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Abstract—Competency level pfediction plays a cru-
cial role in competency-based humanresource manage-
ment such as talent management. Talent management
is achieved by identifyingsindividuals’ knowledge, skills,
and attitudes through psyehological assessment. Rec-
ognizing employees as a strategic asset by accurately
predicting competéneies, supportsitargeted development,
boosting individual'and organizational performance. Cur-
rent practices related to, competency assessment require
expert judgment from psychologists or assessors, which
can be time-consuming. The research proposes a ma-
chine learning-based approach to predict competency
levels using psychological assessment scores as input,
designed to operate within digital, network-enabled in-
terview platforms. Several machine learning methods,
including Random Forests, k-Nearest Neighbors (KNN),
and Support Vector Machines (SVMs), are applied to
historical assessment datasets to identify patterns and re-
lationships between psychological assessment scores and
competency levels.The dataset comprises 1,220 records
from a psychological assessment. The experimental re-
sults indicate that the Random Forest model achieves the
highest accuracy of 81%, outperforming other models in
competency level prediction. The key novelty lies in its
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data-driven methodology, which enhances the objectivity
and efficiency of competency evaluation while reducing
reliance on expert interpretation. By enabling automated
competency prediction in network-enabled interview en-
vironments, the proposed approach supports more effi-
cient talent decision-making, workforce development, and
recruitment processes. The findings demonstrate that ma-
chine learning can accurately predict competency levels
from a clean dataset of psychological assessment scores,
achieving accuracy above 80%. Future research may
enhance model robustness by incorporating additional
assessment center criteria and real-world performance
metrics.

Index Terms—Competency Level Prediction, Machine
Learning, Psychological Assessment, Human Capital as
Strategic Asset, Network-Enabled Interview Platform

I. INTRODUCTION

OMPETENCY is a critical component in tal-

ent management, encompassing the integrated
knowledge, skills, and behaviors required to perform a
job effectively [1-3]. As organizations strive for excel-
lence, the need for accurate assessment in developing
these competencies becomes increasingly urgent [4].
From a strategic perspective, employees are among
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the most valuable organizational assets, and enhancing
their competencies directly contributes to sustaining
competitive advantage and long-term business value.
Competency assessments are crucial for identifying
employees’ current skill levels and improving their
capabilities to support organizational goals and future
demands [5].

Complementing competencies, potential refers to
an individual’s inherent ability to acquire new skills
over time, often measured through cognitive abilities,
personality traits, and learning agility [2, 3]. Poten-
tial is described as “hidden talents and fundamental
skills of an individual that have not yet been fully
realized” [6]. When nurtured through experience and
training, this potential contributes significantly to long-
term organizational success [7].

Assessing both competency and potential requires
certified professionals. Psychologists evaluate latent
attributes such as cognitive ability and emotional in-
telligence [8], while certified assessors evaluate com-
petency levels by assessing how well individuals meet
specific job requirements [9, 10]. This two-tiered eval-
uation ensures accurate and holistic talent assessments,
enabling organizations to make informed talent man-
agement decisions [11].

Despite its importance, competency assessment
poses challenges, especially for long-tenured employ-
ees. Evaluations are often limited to initial recruitment
stages using psychological assessment toolsgfh2—14],
whereas ongoing competency reassessmént is ‘often
resource-intensive, time-consuming, and costly. More-
over, existing methods, such as self-assessménts or
managerial reviews, are prone to bias and laek scal-
ability [15].

Psychological assessment data“also remain widely
used to measure latent attributes, such‘@s,cognitive abil-
ities, personality traits, and emotionaliintelligence, pro-
viding standardized “and quanmtifiable data [16]. How-
ever, converting these results intQlaccurate competency
assessments is complicated by evaluator bias, subjec-
tivity, and the complex nature of competency itself.
Traditional techniques, including self-assessments and
managerial reviews, are subject to biases, such as
self-serving bias, which compromise assessment accu-
racy [13]. Although expert-led behavioral simulations
and interviews improve accuracy, these processes are
laborious and impractical for large workforces [12—14].
Therefore, there is a critical need for innovative, data-
driven tools to enhance competency evaluation.

In response to these challenges, the research pro-
poses the development of an Al-based system as a
productivity tool to streamline the assessment process
and reduce the workload on human resources profes-
sionals by automating various aspects of competency

evaluation. This efficiency is crucial in today’s fast-
paced work environment, where timely and precise
assessments can significantly impact organizational
performance. The proposed system leverages machine
learning to estimate employee competencies using psy-
chological assessment data as proxies for potential.
Machine learning has shown a good result in predicting
employee performance [3, 16-19] and competencies
across various domains such as nursing [20], construc-
tion [21], education [22], and marketing [23]. The
previous studies have used diverse inputs including
psychological assessment scores, performance history,
demographic data, and other relevant personal and
work-related factors. In human resource contexts, ma-
chine learning has also beenused to forecast behaviors
such as turnover [24], atffition [25], and job involve-
ment [26], as well as to assess’ perSon-job fit [27-
29]. Psychological assessment data serve as valuable
predictors in machinelearning models'[16, 30]. These
psychological @assessmentgdata may include cognitive
ability, job knowledge, such as emotional intelligence,
conscienfiousness, and extraversion, assessment center
scores, integrity, biodatagfinterview ratings, Situational
Judgment Teést (SJT) scores, Predictive Occupational fit
(POfit),nand vocational interests [16]. Table I shows
theysummary offprevious studies.

Prior studies have explored both statistical and al-
gorithmie approaches to predict competency [1-3, 34—
38]. Their findings indicate that machine learning
outperforms traditional methods in handling complex,
high-dimensional datasets. Thus, this research builds
on and reinforces the growing body of evidence sup-
porting the use of advanced machine learning tech-
niques over conventional methods for modeling the in-
tricate relationships between psychological assessment
variables and competency outcomes. The research aims
to build and validate a machine learning model that
predicts competency level using psychometric assess-
ment data, thereby bridging the gap between latent
potential and observable competency. By training the
model on historical datasets that combine psycho-
logical assessment inputs with competency evaluation
outcomes, this approach aspires to reduce subjectivity,
enhance assessment efficiency, and provide a scalable,
data-driven solution for talent management.

The contributions of the research are significant for
recruitment, professional development, and organiza-
tional planning. By enabling more accurate compe-
tency predictions, the proposed tool supports personal-
ized learning strategies, informed decision-making, and
optimized workforce deployment, ultimately improv-
ing organizational performance and competitiveness.
The research focuses three main research questions:
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TABLE I

RESEARCH STATE OF THE ART

Author  Predicted Variable Input Variables Model Accuracy
Job/Employee Performance
[3] Job performance (Excellent / Individual competencies (knowledge, GA-BP Neural Network 91.16%
Other) skills, roles, values, attitudes, and mo-
tivation)
[17] Employee performance Employee performance data (atten- Linear Regression, DT, RF, -
dance, evaluations, training, demograph- SVM
ics, and work history)
[18] Employee performance  Employee attributes grouped into gen- LR, GNB, DT, KNN, SVM RF: 98.2%
(low/medium/high) eral, physical, behavioral/social, and
economic factors
[19] Employee performance (high-  Historical employee data (demograph- ~ Various machine learning -
/moderate/low) ics, education, role, tenure, perfor- models
mance, attendance)
[16] Job performance Psychometrically validated test scores OLS vs Random Forest Modern machine learning bet-
ter
Competency
[20] Community nursing workabil- ~ Nursing staff abilities and personal at- ~ R-GCN-GRU 98.4%
ity tributes
[30] Employee competence (4  Employee assessment and learning data ~ NB, KNN KNN: 99.33-99.45%
classes) (3,634 records)
[31] Behavioral competencies Public Instagram profile features GLM, DL, RF 69-70%
[21] Safety competency Organizational network, behavioral, so-  GBDT -
cial capital, and experience indicators
[22] Open education competency Student perceptions of open education DT, RF RF: 93.94%
competencies (eOpen)
[23] Selling competency (yes/no) Bank telemarketing campaign attribufes  J48 91.2%
Employee Behaviour (Turnover/Attrition/Discipline)
[24] Employee turnover Employee demographic andgob-related 4 RF, Lasso AUC > 0.8
attributes
[32] Turnover intention Graduate employment survey data)(gén- LR, KNN,; XGB XGB: 78.5%
eral, physical, behaviofaliland economic
factors)
[25] Employee attrition IBM HR attrition dataset LR, CT, RF, NB, NN, Ensem- LR: 88%
ble
[26] Disciplinary violation Employee demographics,job  detailsy RF, DT, NB, Ensemble RF: 87.30%
and disciplinary tecotds
[33] Job involvement (4 levels) Employee demographics, job charac- GLM 67.69%
teristics, performance, satisfaction, and
compensation
Person—Job/Skill Fit
[27] Person—job fit Jobtapplication data (resumes and job CNN / PJENN 85% (AUC)
requirements)
[28] Job title classification Employees hdemographic and employ-  KNN, RF, GB, SVM KNN: 96%
ment records (5,000 employees)
[29] Skill shortage classification Labor demand and workforce indicators XGBoost 83%

Note: Genetic Algorithm=Backpropagation (GA-BP), Decision Trees (DT), Random Forest (RF), Support Vector Machines (SVM), Linear Regression
(LR), Gaussian Naive Bayes (GNB), KENearest Neighbors (K-NN), Relational Graph Convolutional Network - Gated Recurrent Unit (R-GCN-GRU),
Ordinary LeastSquares (OLS), Gradient Boosting Decision Tree (GBDT), Naive Bayes (NB), Generalized Linear Model (GLM), Deep Learning (DL),
Area Under the Cutye (AUC),)Extreme Gradient Boosting (XGB), Classification Tree (CT), Neural Network (NN), Convolutional Neural Network
(CNN), Person-Job FitaiNeural Network (PJFNN), and Gradient Boosting (GB).

(1) how machine learning models are designed to
effectively predict employee competencies using psy-
chological assessment data as proxies for potential,
(2) which psychological assessment variables are the
most significant predictors of competency outcomes
in the proposed model, and (3) how the predictive
performance of the machine learning model com-
pares to traditional competency assessment methods
in terms of accuracy, scalability, and bias reduction.
In practical organizational settings, such machine-
learning—based competency-prediction models are in-
creasingly deployed on digital, network-enabled in-
terview platforms to support scalable, remote assess-

ment processes. Therefore, the research also presents a
system-level perspective to illustrate how the proposed
model can be integrated into an automated Interview-
Bot environment, while maintaining the primary focus
on predictive model development and evaluation.

II. RESEARCH METHOD

To contextualize the proposed machine learn-
ing-based competency prediction approach, the re-
search presents a conceptual framework that captures
how the model operates in a digital, network-enabled
interview environment. In contemporary human re-
source assessment practices, psychological evaluations
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Fig. 2. Interview process flow for machine,learning-based competency prediction. Note: Large Language Model (LLM).

are increasingly conductedithrough“distributed inter-
view platforms that support multiple concurrent users
accessing the system using, laptops, or dedicated inter-
view devices. Figure 1 illustrates the high-level con-
ceptual framework, highlighting the interactions among
interview participants, the InterviewBot application,
network infrastructure, and backend intelligent services
that enable scalable, remote interview processes.

The competency prediction model functions as the
core analytical component of the InterviewBot. As il-
lustrated in Fig. 2, the InterviewBot manages the inter-
view flow by generating structured interview questions,
collecting participants’ responses, and transforming
raw responses into psychological inventory indicators.
These indicators are processed by the machine learn-
ing—based competency prediction model to estimate
competency levels. In addition, a Large Language

Model (LLM) is utilized to support dynamic ques-
tion generation and to produce interpretable compe-
tency descriptions, enabling the InterviewBot to deliver
meaningful feedback to participants.

Following the system-level and interaction-level de-
scriptions, the research focuses on developing a ma-
chine learning model for competency prediction. To
build and evaluate the proposed model, a conceptual
prediction framework is illustrated in Fig. 3. This
framework describes how psychological assessment
data are processed as input features and mapped
to multiple competency level outputs using a multi-
class classification approach. The conceptual predic-
tion model serves as the methodological foundation
for implementing, training, and evaluating the machine
learning algorithms discussed in the subsequent sec-
tions.
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The dataset includes respondents from various gen-
ders and functional roles within the organization, with
no restrictions on age, position, or tenure. All avail-
able records from the psychological assessments are
considered for inclusion. Records are excluded if they
are incomplete (missing values in any input variable),
contain duplicate entries, or show extreme outliers
beyond three standard deviations from the mean in key
variables. After applying these criteria, only clean and
complete records are retained for model development.

The research method framework shown in Fig. 4
illustrates the processes of data preparation, model
training, and testing. Pre-processing steps include (19
removing duplicate entries to avoid redundancy, (2)
handling of missing values by discarding incomplete
records, (3) detecting outliers and removingddata using
z-score thresholds, (4) normalizing continueus yaris
ables to ensure scale uniformity, and(5),encoding of
categorical variables into numerical format\for model
compatibility. This process ensufes that the dataset'is
consistent, clean, and suitable formachine learning
algorithms.

During the training ‘phase, the datases, undergoes
several steps, including pre*processing, model train-
ing using variouspmachine leamning methods (model
training), and_ hyperparameter@ptimization (tuning) to
yield a trainedymodely, Subsequently, in the testing
phase, this trained, modelis evaluated using unseen
new data (new or test data) through a model testing
process to generate predicted data. The evaluation
measures outcomes by comparing predicted data with
the actual ground truth of the test data. The evaluation
of the model’s performance uses key metrics, such as
accuracy (overall correctness), precision (the ratio of
true positives to all predicted positives), recall (the ratio
of true positives to all actual positives), and the F1-
Score (the harmonic mean of precision and recall).

The input variables include psychological assess-
ment scores across various cognitive abilities, person-
ality traits, and indicators of emotional intelligence. A
detailed list of these input variables (39 input variables)
is provided in Table II. The psychological assessment
data sources (input variables) include the Holland Type

Dataset
(Train Data)

Pre-processing

| Testing
Model Training | =
{Use Various ML |
method) | ~
| New Data
| \{.Teﬂ Da1a__)_/
T

|
|
\

Model Testing

Predicted
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Figl4. Research method,/Note: Machine Learning (ML).

L &I, the Differential Aptitude test, the 3 Competence
-Commitment - Character (3C) assessment, and the
Personality and Preference Inventory (PAPI) Kostick.

Meanwhile, the output variables are competency lev-
els, which reflect the organization’s competency model
and are categorized according to established compe-
tency frameworks related to the Spencer competency
model [39]. Although the Spencer competency frame-
work is introduced decades ago, it remains widely used
today as a key reference for defining and assessing
competencies [40—43]. The list of output variables is
shown in Table III.

In the Spencer competency model [39], each com-
petency is assessed on a five-level scale, ranging from
0 to 4. Each level is associated with specific behavioral
indicators that describe observable actions correspond-
ing to the degree of competency mastery. The levels are
as follows. Level 0 does not demonstrate this compe-
tency or only shows it in a very limited capacity. Level
1 demonstrates competency in simple or basic situ-
ations. Level 2, consistently, applies the competency
in standard work situations. Level 3 demonstrates the
competency in more complex situations and is capable
of guiding others. Level 4 shows the competency at a
strategic level, influencing organizational policies and
contributing to long-term development. Following this,
model development is carried out by testing multiple
machine learning algorithms using seven methods, as
shown in Table IV.

To optimize model performance, hyperparameter
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TABLE II

INPUT VARIABLES AND PSYCHOMETRIC ASSESSMENT TOOLS.

No Code Variable Psychometric Assessment Tools Source
1 HI-R R — Realistic Holland Type I — Personality Assessments
2 HI1-I I — Investigative Holland Type I — Personality Assessments
3 HI1-A A — Artistic Holland Type I — Personality Assessments
4 HI1-S S — Social Holland Type I — Personality Assessments
5 HI1-E E — Enterprising Holland Type I — Personality Assessments
6 H1-C C — Conventional Holland Type I — Personality Assessments
7 H2-R R — Realistic Holland Type II — Personality Assessments
8 H2-1 I — Investigative Holland Type II — Personality Assessments
9 H2-A A — Artistic Holland Type II — Personality Assessments
10 H2-S S — Social Holland Type II — Personality Assessments
11 H2-E E — Enterprising Holland Type II — Personality Assessments
12 H2-C C — Conventional Holland Type II — Personality Assessments
13 DAT2S Differential Aptitude Test (DAT) Type II Differential Aptitude Test

14 DAT3S Differential Aptitude Test (DAT) Type III Differential Aptitude Test

15 DAT4S Differential Aptitude Test (DAT) Type IV Differential Aptitude Test

16 DATSS Differential Aptitude Test (DAT) Type V Differential Aptitude Test

17 DAT6S Differential Aptitude Test (DAT) Type VI Differential Aptitude Test

18 DAT7S Differential Aptitude Test (DAT) Type VII Differential Aptitude Tesf

19 DAT8S Differential Aptitude Test (DAT) Type VIII Differential Aptitude Tgst

20 DAT9S Differential Aptitude Test (DAT) Type IX Differential Aptitude Test

21 DAT10S Differential Aptitude Test (DAT) Type X Differential Aptitude Test

22 Cor Core 3C Assessment

23 Cal Calculation 3C Assessifient

24 Cog Cognition 3C Assegsment

25 ACH Achievement PAPI Kostick (Personality‘and Preference Inventory)
26 DEF Defensiveness PAPI Kostick

27 ORD Orderliness PAPI Kostick

28 EXH Exhibitionism PAPI Kostick

29 AUT Autonomy PAPI Késtick

30 AFF Affiliation PAPIKKostick

31 INT Introspection PAPI Kostick

32 sucC Succorance PAPI Kosticke

33 DOM Dominance PAPI Kostick

34 ABA Abasement PAPI Kostick

35 NUR Nurturance PAPI"Kostick

36 CHG Change PAPI Kostick

37 END Endurance PAPI Kostick

38 HET Heteronomy PAPI Kostick

39 AGG Aggression PAPI Kostick

TABLE III TABLE IV

OUTPUT VARIABLES.

PROPOSED MACHINE LEARNING METHODS.

Code  Competency Alias:Name (Spencer Model) No.  Method Description

ACH  Result Orientation Achieyement, Orientation 1 Gradient Boosting Combines sequential trees to re-
ING Integrity Integrity duce prediction errors [44].
COL Collaboration Teamwork & Cooperation 2 Random Forest Aggregates multiple randomly
ADP Adaptability Elexibility generated decision trees [45].
CLR Continuous Learning Self-Development 3 Support Vector Machine ~ Maximizes the margin between

VD Valuing Diversity
CO Attention to Quality & Clarity

of Tasks
INF Information Seeking
U Empathy
SO Service Orientation
IMP Influencing Others
OA Organizational Awareness
DIR Directing Ability
LD Leadership
AT Analytical Thinking
CT Conceptual Thinking
SCT Self-Control
oC Organizational Commitment

Interpersonal Understanding
Concern for Order, Quality &
Accuracy

Information Seeking
Interpersonal Understanding
Customer Service Orientation
Impact & Influence
Organizational Awareness
Directiveness

Leadership

Analytical Thinking
Conceptual Thinking
Self-Control

Commitment to Organization

tuning is conducted for each algorithm to identify the
most suitable configuration, thereby improving predic-
tion accuracy and model stability. Model evaluation is

class boundaries [46].

Learns patterns through layered
node activations [47].
Classifies instances based on
nearest neighbors [48].

4 Neural Network

5 K-Nearest Neighbors

6 Decision Tree Splits data using feature-based
decision rules [49].
7 AdaBoost Combines weak learners by

reweighting misclassified sam-
ples [50].

carried out using several standard performance metrics,
including the confusion matrix, accuracy, precision,
recall, and F1-Score, to comprehensively assess the
classification performance. Furthermore, the predictive
performance of different machine learning models is
systematically compared to determine the most effec-
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tive approach for competency level prediction based
on psychological assessment data. This comparative
analysis provides a deeper understanding of how dif-
ferent algorithms capture patterns within the dataset
and handle complex relationships among psychological
variables. In addition, the evaluation process ensures
the robustness and reliability of the proposed predictive
framework. The results also offer insights into the
relative strengths and limitations of each model in
supporting data-driven competency assessment.

IIT. RESULTS AND DISCUSSION

This section presents the study’s findings, includ-
ing data exploration results, model performance com-
parisons, and an in-depth discussion of the selected
machine learning model. The initial stage of data
exploration provides insights into the dataset’s struc-
ture, distributions, and relationships between psycho-
logical assessment scores and competency outcomes.
Subsequently, multiple machine learning models are
trained and evaluated to compare their predictive per-
formance using several evaluation metrics. Finally, the
best-performing model is analyzed in greater detaily
including the interpretation of feature importance to
understand the key psychological factors influeneing
competency level prediction.

A. Dataset

The dataset used comprises 1,220 records from a
psychological assessment. The data are collected from
a large organization with a substantiald workforce of
approximately 230 employees. For labeling, compe-
tency scores are obtained from assessments, conducted
by certified psychologists ‘and professional assessors.
To minimize potential bias andyensure consistency in
the labeling process,the dataset isylimited to a single
organization with a diverse internal employee popula-
tion. This dataset includesyresults from psychological
assessments that generate” psychological assessment
scores, as well as competency scores derived from two
sources: evaluations conducted by a team of psychol-
ogists and specialized competency assessments.

Before developing the model, an initial pre-
processing stage is performed to clean the dataset.
This step involves handling missing values and outliers,
which are primarily caused by incomplete assessments
or system errors. Due to these inconsistencies, a sig-
nificant portion of the dataset has to be excluded. After
data cleaning, only 221 of the initial 1,220 entries are
retained for further analysis and model training. This
reduction is primarily due to missing values (80%)
and the removal of extreme outliers, with a small
number of duplicate records also excluded. No specific

TABLE V
FEATURE IMPORTANCE FOR COMPETENCY CONCEPTUAL
THINKING (CT).

Rank  Feature(s) Importance  Interpretation
1 DAT7S 0.113 The 7" Differential Aptitude
Test (DAT) subtest is the most
influential variable in predict-
ing CT. It is likely related to
abstract reasoning or a similar
cognitive domain.

2-5 DATSS, 0.07-0.09 Other DAT subtests also play
DAT4S, a significant role, which makes
DAT®6S, sense since CT is strongly re-
DAT8S lated to abstract thinking, logic,

and problem-solving abilities.

6-7 DAT3S, 0.05-0.06 It is still within the range of
DAT10S DAT cognitive subtests, con-

tributing moderately to CT pre-
diction.
8 HI1-I (Inves- 0.03 Holland type “Investigative”
tigative) indicates that individuals with
high intellectual curiosity tend
to \exhibit stronger Conceptual
Thinking.

13 Change 0.016 From the PAPI Kostick test,

(CHG) people who enjoy change
(adaptive and innovative) are
likely to support stronger CT.

14 Orderliness 0.016 Being orderly and systematic

(ORD) may contribute positively to

conceptual thinking abilities.

inclusionfor exclusion criteria related to demographic
characteristics are applied. The dataset comprises both
male and female respondents from various functional
roles and job positions. Given this diversity, no formal
categorization of respondent characteristics is con-
ducted.

The remaining sample size of 221 is considered
sufficient to support model development with 39 pre-
dictor variables. The distribution of output variables
for each class label (0-4) is presented in Table V.
These figures illustrate the frequency of instances in
each competency class. Certain competencies, such as
service orientation (SO), exhibit skewed distributions
toward specific levels, which may reduce prediction
accuracy.

B. Data Exploration

In this section, a correlation analysis is conducted
to examine the relationships among the input variables
and the output variable. The first step is to analyze the
correlations among input variables, such as cognitive
ability, personality traits, and emotional intelligence, to
identify potential interdependencies. This correlation
matrix is shown in Fig. 5. There are strong positive
correlations (indicated by deep red) along the diagonal,
as expected since each variable is perfectly correlated
with itself. There are also notable positive correlations
(lighter shades of red) between certain groups of vari-
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Correlation Between Input Variables

Fig. 5. Correlation between input variables.
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Fig. 6. Correlation between output variables.

ables, such as within the H1 and H2 categories, sug-
gesting potential multicollinearity. Conversely, some
variable pairs exhibit weak or negative correlations
(indicated by shades of blue and white), suggesting
a weaker linear association between them.

Next, the output variable is analyzed, as shown in
Fig. 6. Based on that, the researchers can observe
several moderate positive correlations (light red) be-
tween pairs of variables such as ING-COL, ING-ADP,
COL-ADP, VD-AT, and LD-DIR (see the explanation

Correlation Between Outtput Variable

1.0

0.8

0.33

044 034 046 - 0.6

- 04

0.2

0.0

of each variable in Table IIT). Conversely, there is a
strong negative correlation (dark blue) between OC
and several other variables, such as ING, COL, ADP,
CLR, and VD. These correlation patterns indicate
that certain competencies tend to develop together,
while others exhibit contrasting behavioral tendencies.
Such relationships provide important insights into how
different competency dimensions interact within the
psychological assessment framework. Understanding
these patterns is useful for interpreting the structure of
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the competency model and supporting the development
of more accurate predictive models.

To provide a comprehensive view, Fig. 7 presents a
complete correlation analysis of all input and output
variables. Warmer colors (reddish hues) indicate posi-
tive associations. In comparison, cooler colors (bluish
hues) indicate negative associations, with color in-
tensity reflecting the strength of the correlation with
darker reds for stronger positive and darker blues
for stronger negative relationships. Near-white colors

suggest weak or negligible linear correlations. Fig. 8
shows the distribution of the input variables, illustrat-
ing how psychological assessment scores are spread
across dimensions. The distributions vary in shape and
spread. Some are roughly normal, while others are
skewed or potentially multimodal.

The distribution of the output variables, representing
competency levels derived from both psychological
evaluations and specialized competency assessments, is
illustrated in Fig. 9. The researchers observe that most
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output variables have discrete, somewhat sparse distri- FABLE VI

butions, often concentrated at specific integer values.
These output values are distributed across predefined
competency levels, ranging from 0 to 4, with each
level representing a distinct degree of competencyfas
assessed by standardized evaluation criteria.

C. Modelling

The training and testing process uses amy80:20 data
split, with 80% for training and 20% for testing.
The modeling phase involves applying several machine
learning methods, as outlined in Table IV. Each model
is trained and evaluatedgpbased on“its performance,
and hyperparameter tuning,is condiictedyto optimize
the results. After testing multiple models, the best-
performing model is selected “based on its accuracy
and evaluation metrics. The, final model is selected
as the one that achieves the highest accuracy while
maintaining a good balance between precision, recall,
and overall generalization. The accuracy results for the
tested models are shown in Table VI.

From Table VI, the Random Forest method achieves
the highest accuracy of 81%. This result indicates
that Random Forest is the most suitable method for
this research context, as it outperforms other models
in predictive performance. Consequently, this method
is used as the final model for further analysis and
implementation.

Before determining the best model, hyperparam-
eter tuning is performed for each method to find
the optimal parameters. For instance, in the Random

PROPOSED METHOD ACCURACY.

Model Mean Accuracy (%)
Randoem Forest 81.00
Gradient Boosting 78.44
Support Vector Machine 76.38
Neural Network 75.14
AdaBoost 77.84
K-Nearest Neighbors 75.18
Decision Tree 72.52

Forest method, the tuning process involves adjusting
parameters such as the number of trees, maximum
depth, and minimum samples per split. The results
of the hyperparameter tuning for Random Forest are
shown in Fig. 10.

In the Random Forest method, the best parameters
are 100 estimators and a maximum depth of 10. The
number of estimators refers to the total number of
decision trees used in the model. A higher number
generally improves stability and accuracy although
it also increases computational cost. Meanwhile, the
maximum depth of 10 means that each Decision Tree
in the Random Forest is limited to a depth of 10
levels. This limitation prevents overfitting by ensuring
the model remains simple enough to generalize well
to unseen data while still capturing important patterns.
These parameter settings provide a balance between
model complexity and generalization ability, ultimately
leading to better accuracy in the research.
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D. Model Result and Performance Evaluation

To evaluate the model, accuracy is calculated for
each output (competency). The accuracy for each out-
put is measured using precision, recall, and F1-Score.
Precision measures how many of the predicted positive
instances are actually correct, while recall measures
how many of the actual positive instances are correctly
identified. F1-Score represents the harmonic mean of
precision and recall, providing a balanced assessment
of the model’s performance [51-53]. Additionally, a
confusion matrix is used for each output to analyze the
distribution of correct and incorrect predictions. The

Confusion Matrix - DIR (

~-7.5

-5.0

=25

-0.0

Predicted Label

atrix for output competency - directing ability (DIR).

confusion matrix is shown in Fig. 11.

From these calculations, the accuracy of each output
(competency) is determined. It represents the model’s
ability to predict each output using the applied multi-
class classifier. A higher accuracy indicates that the
model can effectively distinguish between different
competency levels based on the given psychological
assessment data. Additionally, the accuracy results for
each output/competency are shown in Table VII. The
results indicate that certain competencies can be pre-
dicted with high accuracy. Specifically, INF (91.11%),
OA (95.56%), CT (95.56%), and OC (95.56%) achieve
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TABLE VII
ACCURACY FOR EACH OUTPUT/COMPETENCY.

Output Variable Accuracy (%)

COL 66.67
ADP 77.78
CLR 88.89
VD 84.44
CO 73.33
INF 91.11
U 82.22
SO 48.89
IMP 77.78
OA 95.56
DIR 68.89
LD 84.44
AT 66.67
CT 95.56
SCT 66.67
ocC 95.56
Mean 79.03

Note: the explanation of each competency can be
seen in Table III.

accuracy above 90%, demonstrating that the model
is highly effective in predicting these competencies.
On the other hand, some competencies still exhibit
lower prediction accuracy, such as COL (66.67%),
DIR (68.89%), AT (66.67%), SCT (66.67%), and SO
(48.89%). They have accuracy values below 70%. The
explanation of each variable is in Table III. The results
suggest that further improvements, such as featufe
engineering or adding additional input variables rom
other psychological assessments, may be required<to
enhance the model’s predictive capabilitydfor. these
competencies. In other words, for certain’ compgten-
cies, the existing psychological assessment, parameters
may not be sufficient to improve prediction accuracy.

E. Interpretation/Explanation

The discussion sectiomgexplains howhto interpret the
results and presents a new,_understanding)of the prob-
lem after taking theminto“aecount. The researchers
present only a few seleeted competencies, and the im-
portant predictive variables fer those competencies are
shown in the feature importance analysis. For example,
the researchers focus on explaining the competencies
of CT and OA.

As shown in Table V, the feature importance analy-
sis indicates that the prediction of conceptual thinking
(CT) competency is mainly driven by cognitive apti-
tude subtests, with the 7" Differential Aptitude Test
(DAT) subtest (DAT7S, importance = 0.113) as the
most influential predictor. Other DAT subtests, DATSS,
DAT4S, DAT6S, and DATSS, also make significant
contributions, with importance values ranging from
approximately 0.07 to 0.09. It reflects the strong con-
nection between CT and abstract reasoning, logic, and
problem-solving skills. Moderate influence is shown

by DAT3S and DAT10S (importance 0.05-0.06). Per-
sonality variables, such as HI1-I (Investigative) from
the Holland model (importance = 0.0309) indicate
that intellectual curiosity is associated with higher CT.
Moreover, traits from the PAPI Kostick assessment,
change (CHG) and orderliness (ORD) (importance =
0.016), suggest that adaptability and systematic behav-
ior favor CT.

As shown in Table VIII, the feature importance anal-
ysis for predicting OA reveals that the most influential
variable is the DAT2S subtest, emphasizing the role of
specific cognitive abilities. Other DAT subtests, such as
DAT4S, DATSS, DAT7S, DATSS, and DAT10S, also
contribute significantly, highlighting the importance
of various cognitive skills,dneluding reasoning and
problem-solving. Personality traits such as endurance
(END), reflecting mental and_physical stamina, and
aggression (AGG), representing controlled assertive-
ness, play impostant-roles in organiZational contexts.
Calculation ability (Cal)gand orderliness (ORD) sug-
gest that analytical@skills ‘and being systematic are
valuabledfor managing orgamizational information ef-
fectiyély. FurthermoteggHolland’s personality types,
such \as Investigative (H2-I and HI1-I), indicate that
intellectu@l curiosity supports a deeper understanding
of organizations{ Meanwhile, Conventional (H1-C) re-
flects a preference for routine and structure, which are
benefiialpfor navigating organizational roles. Social-
related traits, including succorance (SUC) for the need
for social support and Social Orientation (H2-S), in-
fluence interpersonal adaptation within organizations.
Together, these cognitive and personality variables
provide a comprehensive view of factors that predict
strong OA.

FE. Implication of the Study

The findings have both theoretical and practical im-
plications. From a theoretical standpoint, the research
contributes to the growing body of literature on the
use of machine learning techniques in psychologi-
cal assessment and human resource development. By
demonstrating the feasibility of predicting employee
competency levels from psychological data, the re-
search provides evidence for integrating computational
methods into traditional assessment frameworks. This
integration can lead to more objective, data-driven
approaches in understanding human behavior and po-
tential. In the future, this model can also serve as a core
component of Al-powered interview bots, enabling
automated, real-time competency evaluation during
virtual interviews, further streamlining the assessment
process, and enhancing objectivity.

In practice, the developed model can be used by or-
ganizations to support talent management, recruitment,
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TABLE VIII
FEATURE IMPORTANCE FOR COMPETENCY ORGANIZATIONAL AWARENESS (OA).

Rank Feature(s) Importance Range Interpretation
1 DAT2S 0.072 The 2™ Differential Aptitude Test (DAT) subtest is the most influential
variable in predicting OA, likely related to cognitive abilities.

2-5 DAT4S, endurance (END), aggression 0.04-0.05 These features include cognitive subtests and personality traits such
(AGG), DATS5S as endurance and aggression that influence OA.

6-10 DAT10S, calculation (Cal), DAT7S, or- 0.03-0.04 Additional cognitive subtests and traits like calculation ability, order-
derliness (ORD), H2-1 liness, and investigative interest matter.

11-15 Succorance (SUC), H2-S, DATSS, HI1- 0.027-0.032 Personality and interest traits indicating social and cognitive engage-

C, H1-1

ment have moderate influence on OA.

promotion decisions, and training needs analysis. By
predicting competencies from existing psychological
assessment data, organizations can reduce reliance on
costly, time-consuming manual evaluations. This ap-
proach also facilitates early identification of skill gaps
and allows HR professionals to design personalized
development programs for employees. Moreover, for
large-scale organizations handling high volumes of
assessment data, such models can serve as decision-
support tools to improve efficiency and consistency
in evaluating employee potential. Nevertheless, caution
shall be taken in deploying such models operationally.
Interpretability, fairness, and model generalizability
need to be continuously evaluated, particularly awhen
applying the model to new contexts or orgaiizations
with different cultural and demographic chafacteristigs.

G. Strength of the Study

One of the main strengths of ‘the reSearch lies in
the rigor of its methodology, whichicombines well-
established psychologicalhassessment techniques with
advanced machine learning imethods. By using real-
world data fromgeestified psyehological evaluations
and professional assessors, thérresearch ensures high
validity across its input,and output variables. Careful
data pre-processing, including handling outliers and
missing values, enhances the reliability of the dataset
used for modeling. Additionally, the research employs
multiple machine learning algorithms and performs
thorough hyperparameter tuning, enabling a compre-
hensive comparison and selection of the most effective
model based on objective performance metrics. An-
other notable strength is the integration of SHapley
Additive exPlanations (SHAP) analysis, which adds an
interpretable layer to the model by identifying the most
influential input features, thereby increasing trans-
parency and trust in the machine learning outcomes.
As a result, the research provides a robust, replicable
framework that other researchers and practitioners can
adapt or extend to similar contexts involving psycho-
logical assessment data and competency prediction.

IV. CONCLUSION

The results demonstrate that the Random Forest
model achieves the highest accuracy of 81%, making
it the most suitabledfmethod for competency prediction
in this context. The modelgperforms well in predicting
certain competenciesyiparticularly OA (95.56%), CT
(95.56%),.0C(95.56%), and INF (91.11%), indicating
that the/psychological asseéssment data effectively cap-
ture the pattefis associated with these competencies.
Héwever, the model struggles with lower accuracy
i predictinggother’ competencies, suggesting that the
curredf set of psychological assessment parameters
mady not be sufficient for these cases. Further enhance-
ments, su€h as incorporating additional input variables
from other assessment types, can improve the model’s
piedictive capability for these competencies. These
findings highlight the potential of machine learning for
competency prediction while underscoring the need for
continuous improvement in feature selection and data
augmentation to improve prediction accuracy across all
competency areas.

From a practical perspective, these findings pro-
vide valuable insights for organizations seeking data-
driven approaches to competency evaluation, enabling
more efficient talent management and targeted em-
ployee development programs. Additionally, the re-
search demonstrates the feasibility of integrating psy-
chological assessment results with machine learning
techniques to enhance decision-making in human re-
source practices.

However, the research has several limitations. The
relatively small sample size of 221 respondents after
data cleaning may limit the extent to which the findings
can be applied to broader or more varied populations.
The predictor variables are based solely on psycho-
logical assessment results, potentially excluding other
important factors, such as job performance records,
behavioural assessments, or peer feedback. In addition,
the research is conducted within a single organizational
setting, so its relevance to other sectors or cultural
contexts has yet to be verified.

Future research can explore the integration of the
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proposed predictive model with LLM to enable more
natural and context-aware interactions in competency
assessment processes. For example, the model can be
incorporated into an intelligent interview system or
InterviewBot that dynamically generates questions and
evaluates candidate responses in real time. In this sce-
nario, psychological assessment results and conversa-
tional responses can be jointly analyzed to improve the
accuracy and richness of competency predictions. Such
integration will provide a more adaptive and scalable
framework for automated competency evaluation in
modern human resource management systems.
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