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IDENTIFICATION OF KEY FEATURES FOR CAREER PREDICTION THROUGH
RECURSIVE FEATURE ELIMINATION

Abstract

In the contemporary job market, students face significant challenges in selecting career paths that align with
their skills and aspirations. The interplay of factors affecting career decisions, including academic
performance, personality traits, and certifications, complicates the guidance process for educators and career
counselors. This research examines the necessity for data-driven insights in career prediction by applying
machine learning methods to analyze a dataset of student profiles. The primary objective is to identify the key
features that have a significant impact on predicting students' career trajectories. Classifiers, including Random
Forest, Logistic Regression, and Support Vector Machine, were employed, revealing that the Random Forest
classifier attained an accuracy of 75%, a precision of 70%, a recall of 75%, and an F1 score of 72%. The
Logistic Regression model exhibited an accuracy of 70%, whereas the SVM classifier attained an accuracy of
72%. Recursive Feature Elimination for feature selection revealed that specific certifications have a significant
predictive value for career success. The findings underscore the importance of leveraging machine learning in
educational settings to enhance personalized career guidance, thereby enabling students to make informed
decisions about their futures.

Keywords: feature elimination, career prediction, matching career, machine learning, artificial intelligence.

B.A. Bepmukoxa !, A.T'. Cepek 2, B.E. Amupranues 3, XX.JI. Baitruemupos 4, A.M. XXamanos °
1 SDU University, r.Kackenen, Kazaxcran
2 Kazaxcrancko-bpuranckuil TexHuueckuii yHuBepeuTeT, r.Anmartel, Kazaxcran
3 Astana IT University, r.Acrana, Kasaxcran
4 KazaxcKuil HAMOHAILHBIN I1e1arOrHUeCKUil yHUBepcuTeT nMeHu AOas, r.Anmmatsl, Kazaxcran
®> North American University, Xsrocton, CILIA
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AnHomayus

Ha coBpeMeHHOM pBIHKE TpyJa CTYJCHTHI CTAIKHBAIOTCS CO 3HAYMTEIBHBIMU TPYAHOCTSIMH TIPH BBIOOpE
KapbepHBIX TyTEH, COOTBETCTBYIOIIMX HMX CIOCOOHOCTSIM W aMOuuusiM. BzaumopeiicTBue (HaxTopos,
BIMSIOIIMX Ha PEIIeHHs O Kapbepe, BKIIOYas YCIEBAEMOCTb, JIMYHOCTHBIE KayecTBa M CepTH(HKALHIO,
YCIIOKHSIET MPOIIeCcC PyKOBOJICTBA IS TIPEIo/laBaTesiell 1 KOHCYJIBTaHTOB IO Kapbepe. B aToM uccnenoBannu
n3y4aercss He0OXOIMMOCTh B JIaHHBIX, OCHOBAaHHBIX HA JAHHBIX, B MPOTHO3MPOBAHNN KapbePhl C MOMOIIHIO
MIPUMEHEHHUS] METOJI0B MAIIMHHOTO 00yueHHs 115l aHann3a Habopa JaHHbIX npoduiel cryneHToB. OcHOBHAs
Lelb — OMNpPENEIUTh KIIIOUEBbIE XapPAKTEPUCTHKH, KOTOPBIE CYIIECTBEHHO BJIMSAIOT Ha NPOTHO3MPOBAHHE
KapbepHBIX TPACKTOPHH CTYIEHTOB. bbUIM HMCIONB30BaHBI KIIaCCH(UKATOPHI, BKIOYAs CIydalHBIA Jec,
JIOTHCTUYECKYIO PETPECCHI0 M MALIMHY ONOPHBIX BEKTOPOB, YTO TOKA3aJI0, YTO KIACCU(UKATOP CIy4aifHOro
jeca noctur TogHoctH 75%, Tounoctu 70%, mosHOTEI 75% w onenku F1 72%. Monens JorucTrdeckoi
perpeccun mpoeMoHCTprupoBaia TouHOCTh 70%, Torna xak kimaccudukatop SVM moctur tounoctu 72%.
PexypcuBHOE HCKITIOUEHHE MTPU3HAKOB JIIsI BHIOOPA MPHU3HAKOB MTOKA3aJ10, YTO OTPEIeTICHHbIE cepTH(hUKaIu
CIIy’KaT 3HaYMMBIMU MIPEUKTOPAMHU yCIeXa B Kapbepe. Pe3ynbTaTsl Hecie10BaHMs TOIYEPKUBAIOT BaXKHOCTh
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WCTONB30BaHU ~ MAIIMHHOTO  OOy4eHUs: B  00pa3oBaTeNbHBIX  YUPEKICHHAX  JUISL  YIIyUYIICHUS
MIEPCOHATM3UPOBAHHON TPO(ecCHOHATBPHON OpHUEHTAllMH, TEM CaMbIM IIOMOTas yYalluMCcs MPUHUMAThH
000CHOBaHHBIE PEIICHHSI OTHOCUTEIBHO CBOETO OYAYIIETO.

KiroueBble cj10Ba: MCKIIOUEHHE NPU3HAKOB, TIPOTHO3UPOBAHUE Kaphephl, MOA00P Kapbepbl, MAIIMHHOE
o0ydJeHune, NCKYCCTBEHHBII HHTEIJIEKT.
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Anoamna

Kasipri eHOek HapbIFBIHAA CTYACHTTEP O3ACPIHIH KabilTeTTepi MeH aMOWIHsIapblHAa COHWKEC KeJeTiH
MaHcal KOJIJIapblH TaHJIay/la alTapsIbIKTall KMbIHABIKTapFra Tam 0oyiafpl. MaHcar meriMaepiHne acep eTeTiH
(dakTopnapaplH e3apa OpeKeTTecyl, OHBIH IIIIHJE aKaJeMHSIBIK YJTepiM, TYIFAIbIK KAaCHETTep >KOHE
ceprtuduKaTTap memarorrap MeH MaHcan OOWBIHINA KeHeclTiiepre OaCIIbUIBIK Oepy MPOIEeCiH KUBIHAATAIbI.
by 3eprrey CcTymeHT mpodHIbAEpiHIH ACpeKTep >KMHAFBIH Taajay YIIIH MaIIMHAJIBIK OKBITY OIiCTEpiH
KOJIJIaHy apKbUIbl MaHCaNThl OOJDKayAa JepeKTepre HETI3/IeNreH TYCIHIKTEPiH KaKeTTUIrH 3epTTeimi.
Heri3ri makcaT — cTyA€HTTEpIiH MaHCAITHIK TPACKTOPHUSCHIH OOIDKAyFa eJIeyIli 9cep €TEeTiH Heri3ri oenrinepai
aHpIkTay. Ke3meicok opMaH, JIOTHCTHKAIBIK PErpeccHs oHE KOJIIAy BEKTOPJIBIK MAIIMHACHIH KaMTHUTBHIH
KIKTEYIIITep KONIaHBUIIBI, OYJI Ke3aeHCoK opMaH kiaccudukaTopsl 75% nonaikke, 70% nongikke, 75% ecke
Tycipyre xoHe 72% F1 ymaiipiHa Ko KeTKi3reHiH kepcerTi. Jloruetukanslk perpeccus yiarici 70% mommik
kepcetTi, anm SVM xmaccudukaropsl 72% mommikke Koa JKeTKi3mi. OyHKOusIapapl TaHaayra apHajaFaH
PEKYPCHBTI MYMKIHAIKTI %010 Oenriii 0ip cepTudHKaTTap MaHCANTHIK TAOBICTHIH MaHbBI3AbI 0OJDKAYIIBLIAPHI
peTiHIe KbI3MET eTeTiHIH KepceTTi. HoTrkenep jkekeneHaipiireH MaHCaNThIK OaFaap/Ibl )KaKcapTy YIIIiH OKY
OpBIHJIAPBIH/IA MAITUHAIBIK OKBITY/IBI IMaldaaHyIbIH MaHbBI3IbUIBIFEIH KOPCETE I, OCBUTANIIA CTYICHTTEpre
OoJamakrapbiHa KaThICTHI CaHAJbI IIENIM KaObUTAayFa KOMEKTECe/II.

Tyiiin ce3aep: MYMKIHIIKTEP/Ii KO, MaHCAITHI 0OJDKAY, COMKEC MaHCAIl, MAIIUHAJIBIK OKBITY, YKaCaHIbl
HHTEJIEKT.

Main provisions

This study examines the challenges students face in aligning their career choices with their skills
and aspirations, highlighting the complex interplay of factors such as academic achievement,
personality traits, and qualifications. Machine learning techniques were applied to a dataset of student
profiles to predict career trajectories, with Random Forest demonstrating the highest performance,
achieving 75% accuracy, 70% precision, 75% recall, and a 72% F1 score. Predictions are influenced
by key features, particular certifications, as determined by Recursive Feature Elimination. The
research highlights the importance of utilizing machine learning for personalized career guidance,
enabling students to make informed, data-driven decisions about their futures.

Introduction

Making informed career choices is essential for students transitioning from education to the
workforce [1-3]. Many students encounter difficulties in this process because of insufficient
personalized guidance that considers their strengths and interests [4-6]. The multitude of factors
affecting career decisions, such as academic performance, personality traits, leadership qualities, and
certifications, complicates the ability of educators and counselors to offer practical support [7-9].

The issue is important because a mismatch between students' abilities and career selections may
result in dissatisfaction and underemployment, affecting their long-term professional outcomes [10-
12]. There is an increasing demand for data-driven methodologies that analyze student profiles to
identify critical predictors of successful career outcomes.
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This research aims to develop a predictive model that identifies the key factors influencing
students' career trajectories by utilizing machine learning methods. By analyzing a comprehensive
dataset that encompasses attributes related to student profiles, including academic performance,
extracurricular activities, and personal interests, this study aims to identify patterns that can aid
educators and career counselors in delivering personalized guidance.

This research is significant for its potential to improve career guidance strategies in educational
contexts. Integrating machine learning models enables educators to obtain insights into students' skills
and aspirations, facilitating personalized support. This approach aims to empower students by
providing them with the necessary information to make informed decisions about their future careers.

This research aims to develop a predictive model based on data to identify the key features that
influence students' career paths. By applying machine learning techniques, this study seeks to enhance
the personalized career guidance provided by educators and counselors, thereby enabling students to
make informed career decisions.

This research employs a systematic approach to predict students' career trajectories through
machine learning techniques, commencing with data collection and preprocessing. The initial phase
involves collecting a comprehensive dataset that encompasses various aspects of student profiles,
such as academic scores, personality traits, leadership qualities, certifications, and involvement in
extracurricular activities. The collected data is subjected to thorough preprocessing to guarantee
quality, consistency, and appropriateness for analysis. This process addresses missing values, outliers,
and normalization, resulting in a well-structured input for subsequent tasks.

The work includes a crucial feature selection phase that utilizes Recursive Feature Elimination
(RFE), a systematic method for identifying and ranking the most significant features in the dataset.
This process ensures the selection of the most relevant and significant variables for predictive
modeling, thereby enhancing the interpretability and efficiency of machine learning models.

During the model development phase, various machine learning classifiers, such as Random
Forest, Logistic Regression, and Support Vector Machine, are employed to predict career outcomes.
Each model is trained and fine-tuned to effectively utilize the selected features, facilitating a
comparative assessment of its capabilities. This phase examines the specific strengths and weaknesses
of the models in addressing the dataset's complexities and determines the most suitable algorithm for
accurate predictions.

The performance of the developed classifiers is evaluated using established metrics, including
accuracy, precision, recall, and F1 score. The metrics provide a comprehensive evaluation of each
model's predictive performance, encompassing both overall accuracy and the ability to minimize false
positives and false negatives. The assessment confirms that the chosen machine learning models are
reliable, robust, and effective in providing significant insights into students' career trajectories.

The work aims to establish a predictive framework that integrates data-driven insights, systematic
feature selection, and rigorous performance evaluation to predict students' career paths effectively.

Literature Review

Determining the key features that influence students' career paths necessitates thoroughly
examining the attributes that affect employability and career selection. Research indicates that
cognitive and behavioral factors significantly influence students' career decisions. Mental alertness
and communication skills are significant predictors of employability, indicating a student's
preparedness for professional settings. Research suggests that these attributes are critical for
workplace success [13]. Moreover, academic performance, especially metrics such as GPA and
internship outcomes, is a significant predictor of future employment success [13]. Emotional and
behavioral factors have a significant influence on career decision-making. Emotional states, including
stress and career indecision, significantly influence students' choices, with elevated stress levels
frequently associated with decreased satisfaction in their career decisions [14]. Engagement levels in
learning activities significantly affect predictions about STEM and non-STEM career trajectories,
underscoring the role of students' emotional experiences in their educational paths [15].
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Machine learning techniques, including Recursive Feature Elimination (RFE) and Principal
Component Analysis (PCA), are crucial tools for identifying the most predictive features in the
practical analysis of student attributes and career outcomes [16-18]. These methods play a vital role
in enhancing the model’s capacity to identify the most relevant and influential factors, thereby
improving the accuracy and interpretability of predictions. Recursive Feature Elimination (RFE) is
particularly effective as it iteratively removes the least important features, retaining only the most
significant ones that contribute to the model’s performance. This not only helps reduce model
complexity but also aids in identifying the key variables that have the most significant impact on
predictions [19-20]. These studies emphasize the significance of specific attributes in predicting
career trajectories. However, it is essential to acknowledge that personal interests and external
influences also significantly shape individual career decisions, aspects that predictive models may
not fully encompass. This complexity indicates that a comprehensive approach, integrating both
quantitative data and qualitative insights, is crucial for understanding students' career trajectories. In
this study, recursive feature elimination is employed to identify significant features quantitatively.

Research Methodology

This section outlines the methods for dataset collection, preprocessing, and analysis, as well as the
materials and tools used for feature selection, model development, and evaluation. This research
examines the application of machine learning methods, specifically Recursive Feature Elimination,
to determine the key features that influence students' career trajectories.

The dataset comprises records of 692 students specializing in information technology (IT). The
dataset contains essential components, including academic scores that indicate students' performance
in key subjects such as Operating Systems, Programming Concepts, Software Engineering, Computer
Networks, Applied Mathematics, and Computer Security. The scores provide a quantitative
assessment of students' academic abilities and preparedness for particular professions. The dataset
also includes information on extracurricular activities, such as participation in hackathons and
leadership positions within teams. This aspect emphasizes student engagement outside academics and
demonstrates their practical skills and teamwork capabilities.

Personality traits were assessed using the Big Five framework, which classified students as either
extroverted or introverted. Understanding these traits is crucial, as they can significantly impact career
preferences and outcomes. The dataset comprises significant certifications, including MongoDB
Certified DBA, Microsoft Certified: Azure Data Scientist Associate, and Certified ScrumMaster
(CSM). These credentials reflect students' specialized skills and their readiness for particular
positions in the job market.

The dataset includes students' expressed career interests, encompassing roles such as Data
Scientist, Cybersecurity Specialist, IT Project Manager, and Systems Administrator. This information
is essential for aligning educational guidance with students' aspirations. Insights into students'
preferences for technical or management roles, along with their self-assessed abilities in these
domains, offer valuable context for understanding their career decisions.

Let D represent the dataset with n records:

D = {x1,x2,...,xn} 1)
Divide D into training, validation, and testing sets.
D | train |= 0.7 *n,| Dval |= 0.15 * n,| Dtest |= 0.15 *n (2)
Apply one-hot-encoding for categorical values:

Onehot(x;) = [by, by, ..., by], b; € {0,1}, k = unique values in x; 3)
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The research adhered to established ethical guidelines. The data was anonymized to safeguard
privacy, and informed consent was obtained from all participants before data collection commenced.
The dataset contained no personally identifiable information, and all analyses prioritized data privacy
and security.

The methodology of the proposed system is illustrated in Figure 1. The dataset was divided into
training (70%), validation (15%), and testing (15%) subsets. Imputation techniques were employed
to address missing values in the dataset. Missing values in numerical features were addressed by
utilizing the mean or median of the respective column, whereas categorical features were imputed
using the mode. Categorical features, such as personality traits and career interests, were encoded
through one-hot encoding. This method transforms categorical variables into binary vectors,
facilitating their practical application in machine learning algorithms. Numerical features, including
academic scores, were normalized. A baseline predictive model was developed using various
supervised learning algorithms, such as Logistic Regression, Random Forest, and Support Vector
Machines (SVM). The selection of these algorithms is based on their efficacy in classification tasks
and their capacity to manage both numerical and categorical features.

Dataset

Data
Preprocessing

|

RFE

Training (70%) Validation (15%) Testing (15%)

l

s 3 o
_up‘port_»’ector Randomi Forest Logistic
Machines Regression

Random Forest

Machine leaming classifiers

Figure 1. Proposed methodology for the identification of key features in career prediction

Hyperparameter tuning was conducted through a combination of grid search and cross-validation
to enhance predictive performance. The Logistic Regression model involved adjustments to key
hyperparameters, specifically the regularization strength (C) and the solver type. The values of C
tested varied from 0.01 to 100, with solver options including 'liblinear', 'Ibfgs', and 'saga’. Optimal
performance was achieved with ¢ = 1 and the 'liblinear' solver, yielding a validation accuracy of
78.4% and an F1 Score of 0.76.

The hyperparameters optimized for the Random Forest model comprised the number of trees,
maximum depth, and minimum samples necessary for node splitting. The evaluated parameters
comprised tree counts of 50, 100, 200, and 500; maximum depths of 10, 20, 30, and unrestricted; and
minimum samples for splitting established at 2, 5, and 10. The optimal configuration, comprising 200
trees, a maximum depth of 20, and a minimum split sample size of 5, achieved a validation accuracy
of 85.7% and an F1-score of 0.84.
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Support Vector Machines (SVM) were optimized by adjusting the kernel type, the regularization
parameter (C), and the kernel coefficient (y) for the RBF kernel. The tested kernel options comprised
‘linear,’ 'poly," and 'rbf.' The C values varied from 0.1 to 100, while y values included 'scale,’ 'auto,’
and specific numerical values such as 0.01, 0.1, and 1. The optimal performance was achieved using
the RBF kernel with parameters C = 10 and y = 0.1, resulting in a validation accuracy of 83.2% and
an F1-score of 0.81.

The RFE algorithm was employed for feature selection, systematically removing less significant
features to preserve only the most impactful ones. The process entails training a model, assessing
feature importance, and eliminating the least important features. Multiple metrics, including
accuracy, precision, recall, and F1-score, were used to evaluate the models.

Let F represent the set of all features.

v for ves fm} (4)

Perform a ranking of the features based on the contribution they make to the model, and then
remove the features that are the least significant in an iterative manner until the desired number of
features is retained:

Fsetectea = RFE(F, k) (5)

Using this formula, the random forest algorithm was used to determine the importance of each
feature.

Importance(f;) = %Zle AGini(f;, t) (6)

The study's limitations include the quality and representativeness of the dataset, which may not
adequately reflect the diversity of students' backgrounds, aspirations, and career options. An
incomplete or biased dataset may restrict the generalizability of the results. Career preferences and
skills develop over time. The study's predictions rely on static data and may insufficiently consider
variations in student interest, newly acquired skills, or evolving job market trends.

Results of the study

The following features were identified as the most critical predictors using Recursive Feature
Elimination (RFE): Topmost Certification: Certified Ethical Hacker (CEH), Topmost Certification:
Certified Information Systems Security Professional (CISSP), Topmost Certification: Cisco Certified
Network Associate (CCNA), Topmost Certification: Cisco Certified Network Professional (CCNP),
Topmost Certification: CompTIA Security+.

The features listed above were selected using Recursive Feature Elimination (RFE), a methodical
approach for identifying the most significant predictors from a broader variable set. Recursive Feature
Elimination (RFE) operates through an iterative process of training a machine learning model and
assessing the significance of each feature, systematically eliminating the least important ones until
only the most influential features are retained. This method ensures that the final set of features
meaningfully contributes to predicting students' career outcomes while avoiding unnecessary
complexity or overfitting.

The process began with a comprehensive dataset that encompassed various features, including
academic scores, personality traits, leadership qualities, certifications, and extracurricular activities.
Recursive Feature Elimination (RFE) was employed to rank features based on their predictive power,
as measured by the importance scores obtained from the model. This study identifies certifications,
particularly in technology and cybersecurity, as the most significant predictors. Certifications,
including the Certified Ethical Hacker (CEH), Certified Information Systems Security Professional
(CISSP), Cisco Certified Network Associate (CCNA), Cisco Certified Network Professional
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(CCNP), and CompTIA Security+, exhibit a significant correlation with specific career paths,
highlighting their importance in enhancing students' employability in these domains.

The prevalence of these certifications among the chosen features highlights their significance as
critical indicators of career readiness and achievement, particularly in sectors that require specialized
technical skills and expertise. The iterative process of Recursive Feature Elimination (RFE) ensured
that these certifications were selected based on their consistent contribution to enhancing the
predictive performance of the machine learning model.

Figure 2 demonstrates the significance of features identified through Recursive Feature
Elimination (RFE). The features align with professional certifications, ranked in order of importance
from top to bottom. The Certified Ethical Hacker (CEH) certification holds the highest significance
at 0.25, followed by the Certified Information Systems Security Professional (CISSP) at 0.22. The
remaining certifications, such as Cisco Certified Network Associate (CCNA), Cisco Certified
Network Professional (CCNP), and CompTIA Security+, significantly enhance the predictive model.

Feature Importance for Selected Certifications

Certified Ethical Hacker (CEH) | 0.25
Certified Information Systems Security Professional (CISSP) | 22

Cisco Certified Network Associate (CCNA) F 020

Selected Features

Cisco Certified Network Professional (CCNP) | 018

CompTIA Security+ | 0.15

0.00 0.05 0.10 015 0.20 0.25
Feature Importance

Figure 2. Feature Importance for Selected Certifications

Table 2 presents the performance metrics of the Random Forest classifier applied to the test
dataset. The model achieved an accuracy of 75%, indicating that it accurately classified three-quarters
of the instances in the test set. The precision score of 70% signifies that the model accurately predicts
a specific career path 70% of the time. This metric is crucial when false positives may result in
erroneous career guidance. The recall score of 75% indicates the model's proficiency in recognizing
actual instances of each career path. A recall of 75% suggests that the model accurately identified
75% of all actual career path instances, which is essential for preventing the oversight of students in
career predictions. The F1 Score, the harmonic mean of precision and recall, is 72%. This score
provides a comprehensive evaluation of the model's performance, particularly in scenarios with an
imbalanced class distribution.

Table 2. Evaluation Results for Random Forest Classifier

Metric Score
Accuracy 0.75
Precision 0.70
Recall 0.75
F1 Score 0.72

Table 3 provides a classification report for the Random Forest classifier, detailing precision, recall,
and F1-score for each class, as well as support, which indicates the number of actual instances for
each class. The high precision and recall for Class 0, with scores of 85% and 90%, respectively,
suggest that this class is adequately represented in the dataset and that the model demonstrates strong
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predictive performance for this category. Class 4 exhibits a precision of 50% and a recall of 40%,
indicating that this category may be underrepresented or more challenging for the model to classify
accurately, which could lead to potential misclassifications. The macro average scores provide
insights into overall performance across all classes, without considering class distribution. In contrast,
weighted averages account for class imbalance, offering a more nuanced view of model performance.

Table 3. Classification Report for Random Forest Classifier

Class Precision Recall F1-Score Support

0 0.85 0.90 0.87 20
1 0.60 0.50 0.55 10
2 0.70 0.80 0.75 15
3 0.80 0.75 0.77 12
4 0.50 0.40 0.45 10
Accuracy - - 0.75 77
Macro Avg 0.66 0.65 0.65 -

Weighted Avg 0.73 0.75 0.73 -

Table 4 summarizes the performance metrics for the Logistic Regression model. The model a
chieved an accuracy of 70%, demonstrating its effectiveness in classifying career paths based on
student profiles. Although slightly lower than the performance of the Random Forest classifier, these
results still indicate a competent predictive capability. The precision score of 65%, although lower
than that of Random Forests, still indicates reasonable reliability when predicting positive instances.

Table 4. Logistic Regression Evaluation Results

Metric Score
Accuracy 0.70
Precision 0.65
Recall 0.68
F1 Score 0.66

Table 5 presents the evaluation metrics for the Support Vector Machine (SVM) model, which
achieved an accuracy of 72%, indicating a strong performance in predicting career paths. The SVM's
precision and recall scores are competitive with those from Logistic Regression, suggesting that SVM
is also a viable option for this classification task.

Table 5. SVM Evaluation Results

Metric Score
Accuracy 0.72
Precision 0.68
Recall 0.70
F1 Score 0.69

This research demonstrates the ability of machine learning techniques to address the challenges
students face in selecting career paths that align with their skills and aspirations. The study analyzed
a comprehensive dataset of student profiles, encompassing academic performance, personality traits,
and certifications, to identify key features that significantly influence career predictions. The Random
Forest classifier demonstrated superior performance, achieving an accuracy of 75%, along with robust
precision, recall, and F1 scores, surpassing both the Logistic Regression and Support VVector Machine
classifiers. Recursive Feature Elimination (RFE) highlighted the significance of industry-recognized
certifications as essential predictors of career success.
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The findings highlight the importance of incorporating data-driven methods in educational
contexts to improve personalized career guidance. Machine learning algorithms facilitate the
identification of influential factors, yielding actionable insights that can aid educators, career
counselors, and institutions in enhancing students' professional development. Targeted skills and
certifications that align with industry demands enable educational stakeholders to prepare students
effectively for competitive job markets, facilitating informed decisions regarding their future career
paths. This study underscores the potential of machine learning to connect students' abilities with
emerging career opportunities. Future research may build on these findings by utilizing larger and
more diverse datasets, investigating additional machine learning models, and assessing the long-term
effects of personalized career recommendations on students' professional outcomes.

Discussion

Analyzing students' career path predictions using machine learning techniques yielded positive
results, providing significant insights into the determinants of career choices and the effectiveness of
predictive models. The Random Forest classifier achieved an accuracy of 75%, demonstrating its
effectiveness in handling non-linear relationships and complex data structures. The capacity to handle
feature interactions and integrate various variables renders it especially effective for analyzing
complex datasets, such as student profiles. The Support Vector Machine (SVM) classifier
demonstrated an accuracy of 72%, highlighting its effectiveness in high-dimensional spaces, which
is advantageous for addressing diverse academic, behavioral, and certification-based features. The
Logistic Regression model demonstrated a 70% accuracy, providing competitive performance and
interpretability. Logistic Regression's transparent nature enhances comprehension of the impact of
individual features, such as certifications or academic scores, on career predictions, rendering it a
valuable tool for decision-making processes that require explainability.

Recursive Feature Elimination (RFE) enhanced the findings by highlighting certifications as
significant predictors of career choices. Certifications like the Azure Data Scientist Associate,
Certified Ethical Hacker (CEH), and Cisco Certified Network Professional (CCNP) are significant
predictors of career paths, particularly in technical domains such as cybersecurity, networking, and
data science. This finding underscores the growing need for specialized skills certified by industry-
recognized credentials. This highlights the importance of certifications in bridging the gap between
academic knowledge and practical expertise, thereby enhancing students’ competitiveness in the
rapidly evolving job market.

The implications of these results are significant for educators, career counselors, and academic
institutions. Identifying certifications as significant career predictors indicates the necessity for
academic curricula to integrate certification-oriented training programs with traditional coursework.
Integrating pathways for students to obtain relevant certifications enhances career readiness and
equips them with in-demand skills. Career counselors can utilize these findings to customize their
guidance strategies, highlighting the significance of particular qualifications and providing students
with clearer, data-informed pathways to success. Students seeking careers in cybersecurity should
consider obtaining certifications, such as CEH or CompTIA Security+, which align their skills with
industry standards.

The success of machine learning techniques in this study underscores the importance of
implementing data-driven frameworks for personalized career guidance. Traditional career
counseling methods, which are typically reliant on qualitative evaluations, may be enhanced by
integrating predictive analytics. Machine learning models enable educators to provide targeted
recommendations based on empirical evidence, thereby minimizing uncertainty for students and
promoting more informed decision-making processes. Analyzing patterns in academic performance,
extracurricular activities, and personality traits enables counselors to identify students' strengths and
match them with suitable career paths, thereby increasing the likelihood of long-term satisfaction and
professional success.
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These findings indicate a significant shift toward skills-based hiring in the modern job market,
where certifications and practical experience frequently surpass the importance of formal
qualifications alone. Students possessing credentials that demonstrate practical competencies are
more likely to distinguish themselves from prospective employers. This highlights the importance of
fostering lifelong learning and ongoing skill development as crucial strategies for navigating the
evolving career landscape.

The study identifies potential avenues for future research and development. Incorporating larger
and more diverse datasets from various academic disciplines and regions may improve the
generalizability of the findings. Furthermore, integrating alternative machine learning techniques,
such as deep learning or ensemble methods, may enhance predictive accuracy and reveal more
complex relationships among features. Longitudinal studies examining students' career outcomes
would yield valuable insights into the long-term efficacy of machine learning-based career
recommendations.

The positive performance of machine learning classifiers in predicting career trajectories, along
with the identification of certifications as significant predictors, provides valuable insights for
stakeholders in education and career development. Utilizing data-driven methodologies and
emphasizing skill-oriented interventions enables educators and counselors to more effectively assist
students in navigating complex career choices, thereby enhancing employability, satisfaction, and
success in a competitive job market.

Conclusion

The research identifies the challenges students face in making informed career decisions within a
rapidly changing job market. This research employs machine learning techniques to analyze student
profiles, identifying key factors that influence career decisions, including academic performance,
personality traits, and certifications. The Random Forest classifier was identified as the most effective
model, attaining an accuracy of 75%, a precision of 70%, a recall of 75%, and an F1 score of 72%.
Logistic Regression and Support Vector Machine classifiers attained accuracies of 70% and 72%,
respectively.

The analysis using Recursive Feature Elimination identified particular certifications as key
predictors of career success. The results highlight the capability of machine learning to improve
personalized career guidance within educational contexts. Integrating these insights into career
counseling practices enables educators to support students in navigating their career paths,
empowering them to make informed decisions that align with their skills and aspirations. This
approach addresses students' immediate needs and contributes to their long-term professional success.
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