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The article is devoted to the analysis of academic analytics as a tool for monitoring and improving
the quality of vocational education in higher education institutions. The purpose of the article is to provide
a theoretical and applied substantiation of academic analytics as a tool for monitoring the quality of vocational
education in higher education institutions, taking into account international experience in its implementation
and the adaptation of best practices to the national context. Methods. The study is based on the analysis
of domestic and foreign scientific and methodological literature, a comparative analysis of academic analytics
models in higher education institutions of the EU, the USA, and other countries, a systemic approach to
the design of monitoring mechanisms, as well as the synthesis of results from empirical studies on the application
of learning analytics and educational data mining in vocational training. Results. Key models and tools
of academic analytics were analyzed, and typical indicators for assessing the quality of vocational training
were identified, including learning outcomes, the formation of professional competencies, the effectiveness
of practice-oriented components, and graduate employment indicators. The advantages of international
approaches were revealed, such as data integration among stakeholders, the use of predictive models for early
risk detection, transparent reporting systems, employer involvement in evaluation processes, and scalable
solutions for inter-institutional cooperation. Typical challenges were also outlined, including personal data
protection, ensuring system interoperability, and the need for human resources and digital literacy among
academic staff. Conclusions. Academic analytics is an effective tool for monitoring the quality of vocational
education, enabling the improvement of educational program effectiveness and the management of higher
education institutions. Itis recommended to develop inter-institutional data-sharing platforms, implement ethical
standards for educational data processing (in compliance with ethical norms), ensure system interoperability,
provide training for data analysis specialists, and strengthen partnerships with employers, which will enhance
program adaptability and graduate competitiveness.
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Crarta npucBSYeHa aHANIZY aKaIeMIYHOI aHATITHKY SIK IHCTPYMEHTY MOHITOPHHTY Ta ITiIBUIIIEHHS SKOCTI
npodeciiiHoi OCBITH B 3aKiafax BUIIOI OCBITH. MeTOI0 CTaTTi € TEOpeTUUHE Ta MPUKJIafHE OOTPYHTYBaHHS
aKa/JieMiuHOi aHATITUKY SIK IHCTPYMEHTY MOHITOPHHTY SIKOCTI IpodeciiiHOi OCBITH B 3aKiafiaX BHIIOI OCBITH
3 ypaxyBaHHSIM MDKXHapOIHOTO JOCBiAy ii BOPOBaKEHHS Ta aJanTalii KpaluX MPakTHK A0 HallioHAJbHOTO
KoHTeKcTy. MeToau. ocmimkeHHs: 6a3yeTbcs Ha aHaANi31 BITYM3HSIHOI Ta 3apy0iKHOI HAYKOBO-METOIMYHOL
JiTepaTypH, IOPIBHAILHOMY aHai31 MoJeNel akaaeMiuHol aHamiTuky y 3akmanax €C, CIIA Ta inmmx Kpais,
CHCTEMHOMY MiIX0Mi A0 TT00YI0BH MOHITOPHHTOBHX MEXaHI3MIB, & TAKOXK CHHTE31 pe3yJIbTaTiB eMHipI/IqHI/Ix
JOCIIIJUKCHB IO/I0 3aCTOCYBaHHs learning analytics i educational data rn1n1ng y npodeciifHiil miaroTosLyi.
Pesyiabrarn. IIpoananizoBaHo kir04oBi Mojenl Ta IHCTPyMEHTH aKaJEMIYHOI aHANITUKH, IICHTH(IKOBAHO
THUIIOBI [OKA3HUKK OUIHIOBaHHS SIKOCTI NPO(ECIHOI MArOTOBKU: HaBYIbHI JOCATHEHHS, CPOPMOBaHICTh
MpOdeCiiiHIX KOMIETCHTHOCTEH, e)eKTHBHICTh IPAKTHKO-OPIEHTOBAHNX KOMITOHCHTIB Ta BUITYCKHIi [IOKa3HHKHU
IpaleBIallTyBaHHA. BusBieHo nepeBarn MKHApOAHMX MIAXONIB: IHTerpamis AaHUX MK CTEHKXOJAepamu,
BUKOPUCTAHHA MPOTHO3HMUX MOJENeN i PAaHHbOTO BHABJICHHS PHU3WKIB, MPO30pPi CHUCTEMH 3BITHOCTI,
3aJydeHHs] POOOTOMABIIB JIO OI[IHIOBAHHS Ta MAacIITA0OBaHI PIlIEHHS Ui MDKIHCTUTYIIHHOI CiBIpart.
OKpecieHO TaKOXK THIIOBI BHKIMKH: 3aXHCT ICPCOHAIBHMX IAHUX, 3a0e3lEUYCHHs IHTepOnepabenbHOCTI
cucTeM i morpeba y KaapoBOMY pecypei W HM(pOBii rpaMOTHOCTI BUKIazadis. BUCHOBKH. AkajemiuHa
aHaJIITHKA € ePEeKTUBHUM 1HCTPYMEHTOM MOHITOPHHTY SIKOCTi Mpo(eciiiHOT OCBITH, SIKM JJO3BOJISIE MiABUIIUTH
PE3YIABTATUBHICTH OCBITHIX IpOTpaM 1 YIPaBIiHHS 3aKjIaJaM{ BHIOi OCBITH. PCKOMeH,Z[OBaHO pO3BHUBATH
MDKIHCTHTYLIHHI TiargopMu OOMiHY JTaHMMH, BIPOBaJKYyBaTH €THYHI CTaHIApTH OOPOOKH OCBITHIX
JaHuX (3 ypaxyBaHHSIM €THYHHX HOPM), 3a0e3ledyBaTH iHTepOIepabenbHICTh CUCTEM, MiATOTOBKY KaJlpiB
3 aHaJli3y JaHWX Ta MOCHJIIOBATH MAapTHEPCTBO 3 POOOTONABUAMH, IO HiACHINTH aAalTHBHICTH MPOrpam
1 KOHKYPEHTOCIIPOMOKHICTh BHITYCKHHKIB.

Keywords: axademiuna ananimuxa, ananimuka oceimnb020 npoyecy, beHumapkine, 6uo00y6anHs 0aHux 3
0CBIMHIX 0dcepert, MIdCHaApPOOHUL 00CBI0, MOHIMOPUHE AKOCMI, NPoghecitina oceima, 3aKiaou sUoi oceimu.

Introduction. In the current context of the dig-
ital transformation of higher education, academic
analytics is considered one of the key tools for
monitoring and ensuring the quality of profes-
sional training of future specialists. In the scien-
tific discourse, the terms learning analytics, edu-
cational data mining, and academic analytics are
most frequently used. These concepts are interre-
lated but have different scopes and applications.

Learning analytics is defined as the process
of measuring, collecting, analyzing, and interpret-
ing data about learners and their educational con-
texts with the aim of understanding and optimizing
learning and educational environments (Siemens
& Long, 2011; SoLAR, 2021).

Educational data mining, in turn, focuses on
the application of statistical analysis and machine

learning methods to uncover hidden patterns in
large educational datasets, particularly for pre-
dicting academic success and modeling learning
behavior (Baker & Yacef, 2009).

Academic analytics has a broader, institutional
dimension and involves the integration of results
from learning analytics and educational data
mining into strategic management processes
of higher education institutions, curriculum plan-
ning, and decision-making (Campbell, DeBlois, &
Oblinger, 2007).

Within the quality assurance system of higher
and professional education, academic analytics
occupies an important role as a tool for internal
monitoring and evidence-based management.
Unlike traditional forms of assessment, which are
primarily summative, educational data analytics
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provides continuous analysis of learning out-
comes, the dynamics of competence forma-
tion, and the effectiveness of educational pro-
grams. International studies and reports by
the OECD (Organisation for Economic Co-op-
eration and Development) and UNESCO (United
Nations Educational, Scientificand Cultural Organ-
ization) demonstrate that the use of academic
analytics contributes to increasing the transpar-
ency of the educational process, timely identifica-
tion of learning risks, and informed improvement
of professional training programs (OECD, 2020;
UNESCO, 2021). lllustrative examples include
foreign universities such as Purdue University
and the Open University (UK), where analytical
systems are used to predict learning difficulties
and support students through targeted pedagog-
ical interventions.

Theoretical substantiation of the problem
Academic analytics has emerged as a key theo-
retical and practical framework for monitoring
and enhancing the quality of vocational education
in higher education institutions. It is grounded in
the integration of learning analytics, educational
data mining, quality assurance theory, and evi-
dence-based educational management. Within
contemporary higher education systems, aca-
demic analytics is viewed as a mechanism for
transforming large volumes of educational data
into meaningful indicators that support deci-
sion-making, quality monitoring, and continuous
improvement of educational programs.

From a theoretical perspective, academic ana-
lytics is based on systems theory, according to
which higher education institutions function as
complex, open systems where learning outcomes,
teaching processes, institutional resources,
and external stakeholders are interconnected.
The quality of vocational education depends on
the coherence of these components and their
alignment with labor market demands. Academic
analytics enables the identification of patterns,
trends, and risks within this system, providing
a data-driven foundation for evaluating educa-
tional effectiveness and professional competency
development. International research emphasizes
that academic analytics supports key principles
of quality assurance, including transparency,
accountability, comparability, and continuous
improvement. In the context of vocational edu-
cation, it facilitates the assessment of students’
academic performance, the formation of profes-
sional competencies, the effectiveness of prac-
tice-oriented learning, and graduate employa-
bility. Moreover, theoretical models developed in
the EU, the USA, and other countries highlight
the role of predictive analytics in early identifica-
tion of academic risks and in supporting person-
alized learning pathways.

Thus, the theoretical substantiation of aca-
demic analytics as a monitoring tool lies in its

capacity to integrate pedagogical, managerial,
and technological approaches, ensuring a holis-
tic evaluation of vocational education quality.
Adapting international theoretical models to
national higher education systems is essen-
tial for strengthening internal quality assurance
mechanisms and improving the competitiveness
of graduates.

Methodology and methods. The meth-
odological framework of the study is based on
an interdisciplinary approach that combines prin-
ciples of pedagogy, educational management,
data analytics, and quality assurance in higher
education. The research relies on the concepts
of learning analytics and educational data min-
ing as theoretical foundations for monitoring
and evaluating the quality of vocational education
in higher education institutions.

The study employs a set of general scientific
and specific research methods. Theoretical meth-
ods include analysis, synthesis, generalization,
and systematization of domestic and international
scientific sources to clarify the conceptual appa-
ratus of academic analytics and its role in quality
monitoring. A comparative method is used to ana-
lyze and contrast models of academic analytics
implemented in higher education institutions in
the European Union, the United States, and other
countries, identifying common features and dis-
tinctive practices.

A systemic approach underpins the design
of monitoring mechanisms, enabling the exam-
ination of vocational education quality as a mul-
tidimensional phenomenon that encompasses
learning outcomes, professional competencies,
teaching and learning processes, institutional
resources, and labor market relevance. Elements
of content analysis are applied to policy docu-
ments, analytical reports, and institutional case
studies related to the implementation of aca-
demic analytics.

In addition, the study synthesizes the results
of empirical research presented in international
publications on the application of learning ana-
lytics and educational data mining in vocational
and professional training. This methodological
combination ensures the validity of conclusions
and supports the formulation of evidence-based
recommendations for adapting international
experience to the national context. According to
Campbell et al. (2007), academic analytics serves
as a strategic tool for institutional decision-mak-
ing, which is highly relevant to the monitoring
of professional education quality in higher educa-
tion institutions. Umer, R. et al. (2021) reviewed
the use of predictive analytics in higher education,
identifying opportunities, limitations, and future
research priorities. Vemula, S. R., & Moraes, M.
(2024) reviewed learning analytics dashboards
for academic advisors, highlighting their role in
student support and retention. Wachter, S., Mit-
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telstadt, B., & Russell, C. (2017) contributed
to the ethical and legal foundations of analyt-
ics by proposing explainable and GDPR-com-
pliant automated decision-making. Wilson, A.
et al. (2017) identified challenges and limita-
tions of learning analytics, including data quality,
interpretation risks, and institutional readiness.
Popova, L. (2025) analyzed benchmarking as
a mechanism of educational quality assurance,
focusing on challenges and best practices rele-
vant to the Ukrainian higher education context.
Riordan, A. et al. (2023) conducted a systematic
review of human-centred learning analytics and Al,
emphasizing ethical, inclusive, and user-oriented
analytical approaches.

Results and discussion. Academic analyt-
ics gains particular significance in the context
of competence-based and outcome-oriented
approaches, which dominate modern profes-
sional education. Competence-based training
models require the assessment not only of the vol-
ume of knowledge but also of learners’ ability to
apply it in professional contexts.

Academic analytics enables the combination
of quantitative and qualitative indicators (learning
outcomes, portfolios, data from industrial intern-
ships, employer evaluations) to form a compre-
hensive view of the level of professional compe-
tence development. Within the outcome-oriented
approach, analytics ensures the tracking of learn-
ing outcomes, their compliance with standards
and labor market requirements, and provides
an evidence base for managerial decisions aimed
at improving the quality of professional education.

Monitoring the quality of professional educa-
tion in HEls (higher education institutions) relies
on systematic collection and analysis of diverse
educational data. These data sources include
academic performance records, such as grades,
course completion rates, and examination results;
student engagement metrics, including attend-
ance, participation in LMS (learning manage-
ment systems), and interactions in online learning
environments; practical training and internship
reports, documenting students’ performance in
real-world professional settings; and feedback
from instructors, peers, and employers, providing
qualitative assessments of competence forma-
tion. In addition, HEls increasingly utilize digital

traces from online platforms, such as e-learn-
ing logs, digital portfolios, and learning analytics
dashboards, which allow tracking the dynamics
of knowledge acquisition and skill development
over time (Siemens & Long, 2011; Baker & Yacef,
2009). Combining these heterogeneous data
sources enables a comprehensive assessment
of both cognitive and practical dimensions of pro-
fessional preparation (Table 1).

The evaluation of professional training quality
requires clear, measurable criteria and indica-
tors aligned with competency-based and out-
come-oriented approaches.

Key indicators include: learning outcomes
and academic  achievements, reflecting
the acquisition of disciplinary knowledge; for-
mation of professional competencies, including
practical, cognitive, and social skills; effective-
ness of practice-oriented components, such as
laboratory work, internships, and project-based
activities; and graduate employment outcomes,
including job placement rates, career advance-
ment, and employer satisfaction.

These indicators allow institutions to assess
not only the attainment of knowledge but also
the readiness of graduates to meet the require-
ments of the labor market (OECD, 2020; UNE-
SCO, 2021). International best practices highlight
the importance of integrating predictive and diag-
nostic indicators, enabling early identification
of students at risk of underperformance and pro-
viding targeted pedagogical interventions (Camp-
bell, DeBlois, & Oblinger, 2007).

The rapid digitalization of higher education has
facilitated the use of advanced analytical tools
and platforms for processing educational data.
Learning analytics platforms, such as Blackboard
Analytics, Moodle Learning Analytics, Brightspace
Insights, and specialized software for educational
data mining, allow for automated data aggre-
gation, visualization, and predictive modeling.
These tools provide administrators and educators
with actionable insights regarding student pro-
gress, program effectiveness, and the alignment
of learning outcomes with professional standards.
Additionally, cloud-based and interoperable sys-
tems support inter-institutional data exchange,
promoting benchmarking and collaborative qual-
ity assurance initiatives across HEls.

Table 1
Theoretical Foundations of Academic Analytics
Concept Definition Scope
Learning Analytics Measurement, collection, analysis, and reporting of data Individual & course-level
(LA) about learners to optimize learning and environments learning
Educational Data | Application of statistical and machine learning methods to Predictive modeling &
Mining (EDM) discover patterns in large educational datasets student behavior
Academic Analytics Institutional_-l_evel inte.gration of LA & EDM for strategic Initlljtrtﬁtlczrrsinggl\;er:’rrﬁréce,
(AA) decision-making and quality assurance management
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Despite their advantages, the deployment
of these digital solutions requires careful attention
to data privacy, system interoperability, and digital
literacy of faculty and staff (SoLAR, 2021; Siemens
& Long, 2011). When implemented systematically,
analytical tools contribute to evidence-based
decision-making, continuous program improve-
ment, and enhanced transparency in the man-
agement of professional education.

The adoption of academic analytics in
domestic higher education institutions (HEIs)
offers substantial potential to enhance the qual-
ity of professional education. Key advantages
include evidence-based decision-making, early
identification of at-risk students, and improved
alignment of curricula with labor market needs
(Giannakos, 2022; Schwendimann et al., 2024).
Analytics tools allow administrators and educa-
tors to monitor students’ engagement, perfor-
mance, and competency development, sup-
porting targeted interventions and continuous
program improvement. However, risks accom-
pany these benefits.

Challenges include data privacy concerns,
insufficient digital literacy among faculty,
and potential misinterpretation of predictive mod-
els, which may lead to inequitable outcomes or
over-reliance on quantitative metrics (Wachter,
Mittelstadt, & Russell, 2017; Wilson et al., 2017).

Furthermore, implementing analytics sys-
tems requires significant infrastructural invest-
ment, interoperability of platforms, and institu-
tional readiness, which may limit their immediate
applicability in some domestic contexts. The
methodological framework includes a systems
approach, which considers professional edu-
cation as a complex interaction of learning out-
comes, competency development, teaching
and learning processes, institutional resources,
and external stakeholder requirements. A com-
petency-based approach is applied to assess
the alignment of educational outcomes with pro-
fessional standards and labor market needs. In
addition, a benchmarking approach is used to
compare institutional indicators with national
and international best practices (Table 2).

Effective implementation of academic analy-
tics in national HEIls requires systematic organiza-
tional, technical, and pedagogical conditions.

First, institutional commitment to data-driven
decision-making and quality assurance must be
ensured, including the development of gover-
nance frameworks and clear policies regard-
ing data collection, processing, and ethical use
(Riordan et al., 2023).

Second, technical infrastructure must support
reliable integration of learning management sys-
tems, student information systems, and analytics
platforms to enable comprehensive monitoring
of learning outcomes.

Third, capacity-building for faculty and staff
is essential, including training in data literacy,
interpretation of analytics dashboards, and evi-
dence-based instructional design. Finally, stake-
holder engagement including students, employ-
ers, and accreditation bodies is crucial to ensure
that analytics insights translate into actionable
improvements and align with national educational
standards (Vemula & Moraes, 2024). To success-
fully adapt international experience, domestic
HEIls should adopt a phased, context-sensitive
approach. Recommendations include:

Selective adoption of analytics tools that have
demonstrated effectiveness in comparable insti-
tutional contexts, prioritizing dashboards for stu-
dent engagement, competency tracking, and ear-
ly-warning systems.

Development of ethical and legal frameworks
tailored to national regulations while incorporat-
ing principles from international best practices,
such as transparency, fairness, accountability,
and learner consent (Wachter et al., 2017).

Pilot projects and collaborative initiatives with
international partners to test analytics applica-
tions, collect evidence on effectiveness, and adapt
tools to local curricular and cultural contexts.

Integration with employer feedback mech-
anisms to enhance graduates’ employability
and ensure that analytics insights inform cur-
riculum improvement and professional training
programs (Giannakos, 2022; Schwendimann et
al., 2024).

Table 2

Methodology and Tools for Monitoring Professional Education

Data Source Type of Data

Example

Use in Analytics Tools / Platforms

(e ngodle Logins, participation, Engagement monitoring, Blackboard Analytics,
.%énvas) ’ assignment submissions early warning Moodle Analytics
Student Information Grades, course Performance tracking, PowerSchool, Banner
Systems (SIS) enrolliments, attendance competency measurement Analytics

Scores, rubrics, peer

Assessments / Exams reviews

Learning outcome evaluation

Turnitin, Gradescope

Practical Training /
Internship

Employer evaluations, skill
checklists

Competency development &

Custom dashboards,

employability assessment Tableau
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Continuous professional development for fa-
culty and administrators, emphasizing data inter-
pretation, predictive analytics literacy, and ethical
decision-making.

Adapting international experience in aca-
demic analytics to domestic HEIs offers
a strategic opportunity to enhance transparency,
effectiveness, and relevance of professional edu-
cation programs. In recent years, the integration
of academic analytics into higher education insti-
tutions (HEls) in Ukraine has become a priority for
improving the quality of professional education.
Ukrainian universities are increasingly exploring
international experiences in learning analytics,
educational data mining, and institutional-level
academic analytics to enhance decision-making,
monitor student performance, and align educa-
tional programs with labor market requirements
(Popova, 2025). International models, particularly
from the European Union and the United States,
provide concrete examples of how dashboards,
predictive analytics, and data-driven interven-
tions can support students and faculty. EU HEIls
have successfully implemented learning analytics
dashboards to monitor engagement and provide
early warnings for at-risk students, while U.S.
institutions employ predictive models to reduce
attrition and optimize curriculum design (Schwen-
dimann et al., 2024; Umer et al., 2021). Ukraine’s
national initiatives aim to adapt these practices
within local HEIs, focusing on benchmarking sys-
tems and the integration of analytics for internal
quality assurance (Popova, 2025) (Table 3).

This study has examined the theoretical foun-
dations, methodological approaches, and inter-
national practices of academic analytics in higher
education, with a focus on its role in monitoring

and enhancing the quality of professional educa-
tion. The analysis demonstrates that academic
analytics integrates data from multiple sources
including learning management systems, student
information systems, assessment results, prac-
tical training reports, and employer feedback to
provide a comprehensive, evidence-based view
of students’ learning progress and competency
development. By combining learning analytics,
educational data mining, and institutional-level
academic analytics, higher education institutions
can adopt a systematic and continuous approach
to quality assurance, moving beyond traditional
summative assessment methods.

The research highlights the significant ben-
efits of implementing academic analytics in pro-
fessional education. These include improved
monitoring of learning outcomes, early identifi-
cation of at-risk students, data-informed curric-
ulum design, and enhanced alignment of edu-
cational programs with labor market demands.
International experience from the EU, the USA,
and other countries demonstrates that analytics
dashboards, predictive modeling, and stake-
holder engagement can significantly increase
theeffectiveness,transparency,andresponsiveness
of higher education institutions (Schwendimann
et al., 2024; Giannakos, 2022; Umer et al., 2021).

At the same time, successful implementation
requires attention to ethical and legal considera-
tions, data privacy, faculty training, and technical
infrastructure to ensure reliable and responsible
use of educational data (Wachter, Mittelstadt,
& Russell, 2017; Riordan et al., 2023).

The study also emphasizes the prospects
for further research in this field. Future studies
may explore the adaptation of international

Table 3
International Experience in Academic Analytics
Region / . .
Country Key Practices Benefits Challenge References
Predictive models for Improved graduation .
USA retention, Course Signals rates, targeted Erarggzll c;%gﬁ?;gs, Umer et al., 2021
system interventions Y
Learning analytics
dashboards in . . . . Schwendimann
EU universities, predictive Datz;zfoi;r?e(ar(\j/;ﬁﬁgﬂlng, ngt;auwt?[g%tilr? n etal., 2024;
tools for engagement & Y Y 9 Giannakos, 2022
retention
. . Aligns programs with Legal & ethical
(32{%23 ar!aa?nt(i:gsni]r?trgmrgt?c?r?in quality standards, considerations, Popova, L.,
adaptation) Y HEIsg supports evidence-based digital literacy, (2025)
P improvements interoperability
. . Vemula &
Otr(lizgﬁ;ﬁ;”es aBrE?y?i%(; Ii?&gg?t Engagement monitoring, Infrastructur_e, Moraes, 2024;
Kenya) performance dashboards curriculum adaptation local adaptation Rlor%%ggt al.,
Employer Dashboards integrating | Aligns education with labor D?ézgg;glfy’ Giannakos. 2022
collaboration employer feedback market needs integration ’
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Table 4

Opportunities For Adapting International Experience in National HEls

Aspect Opportunities

Risks / Challenges Recommendations

Evidence-based decisions,
early detection of at-risk
students

Implementation

Data privacy, insufficient
digital literacy

Pilot projects, selective
tool adoption

Collaboration curriculum alignment

Technical Integration of LMS, SIS, High cost, interoperability | Phased adoption, scalable
Infrastructure analytics dashboards issues platforms
Faculty & Staff Data interpretation, Resistance to change, lack of | Continuous professional
Training predictive analytics literacy expertise development programs
Employer Competency tracking, Limited engagement or Formal partnerships,

dashboards linking HEIs

feedback loops and employers

GDPR compliance,

Ethics & Legal transparent algorithms

Risk of bias, misuse of data

Develop ethical
frameworks, ensure
consent and transparency

best practices to national contexts, the devel-
opment of interoperable analytics platforms for
inter-institutional collaboration, the integration
of employer feedback into learning analytics,
and the long-term impact of analytics-driven
interventions on graduates’ employability and
professional competencies. Additionally, re-
search on ethical frameworks, predictive model
validation, and Al-driven analytics in higher
education can further strengthen the scientific
foundation of academic analytics and support
evidence-based improvements in professional
education. In the context of academic analyt-
ics, benchmarking complements data-driven
approaches by providing reference points that
contextualize the interpretation of student per-
formance metrics, learning outcomes, and insti-
tutional KPIs (Key Performance Indicators). For
instance, comparing graduation rates, compe-
tency development, and employability indicators
across peer institutions can inform curriculum
design, allocation of resources, and pedagogical
interventions (OECD, 2020).

Moreover, benchmarking fosters strategic
alignmentand accountability, enabling institutions
to meet accreditation requirements and respond
to labor market demands more effectively. It sup-
ports evidence-based decision-making by high-
lighting performance trends, uncovering systemic
inefficiencies, and guiding policy formulation.
International experience demonstrates that com-
bining benchmarking with learning analytics
and predictive modeling enhances the effective-
ness of interventions, as institutions can prioritize
actions based on comparative insights and histo-
rical trends (Table 4).

In the context of higher education and aca-
demic analytics, KPIs are measurable values that
indicate how effectively an institution, program, or
process is achieving its objectives. They provide
a way to monitor progress, evaluate performance,
and support evidence-based decision-making.

Conclusions. In conclusion, academic analy-
ticsrepresents a powerful instrument for enhanc-
ing the quality and relevance of professional
education, offering a data-driven, transparent,
and adaptive approach that aligns student learn-
ing outcomes with institutional goals and labor
market requirements. Its continued development
and implementation hold significant promise
for both educational institutions and society as
a whole. The Ukrainian experience in academic
analytics reflects a gradual and selective adapta-
tion of international best practices, with a strong
focus on aligning educational quality monitor-
ing with national priorities. Continued research
and pilot implementations are essential to opti-
mize these systems, expand capacity-building
for faculty, and strengthen partnerships with
employers, ultimately improving the overall qua-
lity and competitiveness of professional educa-
tion in Ukraine.
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