilled workers were misidentified as skilled, 806 low-skilled as semi-skilled and 287 skilled
workers were incorrectly labelled as low-skilled workers.

The sensitivity score of 75.89% demonstrates the algorithm’s efficiency in accurately determining positive
cases in which the workers were correctly identified based on their actual skill level. However,
misclassification exists such as 1,281 semi-skilled workers were identified as skilled while 1,883 semi-
skilled as low-skilled workers. On the other hand, the F1-score of 76.55% represents the model’s
efficiency in addressing the class imbalances while maintaining prediction accuracy. Overall, although
this algorithm posted lower performance across all evaluation metrics compared to the single tree and
other ensemble classifiers, the outcomes remain informative in understanding the classification patterns
of workers’ skill level.

Table 4. Confusion Matrix for Gradient Boosted Trees Algorithm

Predicted Class

Skilled Semi-skilled Low-skilled
Skilled 4,338 1,273 287
Actual Class Semi-skilled 1,281 11,425 1,883
Low-skilled 99 806 1,958

Adaptive Boosting

The classification performance of Adaptive Boosting to predict skill level is summarised in the confusion
matrix as depicted in Table 5. This model achieved an overall accuracy of 68.42% with 4,286 skilled,
9,865 semi-skilled and 1,826 low-skilled workers accurately classified. Despite the algorithm’s capacity
to capture correct skill level categories, its accuracy score was the lowest compared with the single tree,
ensemble and boosting techniques. In terms of specificity, Adaptive Boosting recorded 82.57% showing
its capability to determine negative cases correctly while minimising misclassification across skill level
categories. For instance, 143 low-skilled workers were labelled as skilled, 894 of the low-skilled workers
as semi-skilled and 324 skilled as low-skilled workers.

A sensitivity level of 68.42% reveals weaker performance in determining positive cases. It shows that
while this algorithm identified the actual skill level categories, there were also misclassifications among
the workers’ skill level. The largest misclassification occurred in the semi-skilled category where 2,280
were misclassified as skilled while 2,444 as low-skilled. The F1-score obtained was 69.46% highlighting
a balance performance between precision and recall. In conclusion, Adaptive Boosting registered the
weakest classification performance among other tree-based algorithms in this study across accuracy,
sensitivity, specificity and F1-score. The results indicate the limitations of this algorithm in managing
imbalanced labour market data and highlight the need for more robust techniques to ensure classification
accuracy across the three skill level classes.

Table 5. Confusion Matrix for Adaptive Boosting Algorithm

Predicted Class

Skilled Semi-skilled Low-skilled
Skilled 4,286 1,288 324
Actual Class Semi-skilled 2,280 9,865 2,444
Low-skilled 143 894 1,826
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Extreme Gradient Boosting

The classification performance of Extreme Gradient Boosting (XGBoost) in predicting skill level is
presented using the confusion matrix in Table 6. The algorithm obtained a model accuracy of 82.57%
which indicates that a large number of workers were correctly assigned into their respective skill level
categories. A total of 4,554 skilled, 12,835 semi-skilled and 1,891 low-skilled workers were accurately
detected, highlighting the algorithm’s capability to accurately determine the actual skill level composition.
The specificity of 88.52% indicates its powerful capability to detect the negative cases which lowers the
possibilities of misclassifying the workers. As an example, 894 low-skilled workers have been wrongly
assigned as semi-skilled workers whereas 130 skilled workers were incorrectly classified as low-skilled
workers.

In addition, XGBoost obtained a sensitivity of 82.57% reflecting an excellent level of correctly detecting
the positive cases on skill level classification. This shows that the majority of skilled, semi-skilled and
low-skilled workers have been successfully identified into their actual skill level classes. The value of the
F1-score is 82.53% highlighting a balanced prediction between precision and recall where Extreme
Gradient Boosting is reliable for handling class imbalances where semi-skilled workers dominate the
dataset. The XGBoost performance across accuracy, sensitivity, specificity and F1-score demonstrate
its effectiveness in classifying the skill level among Malaysian workers.

Table 6. Confusion Matrix for Extreme Gradient Boosting Algorithm

Predicted Class

Skilled Semi-skilled Low-skilled
Skilled 4,554 1,214 130
Actual Class Semi-skilled 863 12,835 891
Low-skilled 78 894 1,891

Feature Importance

In Python, feature importance for each algorithm can be analysed according to the weight of each feature.
Subsequently, the top 10 features were identified following the feature ranking [67] as relevant features
influencing skill level classification [68].

Decision Tree

Figure 8 highlights the top ten relevant features to predict skill level classification. The highest weight
was salaries and wages received (0.27) which significantly surpassed the other features. This illustrates
that salaries and wages received are the most important in the prediction of skill level classification by
using the Decision Tree. This algorithm heavily relies on this feature in the prediction of the target
variable. The second highest weight is economic activity (0.17), followed by certificate obtained (0.06)
and state of birth (0.05).

Salaries and Wages Received 0.2730
Economic Activity 0.1684

Certificate Obtained
State of Birth

Education Level

0.0437

Feature

Working Days

Year of Birth 0.0358
Working Hours 0.0296
Age 0.0285

Working Location (State) 0.0259

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Weights

Figure 8. Features Weight Using Decision Tree Algorithm

Random Forest
The weight generated by Random Forest algorithm are depicted in Figure 9. The main feature
contribution to predict skill level was salaries and wages received (0.17). Economic activity ranked
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second (0.13), followed by education level (0.06) and certificate obtained (0.06). These features show
the important features influencing skill level are depending on the higher value of weights.

Salaries and Wages Received 0.1699

Economic Activity 0.1272

Education Level

Certificate Obtained 0.0569

Year of Birth 0.0475
Age 0.0448

Feature

Working Days 0.0419

State of Birth 0.0413
Working Hours 0.0383
0.0329

Working Location (State)

0.00 002 0.04 0.06 008 010 012 014 016 018
Weights

Figure 9. Features Weight Using Random Forest Algorithm

Gradient Boosted Trees

Figure 10 highlights the feature weight generated by Gradient Boosted Trees to provide insights on
relevant of input features. Three highest weights were salaries and wages received (0.44), economic
activity (0.13) and education level (0.09). These outcomes emphasise the important role of salaries and
wages received, economic activity and education level to classify skill level category.

Salaries and Wages Received 0.4427

Economic Activity
Education Level
Certificate Obtained
Employment Status

Gender

Feature

State of Birth
Mode of Payment
Working Days

Working Hours

0.0 0.1 0.2 0.3 0.4 0.5
Weights

Figure 10. Features Weight Using Gradient Boosted Trees Algorithm

Adaptive Boosting

The top ten features identified based on Adaptive Boosting are illustrated in Figure 11. Economic activity
was the most important feature by registering the highest weight of 0.26. Salaries and wages received
(0.13) ranked second while working hours (0.10) ranked third. This finding provides insights to the labour
market characteristics that influence the skill level classification.

Economic Activity 0.26

Salaries and Wages Received 0.13
Working Hours 0.10
Certificate Obtained 0.10
(]
5 Education Level
=1
8 Working Days
w
Paid Medical Leave 0.03
Country of Birth 0.03
Ethnic 0.03
Marital Status 0.02
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Weights

Figure 11. Features Weight Using Adaptive Boosting Algorithm
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Extreme Gradient Boosting

There are ten features identified by Extreme Gradient Boosting to predict skill level based on the value
of weights as depicted in Figure 12. The three most important features are education level (0.12), salaries
and wages received (0.08) and certificate obtained (0.06). The higher weights for these three features
indicate its importance as against other features in classifying the skill level.

Education Level 0.1172
Salaries and Wages Received
Certificate Obtained
Citizenship

Paid Medical Leave

Feature

Gender 0.0458

Receive Salaries/ Wages/ Benefits 0.0433
Employment Status 0.0406
Mode of Payment 0.0404

Country of Birth 0.0390

0.00 0.02 0.04 0.06 0.08 0.10 0.12
Weights

Figure 12. Features Weight Using Extreme Gradient Boosting Algorithm

Performance Comparison
This section emphasises on the evaluation of the overall performance of five tree-based algorithms to
classify skill level and the analysis of important features influencing model prediction.

The comparison of five tree-based algorithms including Decision Tree, Random Forest, Gradient
Boosted Trees, Adaptive Boosting and Extreme Gradient Boosting is illustrated in Table 7. The result
indicates the existence of variations in classification performance across the algorithms. Out of these five
algorithms, Random Forest is the most efficient as it achieved the highest value of overall accuracy
(86.45%), F1-score (86.36%), sensitivity (86.45%) and specificity (90.89%). According to [69],
classification accuracy above 70% is generally considered a strong model performance which supports
the efficiency of Random Forest in this study. These findings are in tandem with [37] which have similar
performance between predicted and actual classification when employing the Random Forest. A higher
F1-score at 86.36% indicates a balanced performance between false positive and false negative which
leads to its consistency and reliability [70].

In the meantime, Extreme Gradient Boosting registered the second highest accuracy of 82.57% which
was behind Random Forest. This is consistent with an existing study by [71] which similarly reported that
Random Forest outperformed Extreme Gradient Boosting. In contrast, Adaptive Boosting recorded the
lowest overall accuracy at 68.42% indicating its limitation for multiclass classification studies. The trend
is similar across all metrics with the value for specificity, sensitivity and F1-score indicating poor
performance among other algorithms. These findings are consistent with [70] which emphasised that
Adaptive Boosting is typically less powerful compared to advanced boosting algorithms like Extreme
Gradient Boosting.

Table 7. Performance Comparison between Selected Tree-based Algorithms

Model Specificity (%) Sensitivity (%) F1-score (%) Accuracy (%)
Decision Tree 88.50 80.44 80.72 80.44
Random Forest 90.89 86.45 86.36 86.45
Gradient Boosted Trees 85.92 75.89 76.55 75.89
Adaptive Boosting 82.57 68.42 69.46 68.42
Extreme Gradient Boosting 88.52 82.57 82.53 82.57

In addition of measuring model performance, this study also explored important features affecting skill
level classification with each algorithm producing a different set of feature rankings as stated in Table 8.
Features including salaries and wages received, economic activity, education level and certificate
obtained were frequently identified among the top five important features across the algorithms. This
observation aligns with existing studies by [72], [73] and [72], [73] which highlighted salaries and wages
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as key indicators in labour market analysis. Furthermore, economic activity was emphasised by [72], [73]
and [74] as a relevant feature to determine skill categorisation. Education level has also been widely
known as an important factor in predicting skill level classification [73], [75]. Decision Tree and Random
Forest recorded the same top ten relevant features but with different feature weights. The differences in
feature rankings attributed by the specific mechanisms of each algorithm including splitting method,
ensemble procedure and interaction between features.

Table 8. Top 10 Relevant Features between Selected Tree-based Algorithms

No.

Decision
Tree

Random
Forest

Gradient Boosted

Trees

Adaptive
Boosting

Extreme Gradient
Boosting

1.

Salaries and Wages
Received

Salaries and Wages
Received

Salaries and Wages
Received

Economic Activity

Education Level

Economic Activity

Economic Activity

Economic Activity

Salaries and Wages
Received

Salaries and Wages
Received

3. Certificate Obtained Education Level Education Level Working Hours Certificate Obtained

4. State of Birth Certificate Obtained Certificate Obtained Certificate Obtained Citizenship

5. Education Level Year of Birth Employment Status Education Level Paid Medical Leave

6. Working Days Age Gender Working Days Gender

7. Year of Birth Working Days State of Birth Paid Medical Leave Receive Salaries/
Wages/ Benefits

8. Working Hours State of Birth Mode of Payment Country of Birth Employment Status

9. Age Working Hours Working Days Ethnic Mode of Payment

10. Working Location Working Location Working Hours Marital Status Country of Birth

(State)

(State)

This study employed five supervised tree-based algorithms to predict skill level categories in the
Malaysian workforce using household survey data. The findings demonstrate the efficiency of ensemble
method particularly the Random Forest which achieved highest classification performance. It shows that
Random Forest is able to handle complex and large predictors. Similarly, Extreme Gradient Boosting
also provides strong performance by correcting the classification errors from existing models. However,
the performance did not surpass Random Forest possibly due to sensitivity of hyperparameter tuning.

In terms of feature relevance, this study identifies several features which play an important role in
influencing skill level classification. The salaries and wages received was consistently ranked as a key
feature influencing skill level across all algorithms. It highlights that the salary earned by a labour plays
a strong role in distinguishing the category of skill. These findings are associated with literature from [72],
[73] and [74] as they similarly identified salary as a key factor in their labour market studies. Additionally,
several other features that were frequently identified across various algorithms are economic activity,
education level and certificate obtained. By leveraging machine learning approaches, this study enables
the identification of important features contributing to the classification model. This represents the
improvement beyond the existing approaches as it primarily concentrated on occupational groups. The
findings provide valuable insights for policymakers to create more targeted training and upskilling
interventions aligned with the requirements needed in the labour market.

Conclusions

In conclusion, this study highlights the efficiency of tree-based machine learning algorithms in classifying
skill level using household survey data. Among those five algorithms, Random Forest was identified as
the proposed model in predicting skill level classification within the Malaysian workforce. It achieved the
highest performance with 86.45% of accuracy, 90.89% of specificity and 86.36% of F1-score. This
outstanding performance indicates Random Forest capability in managing complex feature relationships,
handling imbalanced class distributions and mitigating overfitting although it does not address
classification errors during the model training such as boosting techniques. Boosting algorithms such as
Extreme Gradient Boosting and single tree algorithm (Decision Tree) also performed well with achieving
overall accuracy above 80%. In contrast, Adaptive Boosting categorised under the boosting ensemble
method registered the lowest performance with an accuracy of less than 70%. The limitation of this study
that needs consideration in future research is the application of a single year dataset which may limit the
generalisability of the findings as it does not capture changes in labour market conditions.
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Among all algorithms, salaries and wages received, economic activity, certificate obtained and education
level were consistently considered as the relevant features influencing skill level classification. It
demonstrates important criteria of salary earned by a labourer and education in determining the category
of skill level. Other relevant features affecting skill level were working days and working hours. These
input features provide important insights which emphasise various factors that contribute the skill
classification within the Malaysian labour market across demographic and socio-economic
characteristics.

The findings suggest that tree-based algorithms are an alternative in predicting skill level categories by
utilising labour market survey data. These algorithms are capable of generating powerful classification
performance and are efficient in determining the important input features. In conclusion, tree-based
algorithms particularly the ensemble method like Random Forest are powerful in analysing labour market
information which can be utilised to support initiatives relating to human capital policy.
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