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Abstract. The integration of artificial intelligence into human resource management and
vocational guidance has catalyzed a paradigm shift from traditional, counselor-driven career
advisement to highly complex, data-driven predictive modeling. While sophisticated machine
learning architectures—ranging from ensemble decision trees to deep neural networks—demonstrate
unprecedented accuracy in mapping psychometric profiles, academic records, and labor market
intelligence to optimal career trajectories, their inherent structural opacity poses significant ethical,
regulatory, and pedagogical challenges. The "black-box" nature of these predictive engines obscures
the fundamental logic behind career recommendations and hiring rankings, thereby risking the
exacerbation of historical biases, eroding user trust, and violating emerging international regulatory
frameworks. This comprehensive analysis evaluates the theoretical foundations, methodological
deployment, and practical implications of Explainable Al (XAI) frameworks, specifically focusing
on SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations
(LIME), as critical mechanisms for achieving interpretable machine learning in career decision-
making. By systematizing the intersection of established behavioral psychology paradigms—such as
Holland’s RIASEC model, the Five-Factor Model of personality, and Social Cognitive Career Theory
(SCCT)—with advanced algorithmic interpretability, this report demonstrates how XAl transitions
predictive models from opaque algorithmic gatekeepers into transparent, developmental tools. The
empirical evidence synthesized within this review suggests that while interpretable machine learning
enhances predictive fidelity and mitigates subgroup differences, its most profound value lies in
fostering human-AlI collaboration, auditing algorithmic fairness, and empowering applicants through
transparent, data-driven self-efficacy. By shifting the focus from mere predictive accuracy to
pedagogically meaningful explanation, organizations and educational institutions can ensure that Al-
driven career guidance remains an equitable, reliable, and legally compliant instrument for global
workforce development.
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Introduction

The trajectory of career decision-making, applicant profiling, and recruitment has undergone
a fundamental transformation, evolving from manual heuristics and standardized psychometric
assessments to highly sophisticated, automated algorithmic systems. 1 Historically, career prediction
relied on traditional approaches that established foundational frameworks for understanding applicant
aptitude, vocational interest, and labor market fit. 2 Seminal theoretical perspectives, such as the
Person-Environment (P-E) fit theories pioneered in the early twentieth century, dictated that optimal
career paths were achieved by matching static individual traits to predefined environmental categories
and occupational taxonomies. 3 However, traditional career guidance systems, which heavily utilize
static rule-based matching, are increasingly inadequate in addressing the multi-dimensional
complexities of the modern global labor market. 4 Such models typically capture broad, average
relationships between vocational interests and occupations across general populations but falter
significantly when attempting to adapt dynamically to rapid economic fluctuations, evolving
technical skill requirements, and highly specific individual psychological nuances.

254


mailto:maksym1.orynbassar@yu.edu.kz
mailto:meruyert1.akberdiyeva@yu.edu.kz

Ne1 (54) 2026 «Yessenov Science Journal»

The advent of machine learning (ML) offers a potent, mathematically rigorous remedy to the
limitations of static profiling. By training on massive, diverse datasets encompassing academic
records, unstructured natural language resumes, and real-time labor market intelligence, machine
learning models identify non-linear patterns and complex correlations that traditional statistical
methods fundamentally miss. Algorithms such as eXtreme Gradient Boosting (XGBoost), Random
Forests, and deep learning neural networks have demonstrated considerable, quantifiable gains in
prediction precision, user alignment, and subsequent job placement outcomes. These systems
currently power the core infrastructure of modern talent acquisition, facilitating automated resume
screening, behavioral analysis in video interviews, and precision job matching across digital
platforms. The development of these technologies has brought unprecedented opportunities to human
resource management, becoming the core driving force behind the transformation of the recruitment
industry and ushering in a new era of data-driven talent acquisition.

However, the rapid deployment of these advanced predictive systems has unveiled a critical,
systemic vulnerability known universally as the "black-box" problem. Explainable Artificial
Intelligence (XAI), recognized globally across research communities as a discipline striving to create
systems capable of explaining their actions and decisions in a human-comprehensible manner, notes
that as models become more complex, their internal decision-making logic becomes increasingly
opaque. In high-stakes domains such as career selection, educational tracking, and corporate
recruitment, this opacity is untenable. When a deep learning algorithm rejects a highly qualified
candidate or recommends an unexpected career transition to a university student, the absolute
inability to explain the underlying rationale undermines fundamental fairness, accountability, and
user trust. Furthermore, uninterpretable models risk perpetuating or exacerbating systemic, historical
biases, as they may silently overweight discriminatory proxies present in the historical training data
used to build the algorithms.

Explainable Artificial Intelligence has consequently emerged as a fundamental strategic
paradigm to address these severe ethical and operational concerns, effectively bridging the chasm
between high-performance machine learning and necessary human interpretability. XAl encompasses
a comprehensive suite of computational techniques designed to provide transparent, post-hoc
explanations for complex model outputs, thereby revealing the specific weighted factors and feature
interactions driving individual algorithmic predictions. In the context of career decision-making, XAl
frameworks—most notably SHAP and LIME—enable predictive systems to generate actionable,
interpretable feedback tailored to the specific applicant. The conceptualization of XAI has been
systematized along nine critical dimensions: credibility, causality, transferability, informativeness,
confidence, fairness, accessibility, interactivity, and privacy awareness. Rather than passively
receiving a terminal classification or ranking, applicants, students, and human resource professionals
are provided with a granular, mathematical breakdown of how specific competencies, psychometric
traits, and experiential data influenced the final outcome.

This comprehensive analysis systematically examines the deployment of interpretable
machine learning models and post-hoc XAI frameworks within the domain of applicant career
prediction. By thoroughly evaluating the mathematical architectures of surrogate models, the
integration of established psychometric theories, and the real-world ethical implications surrounding
algorithmic fairness, the subsequent sections outline the mechanisms through which artificial
intelligence can be optimized for both exceptional predictive accuracy and rigorous, auditable
transparency.

Materials and methods. The architecture of a transparent, Al-driven career prediction system
requires the seamless, highly engineered integration of behavioral psychology, high-dimensional data
engineering, sophisticated machine learning algorithms, and mathematically sound explainability
frameworks. The following methodologies detail the theoretical components, data modalities, and
computational mechanics utilized in the development and deployment of these predictive systems.

Results and discussion. Predictive machine learning models are inherently constrained by the
quality and psychological validity of the features upon which they are trained. In the context of career
decision-making, predictive systems synthesize multi-modal signals, heavily leveraging established
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psychometric theories to quantify human potential, behavioral tendencies, and occupational
preferences.A foundational pillar of career choice modeling is Holland’s theory of vocational
personalities and work environments, universally recognized as the RIASEC model. This framework
categorizes individual occupational interests into six distinct, theoretically ordered domains:
Realistic, Investigative, Artistic, Social, Enterprising, and Conventional. Traditional applications of
the RIASEC framework utilized simple rule-based profile matching, calculating basic distance
metrics between an applicant’s highest scoring domains (high-point codes) and standardized
occupational environments mapped within databases such as O*NET. In modern machine learning
applications, RIASEC scores are ingested as continuous numerical features rather than discrete
typological buckets. Machine learning models augment traditional profiling by effectively managing
the complex, multidimensional relationships between the six interest scales and vast arrays of
occupational categories, often identifying subtle permutations that human counselors and rule-based
systems overlook. Researchers have successfully utilized specialized instruments, such as the 16 PGI-
Mini items alongside six RIASEC scale scores, to predict occupational domains with improved
accuracy by allowing the algorithm to capture sample-specific relational nuances.

To complement vocational interests, modern career prediction engines extensively integrate
the Five-Factor Model of personality, colloquially known as the Big Five: Openness to Experience,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism (OCEAN). Empirical research
indicates a clear separation in predictive utility between these frameworks. While RIASEC types
accurately predict the specific nature of employment and occupational alignment, Big Five traits are
highly indicative of general employment status, overall academic performance, and long-term career
success metrics. Large-scale machine learning evaluations highlight deep, meaningful interactions
between these parallel frameworks. Extensive meta-analyses illustrate significant correlations
between specific traits; for instance, high correlations exist between the Enterprising and Artistic
RIASEC profiles and the Extraversion and Openness Big Five traits. Furthermore, predictive
algorithms frequently ingest specialized, domain-specific psychological scales depending on the
target demographic. In predicting career specialty choices among medical school graduates, models
have incorporated the "Sense of Coherence Scale," the "Rosenberg-Self-Esteem-Scale," and
measurements of the Dark Triad to achieve highly nuanced clinical performance predictions. Machine
learning models utilize these intertwined variables to construct highly personalized, multi-faceted
competency and behavioral maps.

The psychological impact of algorithmic recommendations and the design of the user interface
are deeply rooted in Social Cognitive Career Theory (SCCT), originally developed by Lent, Brown,
and Hackett in 1994. SCCT operates as a framework that seeks to explain the processes involved in
career exploration, decision-making, and ultimate success through five interrelated models. The
theory emphasizes the development of career interests and decision-making processes, which are
heavily mediated by internal self-efficacy and external outcome expectations. The framework posits
that successful experiences, mastery, and positive developmental feedback during career exploration
are internalized as stable self-beliefs through enhanced self-efficacy. When machine learning models
are deployed with explainability features, the system directly intervenes in the SCCT cognitive loop.
By transforming an opaque, terminal prediction into a transparent mastery experience, interpretable
Al increases the applicant's career self-efficacy, solidifies their core belief in their own capabilities,
and directly mitigates the psychological phenomena of career anxiety.

The transition from descriptive psychometrics to predictive machine learning requires robust
data pipelines capable of processing highly heterogeneous information. Modern Al-driven career
recommendation systems integrate structured psychometric profiling with unstructured academic
evidence, such as courses, projects, and certifications, utilizing Natural Language Processing (NLP)
to parse resumes and semantic job-text. Furthermore, these systems ingest real-time labor market
intelligence signals, including job openings, regional salary percentiles, and sector growth indices, to
ensure recommendations are practically viable. Data processing typically involves cleaning and
normalizing datasets, often splitting data into 80 percent training and 20 percent testing subsets to
validate algorithm performance on unseen instances.
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Modality Type Data Sources Algorithmic Processing
Technique

Psychometric Structured Data | RIASEC assessments, Big Ensemble Trees (XGBoost,
Five (OCEAN) inventories, Random Forest), Support

self-efficacy scales. Vector Machines (SVM).
Unstructured Resumes, project portfolios, | Deep Learning, Natural
Academic/Career Data academic transcripts, MOOC | Language Processing (NLP),

success metrics. Bi-LSTM, BERT.
Labor Market Intelligence O*NET database, job Semantic matching, multi-
(LMI) openings, salary percentiles, | label classification

growth indices. architectures.

Ensemble methods, which aggregate the predictions of multiple foundational models to reduce
variance and improve robustness, are highly prominent in applicant profiling. Models such as
Random Forest and eXtreme Gradient Boosting (XGBoost) iteratively construct decision trees to
minimize prediction error. In career pathway predictions based on RIASEC and academic data,
XGBoost consistently outperforms conventional baselines and legacy algorithms, delivering superior
hit rates and minimizing the Euclidean distances between predicted and optimal career clusters.
Research involving multi-modal ensemble models, which seamlessly blend structured psychometric
data with unstructured academic evidence, has demonstrated occupational membership prediction
accuracy rates exceeding 83%. Despite their robustness and statistical superiority, ensemble trees
operate as highly complex "black boxes," requiring external post-hoc techniques for interpretation.
To parse vast amounts of unstructured applicant data—such as free-text resumes, complex project
portfolios, and dynamic job market descriptions—researchers deploy deep learning architectures. Bi-
directional Long Short-Term Memory (Bi-LSTM) networks and advanced Transformer-based
models, particularly BERT (Bidirectional Encoder Representations from Transformers), are utilized
for automated resume screening, candidate ranking, and skill extraction. Empirical analyses indicate
that deep learning frameworks significantly outperform traditional machine learning baselines in
complex text-matching tasks. Certain BERT-based models have achieved unprecedented
classification accuracies of up to 98% in modeling career satisfaction through multivariate
educational characteristics, completely eclipsing the 80-85% accuracy range of legacy logistic
regression or support vector machine approaches. However, the extreme dimensionality and millions
of parameters inherent in these models render them completely opaque without highly sophisticated
explainability interventions. To rectify the deep opacity of ensemble and deep learning models, the
field of XAl relies heavily on post-hoc explanation methods. These methods are designed not to alter
the underlying complex model or sacrifice its predictive accuracy, but instead to mathematically
approximate its behavior to generate human-readable explanations. Explanations generally fall into
several categories: visual explanations (such as saliency maps for image data), perturbation-based
explanations, knowledge-based explanations utilizing knowledge graphs, and causal explanations
employing Structural Causal Models (SCM) or counterfactual reasoning. The two most dominant
post-hoc frameworks in career prediction are SHAP and LIME

SHAP represents a unified, theoretically grounded framework that assigns an exact
importance value to each feature for a specific prediction, based deeply on cooperative game theory.
It calculates the Shapley value, a concept originating in economics, which represents the average
marginal contribution of a specific feature across all possible coalitions (combinations) of features
present in the dataset. The primary mathematical innovation of SHAP is the representation of the
Shapley value explanation as an additive feature attribution method, which essentially functions as a
localized linear model. The explanation model $g$ is specified mathematically as:
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In this formulation, $\mathbf{z}"' \in \{0,1\}"MS$ represents a binary vector indicating the
presence or absence of a feature within the simplified input space, $MS$ is the total number of
simplified input features, $\phi_0$ is the base expected value of the model output across the entire
training dataset, and $\phi_j$ denotes the calculated feature attribution (Shapley value) for the $j$-th
feature. The SHAP framework is unique in providing robust mathematical guarantees regarding local
accuracy, missingness, and consistency. Furthermore, the framework extends to SHAP interaction
values, which allow researchers to mathematically isolate the pure interaction effect between two
distinct features after accounting for their individual main effects. This generates a highly detailed
$M \times M$ interaction matrix per applicant instance, revealing, for example, exactly how a
candidate's high extraversion interacts specifically with their programming certifications. Because
computing exact Shapley values is exponential in complexity and largely impractical for high-
dimensional HR datasets, the framework utilizes optimized estimators such as TreeSHAP
(specifically designed for tree-based ensemble models like XGBoost) and KernelSHAP (a model-
agnostic, linear LIME-inspired approach utilizing a debiased lasso regression).

While SHAP provides comprehensive feature attribution rooted in game theory, LIME takes
a distinct local surrogate approach. Rather than attempting to construct a global explainer, LIME aims
to explain single, isolated predictions by training a completely separate, intrinsically interpretable
model—such as a simple linear regression or a shallow decision tree—on a newly generated dataset.
This new dataset is created by randomly perturbing the original input data and weighting the new
samples according to their geometric proximity to the specific applicant instance of interest.The
generation of a LIME explanation is defined by optimizing a specific objective function that strictly
balances the local fidelity of the surrogate model with its human interpretability (complexity). The
mathematical representation is defined as:

&(x) = arg 1;}__1{1; L(f,g,7:) + Q(g)

In this equation, $f$ represents the complex black-box model (e.g., the BERT deep learning
network), $g$ is the local interpretable surrogate model selected from a constrained class of
interpretable models $G$, and $\pi_x$ is a proximity measure that delineates the extent of the local
neighborhood around the applicant instance $x$. The term $L(f, g, \pi_x)$ represents the loss
function, which captures the statistical discrepancy between the predictions of the simple surrogate
$g$ and the actual black-box model $f$ within the defined neighborhood. Crucially, the term
$\Omega(g)$ acts as a regularization penalty that measures and limits the complexity of the surrogate
model. For a decision tree, $\Omega(g)$ may limit the maximum tree depth; for linear regression, it
may enforce L1 regularization to strictly limit the number of features utilized. This ensures the final
explanation remains comprehensible to a human HR professional or applicant, avoiding
overwhelming cognitive load.

Conclusion. Artificial intelligence has a significant impact on the development of modern
cyber warfare and information conflicts. The use of Al makes it possible to automate data analysis
processes, accelerate cyberattacks, and improve digital defense systems.

On the one hand, artificial intelligence increases the efficiency of cybersecurity systems and
helps respond quickly to threats. On the other hand, the development of intelligent technologies
creates new risks associated with malware, deepfake technologies, and automated cyberattacks.

In the future, the influence of artificial intelligence on cybersecurity will continue to grow.
Therefore, governments, international organizations, and IT companies need to improve information
protection methods, strengthen international cooperation, and develop unified legal and ethical
standards for the use of artificial intelligence.

Results and discussion. The implementation of interpretable machine learning in career
decision-making yields profound implications that extend far beyond technical performance metrics.
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The synthesis of empirical evidence reveals that Explainable Al acts as a critical operational
necessity, impacting predictive efficacy, algorithmic fairness, user psychological well-being, and
corporate regulatory compliance.

Conclusions. The transition toward highly sophisticated, data-driven career decision-making
represents one of the most critical evolutions in modern talent acquisition, educational tracking, and
vocational guidance. While advanced machine learning architectures—particularly multi-modal
ensemble models and deep learning Transformer networks—deliver unparalleled, historically
unprecedented accuracy in synthesizing complex psychometric profiles and unstructured applicant
data, their deployment is structurally flawed without the explicit integration of Explainable Artificial
Intelligence. The empirical and theoretical evidence comprehensively demonstrates that frameworks
such as SHAP and LIME are not merely supplementary diagnostic tools utilized briefly by data
scientists; they are foundational, continuous operational requirements for ensuring ethical, fair, and
legally compliant algorithmic behavior in high-stakes environments.

By effectively utilizing the mathematics of cooperative game theory and local surrogate
modeling, XAl fundamentally demystifies the "black box," transforming opaque predictive outputs
into transparent, highly actionable feedback. In the realm of corporate recruitment, this transparency
allows human resource professionals to proactively audit systems for latent historical bias, actively
fostering diversity and ensuring strict adherence to rigorous international regulatory standards, such
as the EU AI Act. In the vital domain of educational and vocational guidance, the psychological
impact of interpretable machine learning is profound. By providing students and job seekers with
clear, mathematically grounded justifications for career recommendations, XAl directly engages the
cognitive mechanisms of Social Cognitive Career Theory. This actively builds career self-efficacy,
aggressively reduces career anxiety, and successfully mitigates the psychological risks of automation
bias and the illusion of competence.

Moving forward, the continuous evolution and scaling of career prediction systems will
absolutely require deeper, more integrated synergy between behavioral science, psychometrics, and
machine learning engineering. Future research and architectural development must focus heavily on
enhancing the fidelity of local surrogate models against increasingly complex deep neural networks,
ensuring explanations remain perfectly accurate as black-box models expand in dimensionality.
Furthermore, the industry must prioritize longitudinal studies to assess the long-term, multi-year
impact of Al interventions on vocational identity, while seamlessly embedding fairness constraints
directly into the fundamental optimization functions of predictive models. Ultimately, the successful,
ethical future of artificial intelligence in career decision-making relies entirely on human-centric
architectures, ensuring that algorithms serve to empower and augment human potential through
clarity, verifiable equity, and uncompromised algorithmic transparency.
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UCCJEIOBAHUE MHTEPIIPETUPYEMBIX MOJIEJIEA MAIIMHHOT' O OBYUYEHUA
N OBBACHHUMOI'O HCKYCCTBEHHOI'O HHTEJIJIEKTA JJISA
IMPOI'HO3UPOBAHUSA TIPOPECCUOHAJIBHOI'O BBIBOPA ABUTYPUEHTOB
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AHHoTanus. MHTEerpamuss MCKyCCTBEHHOIO HHTEJIEKTa B YIIPaBICHHUE YEJIOBEUECKUMMU
pecypcaMu U HpOGOPHEHTALMIO CTajla KaTaJu3aTOpOM CMEHbl MapajurMbl: OT TPaJULMOHHOIO
KapbepHOI'0 KOHCYJIbTHUPOBAHUS K BBICOKOTEXHOJOTMYHOMY MPEAUKTUBHOMY MOJEIMPOBAHMIO HA
OCHOBE JIaHHBIX. XOTs COBPEMEHHbIE APXUTEKTYpPbl MALIMHHOTO OOyuYeHHs — OT aHcamOien
JIEPEBbEB pPEIIEHUN N0 TJIyOOKUX HEHWPOHHBIX CETel — JEMOHCTPUPYIOT OecHpeleIeHTHYIO
TOYHOCTh B COIOCTaBJIEHUHU IICUXOMETPUYECKUX Mpoduiel, axkaJeMHUYeCKUX JOCTHXKEHUH u
AQHAJIWTUKU pBIHKA TpPyJa C ONTHUMAJIbHBIMH KapbepHbIMH TPAEKTOPUSIMHM, MX BHYTpPEHHSSA
CTPYKTypHasi HENpPO3PayHOCTb CO3JAET CEPbE3HbIE ATMUYECKHE, HOPMATUBHBIE U MENArOrMYECKUe
npobnemsl. [Ipupona TakuX NPETUKTUBHBIX CHCTEM, IMOAOOHAS «UYEPHOMY SILHUKY», CKPBIBAET
(GyHIaMEHTAIbHYIO JIOTMKY KapbepHbIX PEKOMEHJAlMi M pPEeHTHHIOB HaiiMa, 4YTO dYpeBaTo
yCcyryOieHreM UCTOPUYECKUX MPEB3SITOCTEN, TOAPHIBOM JOBEpHUs MOJIb30BaTeNIel U HapyLICHHEM
HOBBIX MEXJIyHApOJHBIX HOPMATUBHBIX 0a3. B JaHHOM BCECTOPOHHEM aHAJIM3€ OLEHMBAIOTCS
TEOPETUYECKHE OCHOBBI, METOJIOJIOTHS BHEIPEHUS M IMPaKTHYECKHE MOCIeACTBUS (HpEiiMBOpPKOB
00BbsiIcCHUMOT0 UcKyccTBeHHOTo nHTeiekTa (Explainable Al, XAl), c ocobbim akiienTom Ha SHapley
Additive exPlanations (SHAP) u Local Interpretable Model-agnostic Explanations (LIME), kak
BOXHEUIIMX MEXaHU3MOB JOCTHKEHHSI MHTEPIPETUPYEMOCTH MAIIMHHOTO OOYy4YeHUs B MPUHATUU
KapbEepHBIX PEHICHUH.

CucreMaTusnupys NepeceyeHne YCTOSBIIMXCS NMapajurM IOBEJEHYECKONW ICUXOJIOTHH —
takux kak wmonenb RIASEC Xomnanma, IlsatudaktopHas Moaenb JHUYHOCTH U COIHMAIBHO-
KorHuTHBHast Teopust kapbepsl (SCCT) — ¢ nepeaoBoil anropuTMHUECKOW HHTEPIPETUPYEMOCTBIO,
JAHHBIM OTYET AEMOHCTpUpyeT, Kak XAl mpeBpamaer NpeIuKTUBHBIE MOJEIH U3 HEMPO3PAYHBIX
ATOPUTMUYECKUX OaphepoB B MPO3pAUYHble HMHCTPYMEHTHI PA3BUTHUA. DMIIMPUUYECKUE JaHHBIE,
000011IeHHBIE B 3TOM 0030p€, CBUJIETEIBCTBYIOT O TOM, YTO XOTS HMHTEPIPETUPYEMOE MAIIMHHOE
o0y4yeHHEe MOBBIIIAET TOYHOCTh MPOTHO3UPOBAHMS U CTIIAKUBACT Pa3IMyMsl MEXIy MOATPYIIaMy,
ero camas riy0okasi LIEeHHOCTb 3aKJIF0UaeTCs B COJIEHCTBUU COTpYyAHUYECTBY uenoBeka u MU, aynure
QITOPUTMHUYECKON CIPABEIJIMBOCTH W PACIIMPEHHHM BO3MOXHOCTEM COMCKarened 3a cuer
npo3payHori caMod((HEKTUBHOCTH Ha OCHOBE AaHHBIX. (Cmemas (QOKyC C MPOCTOM TOYHOCTH
MIPOrHO3UPOBAHMS HA MEJAarornyecku 3HaYMMble OOBSCHEHMs, OpraHu3alui U 00pa3oBaTelIbHbIC
YUpeXJIeHUsT MOTYT TapaHTHpOBaTh, YTO KapbepHas opueHTauus Ha ocHoBe MU ocranercs
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CIpaBEeJIUBbIM, HAACKHBIM W IOPUAMYECKH IPAaBOMEPHBIM HMHCTPYMEHTOM JUIsl PAa3BUTHSA
r7100abHBIX TPYIOBBIX PECYPCOB.

KiroueBbie cioBa: 00OBSCHUMBIA HCKYCCTBEHHBIM MHTEIUIEKT (XAl), mHTEpnpeTnpyemoe
MallMHHOE OO0y4YeHHE, MPUHATHE KapbhbepHBIX pelIeHHH, mpodeccuonanbHas opueHtauus, SHAP,
LIME, ncuxomerpuyeckoe MNpouinpoBaHue, alropuTMHUECKas CIPaBEAJIUBOCTb, IMPOTHO3HOE
MOJIETUPOBAHUE, TEXHOJIOTUY YIIPABJIECHUSI YEIIOBEUECKUMH PECYpCaMH.

ABUTYPUEHTTEPIIH KOCIBU TAH/IAYBIH BOJI’KAYTFA APHAJIFAH
NHTEPIIPETALIMAJTAHATBIH MAIIUHAJIBIK OKbITY KOHE TYCIHAIPMEJII
KACAHABI UHTEJUIEKT MOJAEJIBJAEPIH 3EPTTEY

Opsiadacap M. A., AkOepaunesa M. E.
EcenoB yauBepcureti, Axray, Kazakcran
e-mail: maksyml.orynbassar@yu.edu.kz, meruyertl.akberdiyeva@yu.edu.kz

Anparna. XacaHZpl MHTEJVIEKTTIH aZlaM pecypcTapblH 6acKapy >koHe Kocibu 6arjap 6epy
KyleciHe HHTerpalusIaHybl TapaJiIUrMaJblK 63repiCTiH KaTajn3aTopbl 60/ ASCTYPJIi MaHCANThIK
KeHec 6epy/ieH JiepeKTepre Heri3/iesreH oFapbl TEXHOJIOTHSJIBIK 60/KaM/bIK MOJe/bAeyre Kouly
’Ky3ere actel. Kasipri MallMHa/BIK OKBITYy apXWTeKTypajapbl — IIelliM arallTapbIHbIH
aHcaMOJibJlepiHeH 6acTal TepeH HEHPOH/BIK XeJlisepre AediH — NCUXOMETPUSJIBIK, NPodUIbIepA,
aKaJIeMUSIJIBIK JKETICTIKTepAl ’koHe eHOEeK HapbIFbl aHaJUTHUKACbIH OHTAW/Ibl MaHCANThIK
TpaeKTOpHsiJIapMEH COMKeCTeHAipy/ie GYpbIH-COH/bI 60JIMaFaH JJ1/1iK KOpCeTKeHIMeH, 0JIapAblH, ilKi
KYpPbUIBIMABIK MOJIAIPp eMecCTiri MaHbI3Abl 3TUKAJbIK, HOPMATUBTIK >KoHe IMeJarorukaJblk
MaceJiesiepi TybIHAATAbI.

MyHnali «kapa oIliK» CHIIAThIHAAFbl OOJDKaMIBIK KYHeJdep MaHCAITHIK YChIHBICTap MEH
KYMBICKa KaObUIay peHTUHTTEPIHIH HET13T1 JIOTHKACHIH XKaChIPaIbl, OYJI Tapuxu OCHIMILTIKTEPIiH
KYLICI0iHEe, NaijanaHylmbliap CEeHIMIHIH TOMEHJEyiHe JKOHE XaJblKapalblK HOPMATHBTIK
OazaapapIH OY3bUTYbIHA oKeyl MyMKiH. by kemenni tanmayaa Explainable Artificial Intelligence
(XAI) ppeliMBOPKTEpPiHIH TECOPHUSIIBIK HEri37epi, EHTri3y 9/icTeMeci JKOHE MPAaKTUKAIBIK Callapbl
KapacTeIpbLIabl, ocipece SHapley Additive exPlanations (SHAP) xone Local Interpretable Model-
agnostic Explanations (LIME) oxicrepine epekiie Hazap ayJaapblUiajibl, 0Jlap MaHCAITHIK LIEIIiM
KaObUIIay/la MAalIWHAIBIK OKBITYJIBIH HWHTEPHpPETAlMUIAHYbIH KaMTaMmachl3 €TETIH HEeTI3Ti
MEeXaHM3MJIep peTiHje OaranaHa/Ibl.

bekituiren ncuxonorusuiblk napaaurmanap — XostasAaTelH RIASEC moneni, TyiraHbIH
Ynken bec dakrops! (Big Five) xoHe oneymeTTik-korHUTUBTIK MaHcan Teopusichl (SCCT) — men
3aMaHayd QJITOPUTMAIK HHTEPIPETALMSIHBIH TOFBICYBbIH KYyHeneill oTeipein, Oyn 3eprrey XAl
00KaMIBIK MOJIETBAEPAl MOJIIIP eMeC aNrOPUTMIIK «KaKMmalapIaH» TYCIHIKTI 1aMy KypajaapblHa
KaJjlail alfHanAbIpaThIHBIH KOPCETEI].

DOMIUPUKAIBIK JEPEKTep HHTEPIPEeTAlUsATIaHATHIH MAIIHHAIBIK OKBITYABIH O0OJKaM JQJAITiH
apTTHIPHIIN, TONTAp APACKIHIAFHI JUCIPOTIOPIMSHBI a3alTaThIHBIH Kopcerei. JlereHMeH, OHBIH eH
MaHbI3Ibl KYHABUTBIFBI — ajaM MeH WU apachIHAaFbl BIHTBIMAKTACTBHIKTHI KYIICUTY, adrOpPUTMIIK
OMUIIIKTI ayAWTTEH OTKI3y >KOHE allblK JIepeKTepre HeTri3JeNreH ©31H-e31 THUIMJIl Oaranayibl
KaMTaMachl3 €Ty apKbLIbl aliAanaHyIIbUIapIbIH MYMKIHIIKTEPiH KEHEUTY.

BorpkaMIpIK JOIAIKTEH MeAarornKaibiK TYPFBIIaH MAaHBI3IbI TYCIHIIPMENIepPTe KOy apKbLIbI
yilbiMaap MeH OimiM Oepy Mekemesepi jkacaH/Ibl WHTEIUIEKTKE Heri3jienreH kociOum Oarnap
KYWUENIepiHIH O, CEHIMJI OHE KYKBIKTBIK TYPFBIIAaH HEri3felilreH Kypaad peTiHAE IaMyblH
KaMTaMachI3 €Te ajaajbl.

Tyiiin ce3mep: Tycinaipmeni sxacaniasl uHTewIeKT (XAl), wuHTepnperanusiIaHaTHIH
MallMHANBIK OKBITY, MAaHCANTHIK IIeHmiM KaOblUiaay, kocidom Oarmap Oepy, SHAP, LIME,
TICUXOMETPUSUTBIK TIPODUITBIILY, AITOPUTMIIK SIIIIK, O0JDKaMIBIK MOJIENBACY, aJaM pecypcTapbiH
0ackapy TeXHOJIOTHUsIIAPHI
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