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Abstract

Modern universities operate in an environment of increasing uncertainty caused by digital transfor-
mation, financial instability, demographic change, competition for students and academic staff, cybersecurity
threats, and rising expectations from regulators and society. Traditional risk management in higher education
often remains fragmented, reactive, and insufficiently connected with strategic decision-making. The pur-
pose of this study is to develop a conceptual and applied framework for data-driven risk management in uni-
versities through the integration of enterprise risk management, key risk indicators, dashboards, learning ana-
lytics, and predictive models. The study is conceptual-applied in nature and is based on a review of interna-
tional literature on enterprise risk management, learning analytics, early warning systems, predictive analyt-
ics, and digital governance in higher education. The methodology includes system analysis, comparative
analysis, risk mapping, maturity assessment, and conceptual modelling. The results propose an integrated
data-driven ERM framework consisting of five components: risk data architecture, risk taxonomy, key risk
indicators, predictive models, and governance response mechanisms. The study also presents illustrative risk
indicators, risk thresholds, a risk scoring matrix, and examples of predictive model application for academic,
financial, digital, human resource, operational, and reputational risks. The findings show that analytics and
predictive models can transform university risk management from a formal control function into a proactive,
measurable, and evidence-based governance system. The practical significance of the study lies in the possi-
bility of applying the proposed framework in higher education institutions, including universities in Kazakh-
stan, to improve risk identification, early warning, strategic planning, and institutional resilience.

Keywords: Data-driven risk management, Universities, Predictive models, Learning analytics, Enter-
prise risk management.

Introduction

Universities are increasingly exposed to a complex combination of strategic, financial, academic, digi-
tal, reputational, operational, and human resource risks. These risks are no longer isolated events; they are
interconnected signals of institutional vulnerability. For example, a decline in student engagement may begin
as an academic risk, later lead to financial losses through dropout, and eventually create reputational conse-
quences. Similarly, weak cybersecurity may initially appear as an operational risk but can quickly affect
trust, legal compliance, and institutional continuity.

In the context of higher education transformation, risk management can no longer be limited to formal
reporting, internal audit, or post-factum control. The university of the twenty-first century requires a proac-
tive and integrated system that identifies weak signals before they become institutional crises. This is espe-
cially relevant for universities moving toward the model of University 4.0, where education, research, digital
platforms, entrepreneurship, industry cooperation, and data ecosystems become interconnected.

The academic literature shows that learning analytics and predictive analytics have become important
instruments for supporting student success, identifying at-risk students, and improving institutional decision-
making. Siemens emphasizes that learning analytics has emerged as a discipline focused on using education-
al data to understand and optimize learning processes (Siemens, 2013). Cui et al. review predictive models of
student success in higher education and show that universities increasingly use institutional data to identify
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students who may be at risk of failure or withdrawal (Cui et al., 2019). Bafieres et al. demonstrate that early
warning systems can detect at-risk students in online higher education and support timely intervention (3)
(Bafieres et al., 2020). Later research further confirms the value of early warning systems in identifying and
supporting online dropout learners (Baifieres et al., 2023).

At the same time, the literature on artificial intelligence and digital analytics in higher education shows
that universities increasingly apply machine learning, data mining, and predictive tools in learning environ-
ments. Zawacki-Richter et al. identify the growing application of artificial intelligence in higher education
but also highlight the need for stronger involvement of educators and institutional decision-makers in the
design and use of such systems (Zawacki-Richter et al., 2019). De Oliveira et al. show that learning analytics
can contribute to dropout prevention, but they also stress the importance of practical implementation and in-
stitutional integration (de Oliveira et al., 2021).

However, most studies on learning analytics focus mainly on academic performance, student retention,
or dropout prevention. At the same time, research on enterprise risk management in higher education often
focuses on governance structures, internal control, risk registers, and institutional accountability. Khaw and
Teoh show that risk management in higher education has been developing as a research field, but still re-
quires stronger integration between risk governance, measurement tools, and institutional performance
(Khaw & Teoh, 2023). This creates an important research gap: the connection between enterprise risk man-
agement and data-driven predictive analytics remains insufficiently developed.

This study argues that universities should move from traditional ERM to data-driven ERM. In this ap-
proach, risks are not only identified and described in a risk register but are also measured through key risk
indicators, monitored through dashboards, and forecasted through predictive models. The novelty of the
study lies in developing a conceptual and applied framework that combines enterprise risk management,
learning analytics, predictive modelling, and university governance into one integrated system.

The purpose of this study is to develop a data-driven risk management framework for universities based
on analytics, key risk indicators, dashboards, and predictive models.

The study addresses the following research questions:

1. How can universities integrate analytics and predictive models into enterprise risk management?

2. Which types of university risks can be monitored through data-driven indicators?

3. What conceptual framework can support proactive and evidence-based risk governance in higher ed-
ucation?

The hypothesis of the study is that the integration of data analytics, predictive models, and ERM in-
struments can improve the timeliness, accuracy, and strategic relevance of university risk management.

Materials and Methods

This study is conceptual-applied in nature. It does not claim to test a full empirical predictive model on
primary institutional data. Instead, it develops a research-based framework for future empirical testing and
practical implementation in universities. This approach is appropriate because many higher education institu-
tions, especially in emerging higher education systems, are only beginning to integrate risk management,
dashboards, institutional analytics, and predictive modelling into one governance system.

The object of the research is the university risk management system. The subject of the research is the
organizational and analytical mechanisms through which universities can identify, assess, monitor, and pre-
dict risks using data.

The methodological basis of the study consists of several complementary approaches.

First, a literature review approach was used to examine international research on enterprise risk man-
agement in higher education, learning analytics, early warning systems, predictive analytics, and artificial
intelligence in universities. Particular attention was paid to peer-reviewed publications with DOI identifiers.

Second, comparative analysis was used to compare traditional risk management and data-driven risk
management. Traditional risk management usually relies on expert judgment, periodic reporting, qualitative
risk matrices, and internal control procedures. Data-driven risk management additionally uses institutional
data, digital traces, statistical models, machine learning algorithms, dashboards, and real-time monitoring.

Third, risk mapping was applied to classify university risks into key groups: academic risks, financial
risks, operational risks, digital and cybersecurity risks, reputational risks, human resource risks, and strategic
risks. This classification allows the development of risk indicators and predictive variables for each risk

group.
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Fourth, conceptual modelling was used to design an integrated framework for data-driven university
risk management. The model is based on the logic of enterprise risk management, ISO 31000 principles,
COSO ERM, the three lines model, and the practical requirements of university governance.

Fifth, an illustrative analytical matrix was developed to connect types of risks, data sources, key risk in-
dicators, predictive methods, and management responses. The matrix is not based on confidential institution-
al data. It is designed as a demonstration tool showing how universities can operationalize data-driven risk
management.

The general methodological logic of the study is presented in Table 1.

Table 1. Research design of the study

Research stage Method used Purpose
Literature analysis Review of peer-reviewed stud- | To identify existing approaches to ERM, analytics, and predic-
ies tive models in higher education
Risk classification System analysis and risk map- |To group university risks into academic, financial, digital,
ping operational, reputational, HR, and strategic categories
Indicator design KRI/KPI approach To develop measurable signals for monitoring risk exposure
Predictive logic Conceptual modelling To connect risk indicators with predictive models and early
warning mechanisms
Framework Integrated ERM modelling To propose a data-driven risk management framework for uni-
development versities
Practical illustration ~ |Demonstration risk scoring To show how dashboards and thresholds may support deci-
sion-making
Note: Compiled by the authors

The proposed framework can be empirically tested in future research through institutional data such as
student information systems, learning management systems, financial systems, HR databases, internal audit
reports, accreditation results, complaints registers, cybersecurity logs, and digital platform activity.

Results

The main result of the study is the development of a conceptual and applied framework for data-driven
risk management in universities. The proposed framework consists of five interconnected components: risk
data architecture, risk taxonomy, key risk indicators, predictive models, and governance response mecha-
nisms.

1. Risk data architecture

The first component is the creation of university risk data architecture. Universities already generate
large amounts of data, but these data are often stored in separate systems and are not used for integrated risk
management. A data-driven approach requires connecting different data sources into one analytical environ-
ment.

Potential university risk data sources include:

- student information systems;

- learning management systems;

- financial management systems;

- HR databases;

- internal audit and compliance reports;

- accreditation and quality assurance results;

- cybersecurity logs;

- student feedback platforms;

- research performance databases;

- social media and public reputation indicators.

The purpose of data architecture is not to collect data for its own sake, but to transform fragmented in-
formation into risk signals. For example, declining attendance, low LMS activity, delayed assignment sub-
mission, and weak assessment results can become early signals of academic risk. Delays in payments, budget
deviations, and increasing dependence on one source of funding can become signals of financial risk.

2. Risk taxonomy for data-driven university management
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The second component is the development of a clear risk taxonomy. Without a structured classification
of risks, data analytics cannot support management decisions effectively. The proposed taxonomy includes
seven main risk groups (Table 2).

Table 2. Risk taxonomy for universities

Risk group Examples of risks Possible data sources

Academic risks  |Dropout, low academic performance, cur- |Student records, LMS data, assessment results, accred-
riculum mismatch, academic misconduct |itation reports

Financial risks Budget deficit, unstable revenue, grant de- |Budget data, accounting systems, tuition payment data
pendency, inefficient spending
Operational risks |Process failures, service delays, infrastruc- |Administrative systems, service requests, internal con-

ture problems trol reports

Digital risks Cyber incidents, data breaches, system IT logs, cybersecurity reports, platform availability
downtime, weak digital infrastructure data

Reputational risks |Negative media attention, low student satis- |Surveys, social media monitoring, ranking data, com-
faction, ranking decline plaints

Human resource |Staff turnover, shortage of qualified aca-  |HR databases, workload data, staff surveys

risks demic staff, low motivation

Strategic risks Failure to achieve strategic goals, weak Strategic KPIs, research databases, project monitoring
innovation, low research output data

Note: Compiled by the authors

This taxonomy shows that data-driven risk management should not be limited to student performance.
A university is a complex organization; therefore, analytics should cover educational, financial, administra-
tive, technological, reputational, and strategic dimensions.

3. Key Risk Indicators for universities

The third result is the development of key risk indicators. KRI are measurable indicators that show
whether a risk is increasing, decreasing, or remaining stable. In traditional risk management, risks are often
assessed qualitatively as “low,” “medium,” or “high.” In data-driven risk management, these assessments
should be supported by measurable indicators and thresholds (Table 3).

Table 3. Examples of Key Risk Indicators for universities

Risk type Key Risk Indicator Risk signal

Academic risk Percentage of students with low LMS activi- |Early risk of academic failure or dropout
ty during the first four weeks

Academic risk Share of students with repeated failed as- Risk of poor learning outcomes
sessments

Financial risk Share of revenue from one funding source  |Risk of financial dependence

Financial risk Budget deviation from planned expenditure |Risk of weak financial control

Digital risk Number of cybersecurity incidents per se-  |Risk of data security failure
mester

Digital risk System downtime hours per month Risk of interruption in educational processes

HR risk Staff turnover rate Risk of loss of human capital

HR risk Share of academic staff with excessive Risk of burnout and quality decline
workload

Reputational risk Number of justified complaints from stu- Risk of declining trust
dents

Strategic risk Percentage of strategic KPIs not achieved  |Risk of poor strategic implementation

Note: Compiled by the authors

The advantage of KRI is that they transform risk management into a measurable process. They also
make it possible to introduce risk appetite and thresholds. For example, a university may set a threshold that
system downtime should not exceed a certain number of hours per month, or that the share of students with
low LMS activity should not exceed a defined level.

4. Demonstration of risk thresholds and scoring
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To strengthen the practical application of the framework, this study proposes an illustrative risk scoring
logic. The score is based on two dimensions: probability and impact. Each dimension is assessed on a scale
from 1 to 5. The total risk score is calculated as:

Risk Score = Probability x Impact

The interpretation of the score may be organized as follows:
- 1-5: Low risk;

- 6-10: Moderate risk;
- 11-15: High risk;

- 16-25: Critical risk.
This scoring system can be integrated into a university dashboard and connected with KRI thresholds.

Table 4. lllustrative risk scoring matrix for a university

Risk area Key indicator Probability  (Impact Risk score  |Risk level = |Recommended
response
Academic risk |22 % of first-year stu- |4 4 16 Critical Early warning inter-
dents show low LMS vention, academic
activity advising, tutoring
Financial risk 48 % of revenue de- |4 5 20 Critical Revenue
pends on one funding diversification,
source scenario planning
Digital risk 18 hours of system 3 4 12 High IT infrastructure re-
downtime per month view, backup systems
HR risk 17 % staff turnover in |3 4 12 High Retention strategy,
key departments workload review
Reputational Increase in justified |3 3 9 Moderate Service quality re-
risk student complaints by view, communication
25 % measures
Strategic risk 35 % of strategic KPIs |4 4 16 Critical Strategic plan ad-
are behind target justment, manage-
ment review

Note: Compiled by the authors

The values in Table 4 are illustrative and are not based on confidential data of a specific university.
They demonstrate how a university can transform raw institutional indicators into risk scores and manage-
ment actions.

5. Predictive models in university risk management

The fifth result is the identification of predictive models that can be applied to university risk manage-
ment. Predictive analytics can help universities move from describing past problems to forecasting future
risks.

The following models can be used:

- logistic regression for predicting the probability of dropout or academic failure;

- decision trees for classifying risk groups;

- random forests for improving prediction accuracy;

- gradient boosting models for complex nonlinear patterns;

- time-series models for forecasting financial and enrollment trends;

- clustering models for identifying groups of students, staff, or departments with similar risk profiles;

- anomaly detection models for identifying unusual financial transactions, cybersecurity events, or op-
erational failures.

For example, a dropout prediction model may use attendance, LMS activity, grades, assignment sub-
mission, financial status, and student support requests. A financial risk model may use budget execution,
revenue concentration, tuition payment delays, and grant dependency. A reputational risk model may com-
bine student satisfaction surveys, complaints, media monitoring, and ranking dynamics (Table 5).

Table 5. Application of predictive models to university risks
Risk area Predictive model Expected output
Student dropout Logistic regression, random|Probability of dropout

Management response
Academic advising, tutoring, psy-
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forest

chological support

Financial instability

Time-series forecasting

Expected budget gap

Budget correction, diversification
of revenue

Cybersecurity Anomaly detection Unusual system activity IT response, access control, inci-
dent investigation

Staff turnover Classification models Probability of resignation Workload review, retention
measures

Reputational decline |Sentiment analysis Negative sentiment trend Communication strategy, service
improvement

Strategic KPI forecasting Probability of non- Strategic plan correction

underperformance achievement

Note: Compiled by the authors

Predictive models should not replace managerial judgment. They should support decision-making by
providing earlier and more objective risk signals.

6. Integrated framework for data-driven ERM
The final and most important result is the proposed integrated framework for data-driven ERM in uni-

versities.

The framework includes the following logic:

0 J N DNk W —

. Data collection from university systems.
. Data cleaning and integration into a risk data environment.

. Risk classification according to the university risk taxonomy.
. KRI calculation for each risk group.

. Predictive modelling to identify future risk exposure.
. Dashboard visualization for management bodies.

. Governance response through risk owners, committees, internal control, and strategic planning.
. Monitoring and feedback to improve the model.

7. Early warning dashboard logic
The proposed framework can be implemented through an early warning dashboard. The dashboard
should not only present data but also show risk status, thresholds, responsible units, and required manage-

ment responses (Table 6).

Table 6. Example of early warning dashboard logic

Dashboard block

Main question

Example output

Academic risk block

Which students or programs show early
signs of failure?

List of programs with high share of low
LMS activity

Financial risk block

Are revenue and expenditure within ac-
ceptable limits?

Budget deviation and revenue concentration
indicators

Digital risk block Are digital systems stable and secure? Downtime hours, cyber incidents, unre-
solved IT tickets
HR risk block Are there signs of staff instability? Turnover rate, workload pressure, vacancy

duration

Reputational risk block

Is stakeholder trust weakening?

Complaints, satisfaction scores, media sen-
timent

Strategic risk block

Are strategic goals being achieved?

KPI completion rate and forecasted non-
achievement

Note: Compiled by the authors

The dashboard should use three levels of warning:
- Green zone: risk is within appetite;

- Yellow zone: risk is approaching the threshold;

- Red zone: risk exceeds the acceptable level and requires immediate management action.

Discussion
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The findings of the study confirm the hypothesis that the integration of analytics, predictive models, and
ERM instruments can improve the timeliness, accuracy, and strategic relevance of university risk manage-
ment. Traditional risk management systems in universities often depend on periodic reports, expert judg-
ment, and internal audit findings. Although these instruments remain important, they are not sufficient in the
context of University 4.0, where risks emerge quickly and are strongly connected with digital platforms, data
flows, and stakeholder expectations.

The proposed framework contributes to the literature in several ways. First, it connects two research ar-
eas that are often discussed separately: enterprise risk management in higher education and learning analyt-
ics. Existing studies on learning analytics mainly focus on student performance, dropout, and academic suc-
cess. Existing studies on risk management mainly focus on governance, control, risk registers, and institu-
tional accountability. This article brings these directions together and shows that learning analytics can be-
come part of a broader institutional ERM system.

Second, the study expands the meaning of data-driven risk management beyond student analytics.
While student dropout remains one of the most important areas for predictive modelling, universities also
face financial, digital, operational, HR, reputational, and strategic risks. Therefore, a comprehensive data-
driven ERM system should cover not only educational data but also financial data, HR data, IT data, quality
assurance data, and strategic performance indicators.

Third, the study emphasizes the importance of governance. Predictive models have limited value if they
are not connected with decision-making procedures. For example, identifying a student at risk is useful only
if the university has a clear intervention process. Forecasting financial instability is useful only if manage-
ment has mechanisms for budget correction. Detecting cybersecurity anomalies is useful only if the IT de-
partment and risk owners have clear response protocols.

Fourth, the study highlights the ethical dimension of data-driven risk management. Universities must
ensure that predictive models are transparent, fair, and compliant with personal data protection requirements.
The use of student and staff data requires clear rules on access, consent, anonymization, storage, and ac-
countability. A data-driven university should not become a surveillance-based organization. Instead, analyt-
ics should be used to support students, protect institutional sustainability, and improve management quality.

The proposed framework is particularly relevant for universities in Kazakhstan. The national higher ed-
ucation system is undergoing transformation through digitalization, academic autonomy, quality assurance
reforms, and stronger competition. In this context, universities need not only formal risk registers but also
measurable indicators, dashboards, and predictive tools. This is consistent with the broader idea that risk
management should be integrated into university governance, strategic planning, and internal control.

The results are also consistent with the international literature. Studies on learning analytics confirm
that educational data can help identify at-risk students and support timely interventions (Siemens, 2013);
(Bafieres et al., 2020). Research on predictive models confirms that different statistical and machine learning
approaches can support student success forecasting (Cui et al., 2019). Studies on artificial intelligence in
higher education show that digital tools are increasingly used in educational management, but require strong-
er institutional and ethical governance (Zawacki-Richter et al., 2019). Research on risk management in high-
er education confirms the importance of systematic risk governance and further development of risk man-
agement practices (Khaw & Teoh, 2023).

However, this study goes beyond previous literature by proposing a broader institutional model. It does
not limit analytics to student performance, but connects data-driven tools with enterprise risk management,
risk appetite, KRI, dashboards, predictive models, and management response mechanisms.

The study has several limitations. Since the article develops a conceptual-applied model, it does not test
the framework on primary institutional data. Future research should apply the proposed framework in a spe-
cific university, collect real data from LMS, finance, HR, and internal control systems, and test the predictive
accuracy of selected models. It would also be useful to compare different machine learning algorithms and
evaluate their interpretability, fairness, and practical usefulness for university management.

Conclusion

This study developed a conceptual and applied framework for data-driven risk management in universi-
ties. The research showed that modern universities require a transition from fragmented and reactive risk
control to integrated, measurable, and predictive ERM systems. The proposed framework combines risk data
architecture, risk taxonomy, key risk indicators, predictive models, dashboards, and governance mechanisms.
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The study achieved its main objective by demonstrating how analytics and predictive models can be
embedded into university risk management. The proposed approach allows universities to identify risks ear-
lier, monitor risk exposure through measurable indicators, predict potential negative outcomes, and support
evidence-based managerial decisions.

The main scientific novelty of the study lies in integrating enterprise risk management and predictive
analytics into a single data-driven risk management framework for universities. Unlike traditional approach-
es, the proposed model treats risk management not only as a compliance or internal control function but also
as a strategic analytical system.

The practical value of the study is reflected in the proposed taxonomy of university risks, examples of
KRI, risk thresholds, risk scoring matrix, and the model connecting risks with data sources, predictive mod-
els, dashboards, and management responses. These instruments can be used by university management, in-
ternal audit units, quality assurance departments, strategic planning offices, and risk owners.

The hypothesis of the study is confirmed at the conceptual level: the integration of data analytics, pre-
dictive models, and ERM instruments can improve the timeliness, accuracy, and strategic value of university
risk management. However, empirical testing is required to validate the proposed framework using real insti-
tutional data.

For practical implementation, universities are recommended to:

1. develop a unified risk data architecture;
introduce a university-wide risk taxonomy;
define KRI and risk appetite thresholds;
implement dashboards for risk monitoring;
pilot predictive models for academic, financial, digital, HR, and reputational risks;
assign risk owners and response procedures;
ensure ethical and legal protection of personal data;
integrate data-driven risk reports into strategic governance.

Thus data-driven risk management can become an important mechanism for strengthening institutional
resilience, improving decision-making, and supporting the sustainable development of universities in the era
of University 4.0.

0N LR W
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AHnoamna

Kazipri yauBepcurerTep mudpIbK TpaHCHOpMAIHs, Kap>KBUIBIK TYPAKCHI3IBIK, IEMOTPA(USIIBIK ©3-
repicTep, CTyISHTTEP MEH aKaJIeMUIIBIK Kaapiiap YIIiH O9CEeKeNeCTIK XKoHe KuOepKayinTep, COHaai-aK pet-
TeyIlli OpraHjap MEH KOFaM TapallblHaH apThI KeJie )KaTKaH TajanTtap TYAbIpFaH OeNriCi3IiK *KaFaaibiHaa
yMbIC icteiimi. XKorapel OimiM Oepy caiachbIHIAFBl ISCTYPIIi ToyeKelaepai Oackapy keOiHece OBITBIPAHKBI,
JKarJaiiFa Kapail opeKeT eTETiH )KOHE CTpaTeTrHsUIbIK MIenriMaep KabbuiqayMeH JKeTKITIKTI AeHreiine Oaiina-
HBICTIAFaH CHIATTa 0oJabl. 3epTTey MaKCcaThl — YHHBEPCUTETTEPC JIepPEeKTEpre HEri3IeNreH ToyeKeIaep Il
0acKapyblH TY)XbIPbIMJIaMaJIbIK-KOJIqaHOAIBI MOJICITIH 93ipiiey, sFHU enterprise risk management, key risk
indicators, dashboards, learning analytics >koHe GOMmKaMIBIK MOAENBAEPAL OipiKTipy. 3epTTey TYKBIpbIM/IA-
MaJIbIK-KOJIJTaHOAJIbI CUIIATKA He KOHE JKOFaphl OLTIMIIET] ToyeKenaep i 0ackapy, OKbITY aHaJTUTHKAChI, epTe
€CKepTy JXyHenepi, OODKaMJIbIK aHAUTHKA >KoHE HUQPIBIK Oackapy OOWBIHIIA XANbIKAPAIBIK FHUIBIMU
omeOueTTepal Tanmayra HeTi3eNnreH. OiCTeMeNiK Heri3 peTiHe )KYHelliK Tajuay, CalbICThIpMaibl Talay,
TOyeKeJl KapTachlH Kypy, XKETUTy JeHreiiH Oaranay >KOHE TY)KBIPHIMIAMAIIBIK MOJEINBACY KOJIJIaHBUIIBI.
3epTTey HOTHKeCiHIe Oec KOMIIOHEHTTEH TYpaThiH JepekTepre Heriznenred ERM mMofeni YChIHBIIBL: Toye-
KeJI JIepEeKTepiHiH apXUTEKTYPachl, TOYEKeAep TAKCOHOMUSICHI, HETI3T1 ToyeKel MHIUKAaTOpIaphl, OOmKaM-
JBIK MOZIETIBJEp KoHEe OacKapyIIbUIBIK jkayan Oepy Mexanusmepi. COHBIMEH Katap akaJeMHsUIBIK, KapiKbl-
JIBIK, ITUQPIBIK, KaaPJIbIK, ONEPAMSIIBIK XKOHE OCICNIIK ToyeKesaep OOWBIHINA TOYEKeNl MHIUKATOPIIAPhI,
IIEKTI MOHEP KOHE ToyeKenjepAl Oaraigay MaTpPHUIAChl YCHIHBUIABL 3epTTey HOTHXKENepl aHaJUTHKa MEH
00JKaMIBIK MOJIETIB/ICP YHUBEPCUTETTEPACTI ToyeKenaepai 6ackapyapl popManbasl Oakeuiay (pyHKIUSACHI-
HaH TPOAKTUBTI, OJIIEHETIH >KOHE MAdJeliepre HeTi3fenreH Oackapy KyiHeciHe aifHanablpa alaThIHBIH
KepceTei. ¥ ChIHBUIFaH Mojenb Ka3zakcTaH yHHBEPCHUTETTEpiHAE TOYEKeNJepAi epTre aHBbIKTay, CTpaTery-
SUTBIK JKOCTIApJIay YKOHE HHCTUTYIMOHAIIBIK TYPAKTBUIBIKTBI aPTTHIPY YIIIH KOJIQHBLTYBl MYMKIH.

Kinm ce3dep: monimeTTep HeTi3iHAer Toyekennepai Oackapy, YHHBEPCUTETTEpP, 0OIDKay MOJIENbIEpi,
OKY aHAJIUTUKACHI, KOCIIOPBIH TOYEKEiH OacKapy.

anaBJIelme PUCKaAaMH B YHUBEPCUTETAX HA OCHOBE JaHHbIX:
NPUMEHCHUE AHAJITUTUKU U MPOTrHO3HBIX Mojaesei

Nasaer6aesa H.B.'* 2, HypceiiT T.A.2 ", Kernucoaes K.A.3
Bypxanos A.Y.* ")) Paxmerosiaesa A.O.5

1233 Kapazanounckuii Hayuonanvuwlll ucciedosamenvckuil ynueepcumem um. E.A. Bykemoaa,
Kapazcanoa, Kazaxcman,
*Tawxenmexuii 20cydapcmeentviii skoHomuyeckuti ynueepcumem, Tawxenm, Y3zbexcman
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AnHomayusn

CoBpeMEHHBIC YHUBEPCUTETHI (DYHKIHOHUPYIOT B YCIOBHSIX BO3pPACTAOIICH HEONPEIACICHHOCTH, BbI-
3BaHHOW ITU(pOBOM TpaHchopmalmeli, (UHAHCOBOH HECTAOMIBPHOCTHIO, AeMOTpaQUIeCKUMU H3MEHEHUSIMH,
KOHKYPEHIIMEH 3a CTYACHTOB M aKaJieMHUYecKhe KaJpbl, KHOepyrpo3aMH, a TakKe pPOCTOM TPEeOOBaHHU CO
CTOPOHBKI PETYJIATOPOB U 00IecTBa. TpauIIMOHHOE YIIPAaBIEHUE PUCKAMU B CUCTEME BBICIIIETO 00pa30BaHuUs
4acTo OCTaeTCsl PparMeHTAPHBIM, PEAKTUBHBIM U HEJAOCTATOYHO CBSA3aHHBIM CO CTPATCTUYCCKUM MPUHITHEM
pemeHnii. llenmpl0 JaHHOTO WCCIENOBAaHUS SBISIETCS pa3pabOTKa KOHIENTYaIbHO-TIPUKIAIHOW MOAETH
yIpaBiCHHs PUCKaMU B YHUBEPCUTETaX Ha OCHOBE JIAaHHBIX IIyTEM MHTETpaluu enterprise risk management,
KIIFOUEBBIX WHAMKATOPOB PUCKA, YIPABICHUSCKUX MaHenel, learning analytics U mporHo3Heix mozeneit. HMc-
CJIETOBaHNE UMEET KOHIIETITYyalIbHO-ITPUKIIAIHON XapaKTep ¥ OCHOBAHO Ha 0030pe MEXIyHApOJHOI JInuTepa-
Typbl IO PUCK-MEHEDKMEHTY, 00yJaromiel aHaIUTHKe, CUCTEeMaM paHHETO MPEeAyNpexACHUs, TPOTHO3HOM
AHAJIMTUKE W U(GPOBOMY YIIPABICHUIO B BBICIIEM 00pa30BaHUU. METOHO0IOTHUYECKYI0 OCHOBY COCTABHIIH
CUCTEMHBIN aHaJN3, CPABHUTENBHBIA aHANN3, KapTUPOBAHNE PUCKOB, OLEHKA 3PENIOCTH M KOHIENTYyaIbHOE
MojennpoBaHue. B pesymerate mpemiokeHa mHTerpupoBaHHas data-driven ERM-mopens, BkIrouaromas
IIATh KOMIIOHCHTOB: apXHUTCKTYPY PUCK-AAHHBIX, TAKCOHOMUIO PUCKOB, KIIFOUCBBIC MHAWKATOPHLI pHUCKa, IIPO-
THO3HBIC MOACTIN U MCXaHU3MBbI YIIPABJICHYCCKOIO pearupoBaHus. Taxxe MpeACTaBJICHBI IIPUMEPLI UHAUKA-
TOPOB, TOPOT'OBBIX 3HAYEHHM, MATPHIIBI OIEHKH PHCKOB U MTPUMEHEHUS MPOTHO3HBIX MOJIENEH IS aKa[eMu-
YeCKHX, (PMHAHCOBBIX, U(POBBIX, KaJPOBHIX, ONEPAIMOHHBIX U PEIyTAMOHHBIX pUCKOB. [loyueHHbIE pe-
3yNbTaThl TOKA3bIBAIOT, YTO AHAIUTHKA M IPOTHO3HBIC MOJIENM MO3BOJISIIOT TPaHC(HOPMHPOBATH PHUCK-
MEHEDKMEHT YHHBEpPCUTeTa u3 (popMambHOW KOHTPOJIBHON (PYHKIMH B MIPOAKTUBHYIO, U3MEPUMYIO H JOKa-
3aTebHYI0 CUCTeMY yrpaBieHus. [IpakTiudeckas 3HAYMMOCTh WCCIIEOBAHMS 3aKIFOYAeTCS B BO3MOXKHOCTH
MIPUMCHCHUSA Hpe[{HOX(CHHOﬁ MOJCIIN B YHUBCPCUTETAX Kazaxcrana AJI1 paHHETO BBIABJICHUS PUCKOB, CTpa-
TETUYECKOTO TIAHUPOBAHUS U TIOBHIIIEHUS HHCTUTYIIHOHAEHOW yCTONYNBOCTH.

Knrouesnvle cnosa: ynpaBieHue puckaMu Ha OCHOBE JTaHHBIX, YHUBEPCUTETHI, MPEIUKTUBHBIE MOJIEIH,
aHaJMTHKa 00YYEHUs], KOPIIOPATUBHOE YIIPABJICHUE PUCKAMHU.
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