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ABSTRACT

Higher education increasingly demands timely, reliable analytics. At
many universities, separate data systems for learning, research,
finance, student, and identity services create significant integration,
semantic, and auditability challenges. This paper contrasts the use
of a governed, Al-powered data platform to improve decision
support for student success and research performance. Researchers
integrated 32,593 students, a stratified panel of 300 four-year U.S.
universities from 749-771, 18 purposively selected stakeholders, and
200 standardized prompts for evaluating LLMs into a Design-
Science Research and mixed-methods approach. The platform
brought together cloud ingestion, lakehouse storage, master data
management and semantic KPI governance, knowledge graphing,
predictive models, and retrieval-grounded LLM services. Data
completeness improved from 91.2% to 98.4%, KPI agreement
improved from 72.6% to 96.8%, and reporting latency improved
from 26.4 hours to 2.1 hours. Student-risk AUC increased by 0.09
to 0.83, research-forecast MAPE decreased from 19.6% to 11.8%,
and time to insight decreased by 64.3% with the assistance of an
LLM. Lineage completeness was 97.0%, and cross-domain
98.2%. These

improvements but do not provide concrete causal evidence of

reconciliation was results show operational
improvements in retention or research funding. The results suggest
that co-developing integration, semantics, governance, and human

oversight is essential for successful implementation of institutional

www.internationalsped.com

749


http://creativecommons/

2026, 41(21s), 749-771

INTERNATIONAL JOURNAL of SPECIAL EDUCATION

orgllicenses/by/4.0/). Al Further study is needed to validate causal, longitudinal, and

cross-institutional effects in a production-scale deployment.

Keywords;

Artificial-intelligence, Data-governance, Lakehouse,

Learning-analytics, Student-success, Research-performance.

1. Introduction

Higher education institutions are increasingly
embedded in a data-centric environment in which
student  information  systems, learning-
management systems, research administration
systems, financial applications, human-resource
systems,  bibliometric  systems,  identity-
management  systems, and  compliance
repositories continuously record institutional
data. Total investment in higher-education
research and development in the United States in
FY2024 is estimated at $117.7 billion, up neatly
$8.9 billion, or 8.1%, from FY2023. In addition,
the 10 June 2026 edition of the College Scorecard
includes data for institutions from 1996-97 to
2025-26  on institutional  characteristics,
enrollment, student aid, costs, completion, and
outcomes. EDUCAUSE’s report found that 79%
of respondents felt leaders were interested in or
committed to using analytics, but only 69% saw
it as a strategic need; 57% did not have a chief
data officer, and 69% did not have a chief
analytics officer. These conditions indicate a
rapidly growing volume of data and executive
interest that outpace governance. Managing an
institution means balancing records across
systems, aligning metrics, ensuring consistency,
tracking records of origin, enforcing access
controls, and enabling timely record access to
advise, fund, comply, and invest in the
institution’s portfolio. With machine learning
integration, then, the problem is not algorithm
selection; it is Data Governance and Data

Capability.

This study sought to resolve a real disconnect
between predictive, generative, and near real-time
intelligence and siloed data architectures.
Student, learning, advising, research, financial,
publication, and identity data have associated
purviews, definitions, and refresh cycles.

However, four obstacles hinder effective
analytics: different definitions of success or KPIs
across departments; slow reporting and action
cycles; low interoperability between student
success and research performance KPIs; and the
inability to credibly explain Al-generated
conclusions. Without shared semantics and
traceable  pipelines, identical institutional
questions can yield conflicting answers across
multi-faceted dashboards and spreadsheets, in
addition to local queries. The research question
was: In  student-success and  research-
performance functions, is a governed Al
platform with analytical tools significantly better
at improving data quality, analytics speed,
predictive solutions, semantic consistency, and
decision usefulness?

The study aimed to achieve four targets. First, it
designed and evaluated a cloud-native Al-
enhanced platform that combines both student-
lifecycle and research-performance data. Second,
it explored how canonical entities, common KPI
definitions, metadata, lineage, and semantic
standardization affect analytics consistency.
Third, it compared predictive student-risk
analytics, research-performance forecasting, and
retrieval-based LLM decision support. Fourth, it
evaluated the governance controls necessary for
privacy, fairness, transparency, auditability,
security, and responsible Al across the analytical
life cycle.

This empirical investigation was conducted at
three levels. The Open University Learning
Analytics Dataset included 32,593 students, 22
module presentations, and 10,655,280 virtual-
learning-environment interaction records for
student-success prediction at the student level.
Researchers analyzed 300 U.S. four-year
institutions at the institution level using IPEDS,
College Scorecard, Higher Education Research
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and Development, OpenAlex, and Research
Organization Registry data from 749-771. The
study purposefully selected four functional
institutional units and 18 stakeholders as
supporters  of architecture and usability
evaluation at the platform and organizational
levels. It used a multilevel design that integrated
behavioral,

organizational evidence within one analytical

institutional, research, and
framework, and it reflected realistic integration of
higher education data and operational
governance. The study assessed its impact on
decision-support  capability, predictive and
operational performance, not on institution-wide
retention or research funding. However, it cannot

be considered fully causal.

The study has been divided into Seven Chapters.
The theoretical and empirical basis is developed
in Chapter 2. Chapter 3 reports the Design-
Science Research and mixed-methods
procedures. Chapter 4 presents the results for the
quantitative platform, predictive, governance,
and stakeholder components. Chapter 5
interprets the findings with respect to the
analytical objectives. Chapter 6 covers limitations
and related empirical issues. Chapter 7 presents a
summary of the Principal Findings, Practical

Implications, and Research Contribution.
2. Literature Review

2.1 Al, Learning Analytics, and Student
Success

Higher education learning analytics increasingly
merge data from student information systems,
assessment records, and learning management
system trails to identify disengagement and/or
academic risk. Educational big-data applications
are useful only when they function in the context
of pedagogy and education and when
heterogeneous ~ datasets  are  interpreted
accordingly, rather than treated as mere evidence
[1]. Usually, ecatly-warning pipelines take
information on  attendance, assessments,
registration, and activity in a virtual-learning
environment, and apply risk scores that advisers

can prioritize.

The OULAD corpus demonstrates the scale of
operation available for reproducible testing,
comprising 32,593 students, 173,912 assessment
records, and over 10.65 million VLE interaction
Through a
researchers showed that learning analytics can

records. systematic ~ review,
support student learning success by enabling
timely interventions; therefore, it is useful for
institutions [2]. A model with a higher AUC does
not necessarily make a better operational model,
and risk signals must be calibrated, interpretable,
and equitable across subgroups, timely, and
integrated into advising workflows. Scientists
identified yet another potential use case for Al in
digital education transformation, underscoring
the need to invest in analytical capabilities,
institutional procedures, infrastructure, and

human decision-making [3].
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Figure 1: Framework illustrating how institutional data, Al analytics, interventions, and governance

improve student success outcomes.
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Figure 1 shows that institutional data sources, Al-driven learning analytics, and student success are

interdependent. Patterns are identified to score risks, develop dashboatrds, and make predictions using

student records, assessments, LMS activity, attendance, and engagement. The outputs are used for eatly

warnings, adviser review, timely interventions and personalized support, retention, performance and

engagement, and informed decision-making.

2.2 Research Performance Analytics and
Research Information Management

Intelligence for research must transcend
publications. Institutional systems must link
proposals, awards, research expenditures,
publications, citations, collaboration networks,
compliance, investigator workload, and funding
concentration. Researchers noted that, beyond a
single indicator, a multidisciplinary evaluation is
necessary because scholarly output, citation
impact, collaboration, field, time, and
institutional ~ size influence interpretation
differently [4].

The higher education research and development
survey can support U.S.-based analysis because it
reports a census of institutions with at least
$150,000 in separately accounted-for R&D,
providing  institution-level analysis of
expenditures and funding. When integrating
bibliometric data with internal grant systems, it is
therefore desirable to use persistent organization
identifiers  and  information  that  help
disambiguate scholarly entities. They also showed
that Al-enabled organizational change affects
workforce configurations in addition to

performance measurement, and that
organizational change can initiate research

intelligence [5].

2.3 Governance, Ethics, and Institutional Al
Use

Institutional Al widens the governance surface,
as sensitive educational, personnel, financial, and
research data can be exposed by it. When
institutional data are used to make automated
decisions, researchers highlichted stewardship,
metadata, data quality, and ownership, security,
and lifecycle controls as essential data-
management disciplines [6]. Operating controls
include role-based access and least-privilege
permissions, lineage and audit logs, a model
register, validation thresholds, human review, and
privacy and consent; surveillance risk, bias, model
drift, and explainability. Table 1 describes critical
risks in each category of governance, ethical, and
institutional risks; it also outlines concrete
controls for data quality, data privacy and
security, transparency, fairness, model
governance,  auditability, and  regulatory
compliance that can build a responsible and
accountable Al system.

Table 1: Governance, ethical risks, and operational controls for responsible Al deployment at the

institutional level, along with regulatory requirements.

Governance . .

Area Key Risk/Issue Practical Control Expected Purpose
Poor data quality, unclear| Metadata management, data- o

Data e quaty, . gement, Improve reliability and
ownership, weak| quality rules, ownership, lifecycle .

governance . accountability
stewardship controls

. Exposure  of  sensitive| Least-privilege access, role-based .
Privacy and P . p 8 ’ . |Reduce  unauthorized
) student, staff, financial, and|access control, security .

security o access and data misuse
research data monitoting

Ethical AI Bias, surveillance, unfair|Human review, fairness checks,|Support equitable and
automated decisions consent controls responsible decisions
Unclear model reasoning|Model registers, documentation,| Improve interpretability

Transparency o Sy .
and weak explainability validation thresholds and oversight
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g;‘:rnance Key Risk/Issue Practical Control Expected Purpose
. - . . . . |Enable review,
N Limited  traceability = of|Data lineage, audit logs, decision .
Auditability - compliance, and
automated decisions records o
accountability
Model Model drife and declining “0PiRuOUS MOMIOTING \ pointin consistent
s . validation, model lifecycle
governance reliability over time model performance
management
Regulatory High-risk  educational Al Data  governance, accuracy Align Al use with
. . controls, transparency, human .
compliance requirements . regulatory expectations
oversight
The FEuropean Union (2024) provides a intelligence and machine learning [10]. At the

consequential regulatory framework, as certain
educational Al uses may be high-risk and require
data governance, transparency, documentation,
accuracy, and human oversight [7]. Coherent
deployment of this type of technology is also
promoted through fairness, reliability, privacy,
security, transparency, and accountability [§].
Transferable  evidence from  low-latency
financial-network governance also underscores
the importance of monitoring: Researchers
applied machine-learning security principles to
environments where automated decisions must
remain under human control while still enabling

the desired speed and performance [9].

2.4 Platform Architectures:
Semantic Layers, Knowledge Graphs, and

Lakehouse,

Decision Intelligence

A workable should

ensure integration does not revert to separate

institutional framework

pipelines. The lakehouse architecture leveraged
data-lake flexibility and added warehouse-style

governed data management for business

higher education level, data flows from source
systems into a raw and curated lakehouse, then to
master Data management and entity resolution, a
semantic KPI layer, a knowledge graph, feature
and model services, governed LLM/RAG
services, and finally to dashboards and alerts for

institutional decision-making,.

The literature also introduce domain-oriented
data ownership and data-product thinking to
distribute data responsibility while maintaining
interoperability [11]. A centralized education data
platform is central to the researchers’ focus, as
integrated analytics features are in demand [12].
Governance needs to be pervasive across all
layers through metadata, lineage, quality rules,
retention  rules, access policies, model
registration, and audit evidence, rather than after
deployment.Additional  findings show  that
automated CI/CD optimization for multi-cloud
environments makes sense for deploying test and

controlled data and Al services [13].
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2.5 Theotretical Lenses and Debates

The four lenses explain why technical integration
cannot guarantee institutional value. The socio-
technical approach views outcomes as the result
of interactions among technology, roles,
incentives, and workflows. Learning-analytics
ethics focuses on power and privacy, and on the
potential for risk classification to become
surveillance. In line with responsible-Al thinking,
Design-Science Research evaluates an artifact’s
usefulness in the context of the organizational
problem it is meant to solve.

According to the EDUCAUSE (2024) report,
governance, faculty capacity, and strategic
alignment shape adoption decisions at all
maturity levels, positioning analytics within the
institutional transformation context [14]. Three
basic tensions remain unresolved: predictive
versus actionable intervention; sufficient record-
keeping and controls versus speed of
deployment; and LLM explanations versus the
risk of hallucination and overconfidence and
their correct institutional role: augmentation. Al
can accelerate progress in lifting evidence to the
surface, depth grasping and interpretation, but
cannot make final decisions.

2.6 Limitations and Research Gaps in the
Literature

Current scholarship covers topics such as student
prediction, research metrics, data architecture,
governance, and Al operations. They may have
strong models, but they often include extraneous
or duplicate entities and transformations,
nonsensical lineage, or disconnected KPIs and
definitions. The missing elements are an end-to-
end framework for both the student-success and
research-performance domains and shared
semantics and Al services that govern those end-
to-end experiences. This becomes especially
critical during platform and technical scale
modernization, where stewardship maturity does
not keep pace. This points to the need to shift
from algorithmic studies to the capability of

generating institutional insights as a socio-

technical capability. This enables assessment of
overall performance across data quality, data
architecture, data governance, data model
performance, and human decision processes.

3. Methods and Techniques
3.1 Data Collection Methods

Data collection was conducted at the Student,
Institution, Platform, and Stakeholder levels. At
the student level, no sampling was undertaken;
the Open University Learning Analytics Dataset
population of 32,593 students was used in its
entirety, across 22 module presentations. These
included demographic information, enrolments
and evaluations, and 10,655,280 individual virtual
learning environment interactions per day. For
the 300 institutions observed in the United States
during  2020-2024,  researchers  collected
institution-level outcomes. Researchers used
stratified random sampling after filtering to
ensure a valid IPEDS UNITID, a valid College
Scorecard outcome measure, and a valid match to
the HERD, OpenAlex, and ROR identifiers.

Researchers defined strata by size, control level,
research level, and geographic region. Variables
included were R&D expenditure, R&D funding
allocation, publication numbers, citation indices,
and collaboration. Researchers harmonized
records using canonical institutional identifiers
and entity-resolution rules. Using purposeful
sampling, researchers recruited 18 stakeholders
as participants: six Data Engineer or Architecture
staff, four Institutional Research or Learning-
Analytics staff, three Research-Administration
analysts, two Privacy or Compliance specialists,
and three senior decision makers.

The LLM was assessed with 200 prompts for
student, research, and cross-domain analytic
tasks. Researchers profiled each data source to
identify potential conflicts, duplicate sources,
blank and null data, invalid dates, and type
conflicts before integrating the data. They
assessed confidence and investigated dubious

institutional relationships before incorporating
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them to avoid entity-resolution issues further
downstream, which would have an impact on
downstream measures. This design aligned with
artifact-centered ~ evaluation  principles  in
information systems research that foreground
usefulness and fit-for-context and were evident
throughout the field [15].

3.2 Data Analysis

Four analytical streams were carried out.
Platform analysis entailed checking
completeness, missingness, duplication,

referential-integrity violations, recovery time,
refresh time, throughput, and failed runs. For
operational measures that were approximately

symmetric, researchers summarized them with
means and standard deviations; for others, they
used medians and interquartile ranges. Second,
researchers compared a demographic and
registration logistic-regression baseline model
with a gradient-boosting model that included
assessment and VLE-engagement features to
predict student success. Table 2 outlines the four
analytical streams used in the study, including
their data inputs, analytical approaches, and
evaluation measures for platform performance,
student-success modeling, research forecasting,
and qualitative assessment in the integrated

framework study.

Table 2: An overview of analytical streams, data inputs, analysis approaches, and the main

evaluation measures that are employed throughout.

Analytical . . .

Y Data/Inputs Analysis Approach Main Evaluation Measures
Stream

Completeness, missingness,
L . duplication, referential integrit

Platform Integrated institutional| Assessed data quality and plicazion, &

. o . reconciliation accuracy, refresh
analysis data pipelines operational performance

latency, throughput, failed runs,
recovery time

Demographic,

Student-success | registration,

Compared
regression baseline with| AUC, precision, recall, F1, Brier

gradient boosting using|score,

logistic-

calibration,  subgroup

coding

modeling assessment, and VLE-|® .
train, validation, and test| performance
engagement data .
partitions
Rescarch. H]i';ll{Dt1 expeid;ture, Colmparecll) lalgged R&?};
i n i ns,| only in i
petformance publications, cita O, S’? y ascine W MAE and MAPE
) and collaboration| integrated forecasting
forecasting o
indicators model
o i Applied hybrid deductive| Thematic patterns and inter-rater
Qualitative Intetview and|" PP ¢ e o P . .
) ) and inductive thematic|agreement, with 25% of transcripts
analysis workshop evidence

double-coded

To minimize information leakage, researchers
partitioned module presentations into training,
validation, and testing sets. Researchers used
AUC, precision, recall, F1, Brier score,
calibration, and subgroup comparisons to assess
performance. Third, researchers measured 4-
quartile error using a lagged R&D-only baseline
and an integrated model with HERD-based

expenditure, publication, citation, and
collaboration  indicators.  Fourth,  hybrid
deductive and inductive thematic coding was
used on evidence from interviews and
workshops, and 25% of the workshop transcript
replicates were double-coded to enhance

interrater agreement. Studies reported that they
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judged the models not on presumed literal

accuracy but on their practical usefulness [16].

3.3 Al-Enabled Data Platform Architecture
and Design-Science Process

The platform artifact’s development followed the
six Design-Science cycles: problem identification,
objective definition, design and development,

demonstration, evaluation, and communication.
This sequence supports the view that an artifact
must address a relevant organizational issue, be
grounded in design knowledge, and be clearly
evaluated [17]. The result was an architecture of
six interconnected layers. Layer one handled
cloud ingestion and orchestration; layer two
stored raw and curated data in a lakehouse.

Governed Al Enabled Data Platform Flowchart
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Figure 2: The governed Al-enabled data platform architecture for higher-education institutional

decision support.

Figure 2 illustrates the governed, Al-enabled
Data Platform, from institutional source systems
through cloud ingestion, Lakehouse storage,
Master Data services, Semantic KPI and
Knowledge Graph services, Al Services, and
decision-support outputs. It also provides
decentralized governance through metadata,
lineage, role-based access control, data
minimization, audit logs, and continuous model
monitoring for reliable institutional analytics

operations.

Layer three handled master-data management
and entity resolution; layer four supported

semantic KPI definitions and a knowledge graph.
Layer five also held the feature store, model
registry, and predictive services; and layer six
provided dashboards, alerts, and retrieval-
grounded LLM services. Governance worked
horizontally through metadata, lineage, role-
based access, minimization, audit logging, and
model monitoring. This design also leveraged
current developments in the field, showing how
secure and scalable multi-domain MDM can
enable low-latency decision-making solutions
when secure, real-time processing is designed in
[18].
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Figure 3: Six-phase Design-Science Research process and evaluation loop.

Figure 3 illustrates the six phases of the Design-
Science Research process used to develop and
assess the Al-powered data platform. It shows
identification, definition,

problem objective

design and development, demonstration,
evaluation, and communication in sequential
steps. This continuous adaptation and iteration
are captured with a circular design, along with
feedback and improvement. It shows how
evaluation results can inform decisions in earlier
design stages and increase the platform’s
significance, usefulness, quality, and practical

institutional applicability.

3.4 Evaluation Metrics, Validation, and

Governance Tests

Researchers used five evaluation dimensions
such as scalability, data quality, and compliance
with governance, integration capability, and
effectiveness in decision support. Scalability tests
included end-to-end latency, throughput, number
of failed refreshes, and recovery time. Data
quality was measured by completeness,
consistency, duplication, referential integrity, and
reconciliation. Researchers tested institutional
entity matching and departmental KPI agreement
through integration tests.Researchers conducted
risk discrimination and risk calibration of
students to support predictive validation and

used forecast error for research validation.

Researchers conducted decision-support tests of
time to complete, usefulness, clarity, factuality,
and citation level for LM tasks. Researchers

checked all substantive statements generated
using the 200 LLM prompts against outcome
samples from the governed queries or dashboard
evidence. Researchers explored predictive
performance across demographic categories in
the subgroup analyses to see whether it declined
materially. The assessment approach aligns with
the iterative demonstration and measurable utility
of Design-Science, with explicit connections
between requirements and assessment criteria

[19].

3.5 Tools, and

Reproducibility

Ethics, Reliability,

Reproducible transformations and modeling
done wusing Python and SQL,
distributed processing was used where scale tests

were and
required it. Scheduled ingestion and validation
jobs using workflow orchestration, separated
source and curated zones using lakehouse
storage, automatically generate auditable output
of wvalidations using validation rules, preserve
version, parameters, metrics, and approval status
using model-registry tooling, experiment with
semantic relationships using graph technology,
and present governed KPIs via Bl dashboards.
Scripts and parameterized pipelines were version-
controlled, and reruns were supported. Table 3

outlines the evaluation dimensions,
corresponding metrics, and validation tests for
assessing data quality and  governance

compliance, integration capability, predictive
performance, and effectiveness and reliability of
Al-assisted decision support.
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Table 3: Evaluation measures, validation, and
governance tests to determine the performance
of an Al-powered institutional data platform.

departments

Evaluation X i

. . Metrics / Tests Evaluation Purpose
Dimension
Scalabili End-to-end latency, throughput, failed|Assess platform performance and

calabi _ . .

El refreshes, recovery duration operational resilience

Data Qualit Completeness, consistency, duplication,| Determine reliability and usability of

ata Qua o . g .

Y referential integrity, reconciliation integrated data
Governance Access controls, auditability, lineage, policy| Verify accountable and controlled use
Compliance adherence of institutional data
Entity matching, cross-system

Integration Capability [reconciliation, KPI agreement across

Measure interoperability and

semantic consistency

Predictive Validation
subgroup performance

Student-risk  discrimination,

calibration,| Evaluate predictive accuracy,

reliability, and fairness

Research Forecast

o Forecast error
'Validation

Determine accuracy of research-
performance forecasting

Decision-Support LLM task-completion

Assess practical value and
Al-assisted

usefulness, )
trustworthiness of

Effectiveness clarity, factuality, citation coverage .

analysis
LILM Evidence [Verification of 200 prompts against|Confirm factual grounding and
Validation governed queties or dashboards evidence traceability

Student records were kept anonymous, only
minimal sensitive information was retained,
access followed the principle of least privilege,
and stakeholder materials were secured. Fairness
checks, audit logs, and lineage records, along with
model-monitoring outputs, facilitated review,
and human oversight was required to make
predictive and LLM-assisted decisions. Security
controls were implemented based on ISO/IEC
27001 systematic information-security — risk
management, access controls, and auditable
protection of information assets  [20].
Reproducibility ~ was

improved through

documented  schemas, fixed  evaluation
procedures, documented model runs, and saved

experiment metadata.

4. Results

4.1 Data Pipeline Performance, Data Quality,
and Reporting Latency

The platform evaluation showed a significant
increase in platform activity after integration. The
student data incompleteness was reduced on the
campuses by 7.2 percentage points, from 91.2%
at baseline to 98.4% after deployment; similarly,
the research data incompleteness was 11.8% at
baseline and 10.4% after deployment, the identity
data incompleteness reduced by 10.3 percentage
points, from 86.4% at baseline to 96.1% after
deployment, and the administrative data
incompleteness from 86.0% at baseline to 96.3%
after deployment.
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The median reporting latency decreased by
92.0%, from 26.4 hours to 2.1 hours, and is
materially shorter than the reporting latency from
source-system updates to having reports ready
for decision-making. Pipeline failure rates have
been reduced to 2.4%, down from 8.7%, and the

average mean time to recover from a failure has

been reduced to 31 minutes from 94 minutes.
Table 4 shows reporting performance before and
after deploying the platform, with lower latency,
more reliable pipelines, faster recovery times, and
more complete data. The results show that the
integrated platform delivered faster, more reliable

institutional analytics.

Table 4: Reporting latency before versus after platform deployment

Reporting Metric Baseline |Post-Deployment Change

Median Reporting Latency |26.4 hours | 2.1 hours

22.3 hours reduction

Relative Reporting Latency| 100.0% | 8.0% of baseline

92.0% reduction

Pipeline Failure Rate 8.7% 2.4%

6.3 percentage-point
reduction

Mean Time to Recovery |94 minutes|31 minutes

63-minute reduction

Data Completeness 91.2% 98.4%

7.2 percentage-point increase

The results indicated a more stable centralized
orchestra, uniform transformation, and data
quality controls. Some deployments also
exceeded expected refresh periods because of the
absence of deadlocks and API throttling from
upstream vendors. Transient schema drift was
also observed in research-ingestion pipelines,
resulting in more reprocessing during the
stabilization period.

Canonical  identifiers  reduced  orphaned
institutional records found through referential-
integrity checks and reduced the number of

duplicated student and publication records found
by researchers before analytic serving. Post-
deployment, refreshes were faster, and
downstream models, dashboatds, and
governance checks received more reliable inputs.
As part of the reported reduction in time delay,
some researchers argue that learning analytics is a
new field grounded in the link between digital
traces and educational decisions. In this context,
some researchers define learning analytics as a
new area based on this interdependence between
digital traces and educational decision-making
21

Table 5: Reliability measures for pipelines prior to and following the installation of platforms.

Pipeli

ngfabrileity Metric Baseline Post-Deployment Improvement

Pipeline  Failure 8.7% 2.4% 6.3 . percentage-point
Rate reduction

Mean Time to

94 minutes 31 minutes 63-minute reduction
Recovery
Dat
e 91.2% 98.4% 7.2 percentage-point increase
Completeness
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Pipeli
Rleliieabrileity Metric Baseline Post-Deployment Improvement
Median Reporti
ccran BEPOTING 26.4 hours 2.1 hours 22.3-hour reduction
Latency
Relative Reporti
camve TEPOTI 100.0% 8.0% of bascline 92.0% reduction
Latency
Referential More orphaned|Fewer orphaned records after ,
. o i Improved record consistency
Integrity records detected canonical identifiers
Duplicate Record|Harder to  isolate| Student and publication . .
. . . . . . Improved duplicate detection
Handling duplicates duplicates easier to identify
Temporary research-ingestion Improved overall stability
F ted -
Schema Stability ragmen e SOM N chema drift during (with  residual schema-drift
specific structures o )
stabilization risk
Longer and  less|Faster refreshes with . .
M liable d -read
Refresh Reliability |predictable  refresh|occasional API throttling and ore r'e able decision-ready
data delivery
cycles late records
Table 5 tabulates pipeline reliability measures a 242  percentage-point  improvement.

before and after the integrated data platform. It
highlights decreases in pipeline failures, reporting
delays, recovery time, and duplicate-reporting
The  table highlights

improvements in data quality and completeness,

problems. also

referential integrity, data refresh consistency, and
stability. These

enhanced operational resilience, consistency, and

schema measures reflect

delivery of institutional data, ready for decisions

once integrated.

4.2 KPI
Predictive/Forecast Performance

Standardization and

The percentage of agreement between the KPIs
of different departments rose from 72.6% to
96.8% after deploying semantic standardization,

Departments with the greatest improvements
were those with their own coded version of the
metric, or that used local spreadsheet logic. This
went hand-in-hand with improved predictive
performance. Table 4 provides information on
cross-departmental KPI agreement, student-risk
prediction, and research-performance forecasting
following platform deployment. It shows higher
AUC, higher recall, lower MAPE, and more
KPIs. The findings that
integrating a generalized semantic definition and
the
strengthened predictive accuracy, forecasting

consistent show

analytical inputs into centralization

performance, and the consistency of institutional
decisions overall.

Table 6: Cross-department KPI agreement, baseline versus post-deployment

Perf
eriormance Baseline Post-Deployment Change
Measure
+24.2 t
KPI Agreement 72.6% 96.8% o pelcentge
points
Student-Risk AUC 0.74 0.83 +0.09
At-Risk Recall 0.66 0.79 +0.13
Research Forecast -7.8 percentage
19.6% 11.89
MAPE 9.6% 8% points
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Performance
Baselin Post-Deployment Chan
Measure aseline ost-Deployme ange
D t t- ifi I d
KPI Definition ePar ment-spectiic Centralized semantic definitions mp r-ove
logic consistency

Forecasting Inputs Historical R&D data

variables

Integrated bibliometric and research

Improved accuracy

The integrated gradient-boosting model achieved
AUC = 0.83 and at-risk recall = 0.79, compared
with the baseline student-risk model (AUC =
0.74; recall = 0.66). Thus, the results indicated
greater discrimination and identification of pupils
for review, but it is not concluded that the
predictions alone would have more impact on
improving pupil retention. Similarly, researchers
underscored the need for institutional LLAs to be

applied in education rather than used solely for
forecasting [22]. MAPE also dropped from
19.6% to 11.8% for the research-performance
forecasting, with bibliometric, expenditure,
citation, and collaboration variables incorporated
in a lagged way. This decrease did not necessarily
mean the platform provided greater support for

research either in dollars or publications.

Baseline versus Integrated-Model Performance for
Student-Risk and Research-Performance Analytics

1.00 a ! : - 50
083 | | -
! 0.79 ! g
= %01 o7 ; ; Rl
g i 0.66 i “
o | 1
o 0.60 1 ! ! - 30 g
e z 8
o | : 19.6% _
g 0.40 - I : - 20 §
& l | 11.8% o
S i i ¢
& 0.20 4 : : F10. a2
1 I (]
1 1 ;._)
a s $
0.00 - L L ¢ 0
Student-Risk AUC At-Risk Recall Research Forecast MAPE
(Higher is better) (Higher is better) (Lower is better)

B Baseline B Integrated Model

Figure 4: Difference in performance for student-risk and research-performance analytics between baseline

and integrated model.

Figure 4 shows the performance of the baseline
and integrated models for student-risk prediction
and research performance forecasting. The
student-risk AUC increased from 0.74 to 0.83,
and at-risk recall increased from 0.66 to 0.79. The
research predicted a drop in MAPE from 19.6%

to 11.8%. These findings suggest greater
predictive  discrimination, more  accurate
identification of at-risk students, and more
accurate  performance  prediction  after

integration.
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4.3 LLM-Generated
Interpretability and Time-to-Insight

Summaries:

The LLM evaluation results suggested that
analysis relied on fast interpretation and a cross-
domain reliability penalty. Manual jobs to
complete standardized analytical tasks dropped
from 31.4 minutes to 11.2 minutes with the
LLMs, a 64.3% gain. Users scored usefulness at
4.3/5 and clarity at 4.4/5. Single-domain prompts
gave a factuality score of 96.2%, whereas cross-

domain prompts gave a factuality score of 91.4%.

Citation coverage also declined from 94.8 percent
to 86.7 percent, with prompts instructing
students to provide evidence from both student
records and research datasets more likely to miss
provenance. The researchers called for human-
centered validation of generative Al in education
and research, highlighting the study’s need for
generated statements to be traceable to governed
[23]. This led to

with human verification being

evidence retrieval-based
assistance

preferred over autonomous narrative generation.

LLM Assistance Outcomes: Faster Insights with
High Reliability in Single-Domain and Lower in Cross-Domain Tasks

Time to Complete Analytical Tasks
(Median Time in Minutes)

40 4

64.3%
Improvement
20

LLM Assistance
(Integrated)

Manual
(Baseline)

100

80

40

20 -

M Single-Domain Prompts

(Rating out of 5)

Quality and Reliability Metrics
(Percentage / Rating)

96.2
914

94.8

43 43 4.4 4.4

Clarity Factuality Citation Coverage
(Rating out of 5) (%) (%)

Usefulness

M Cross-Domain Prompts

Single-domain prompts use data from one domain only; cross-domain prompts use data from both student and research domains.

Figure 5: LLM-assisted analytics improves time-to-insight while maintaining high factuality and citation

coverage across institutional tasks.

Figure 5 shows the comparative performance of
LIM the Analytical Task

completion time, usefulness, truth, clarity, and

assistance on
citation coverage. With LLMs, it reduces median
completion time from 31.4 to 11.2 minutes, a
64.3% improvement. Results indicated that
single-domain prompts were more factual and
citation-covered than cross-domain prompts,
suggesting that retrieval grounding, along with
governed evidence and human verification, is
necessary to enable reliable institutional decision

control and policy-decision correctness, the
researchers achieved 99.3% accuracy. Audit
preparation time dropped from 2.8 to 0.6 days,
and end-to-end lineage completeness rose from
63.0% to 97.0%. Al enhances the verifiable
compliance verification process, based on
structured rules, reinforcing the need for
auditable checks [24]. 'The
proportion of cross-domain entity reconciliation
increased from 87.1% to 98.2%, while the

percentage of duplicate entity publications

compliance

support. decreased from 4.5% to 1.1%. The remaining
. I duplicates resulted from multiple names

4.4 Governance, Security, Auditability, and P ; ] p i

Cross-Domain Integration associated with author records in other

bibliometric sources.

Governance  and  integration  outcomes

progressed hand-in-hand. For role-based access
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Table 7: Governance, security, auditability, and cross-domain integration outcomes

Governance and .
K . Baseline
Integration Metric

Post-Deployment

Change /
Outcome

RBAC and  Policy-

High access-control

Not ted 99.3%
Decision Correctness ot reporte ’ accuracy
+34.0 t
Lineage Completeness | 63.0% 97.0% Y percentage
points
Audit-Preparation Time |2.8 days 0.6 days 2.2-day reduction
ross-Domain - Entity) g7 1, 98.2% P11 percentage
Reconciliation points
Duplicate-Publication 4.5% 11% —3..4 percentage
Rate points
1 d
Unauthorized-Attempt . . . mpr.ow?
. Lower logging coverage | Higher detection coverage monitoring
Detection .
visibility
Pri d A St i
fvacy - an ceess Fragmented controls  |Least-privilege access and review ronge.r prvacy
Governance protection
Overall Governance| Limited traceability and|Improved auditability, security, |Stronger governed
Outcome reconciliation and semantic consistency integration

Table 5 shows how platform deployment affects
governance, security, auditability, and cross-
domain integration, including access-control
accuracy, lineage completeness, audit
preparation, entity reconciliation, and duplicate-
publication rates. Overall, monitoring, privacy
protection, traceability, semantic consistency, and

governed integration improved noticeably.

Without security and control over monitoring
and learning processes, learning analytics can
raise ethical and power concerns, and increased
detection of unauthorized intakes may reflect
increased logging rather than increased threat
activity  [25].  The  results  highlighted
inconsistencies in privacy considerations in
learning analytics and the importance of
establishing minimum requirements and regularly
reviewing access to minimize conflict risk [26].
The general effects confirmed higher operational

semantic

reliability,

correctness, result

predictiveness, decision speed, auditability, and
interdomain reconciliation following platform
deployment.

5. Discussion
5.1 Synthesis of Findings

The development of this platform emphasizes
not only improved prediction across actors but
also integration support, semantic
standardization, governance, and Al assistance.
With LLMs, reporting latency fell by 92.0% and
KPI matching across departments improved by
24.2 percentage points, while student-risk AUC
rose from 0.74 to 0.83 and time-to-insight fell by
64.3%. These increases made it possible to
implement a ‘curate once, reuse many times’
mentality, adding multiple, validated data
products to the same governed data products
foundation to serve dashboards, predictive

modeling, research analytics and narrative views.
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Synthesis of Findings: Higher-Education Al Data Platform Impact

Operational Improvements (%)
100 -

92.0%

80 -

60 -

40 -

Improvement (%)

24.2

percentage points

20

Reporting KPI

La!en(;y Agreement |nsight

LLM Time-to-

AUC

Student-Risk Model Performance
0.90 ~
0.85 - 0.83
0.80 -
0.75 - 0.74
0.70 A

0.65 -

0.60 -

Baseline AUC Integrated AUC

Combined improvements in speed, semantic consistency, Al support,
and predictive performance strengthened decision-oriented analytics.

Figure 6: Integrated platform gains in latency, KPI consistency, LLM efficiency, and student-risk prediction.

Figure 6 shows the overall benefits of the
integrated Al-driven data platform in terms of
performance improvement. It shows a 92.0%
decrease in reporting latency, a 24.2 percentage-
point increase in KPI agreement, and a 64.3%
drop in LL.M-assisted time-to-insight. This figure
also highlights a student risk AUC that rose from
0.74 to 0.83, reflecting higher operational
efficiency, semantic

consistency, analytical

responsiveness, and predictive performance
across institutional decision-support processes

after platform integration.

International article

This DAMA (2023)
emphasized the need for corporate governance
and institutional stewardship to ensure consistent
use of enterprise data [27]. Results indicated that
technical preparations for consolidation and

accountability created decision-based analytics

rather than relying on later, retrospective
reporting, enabling earlier, more traceable
decisions,  interventions, and  planning.

Operationally, researchers needed a common
identifier, assured changes, limited access, fact-
checking accountability, and correct
interpretation to support the analytical process
and ensure accuracy. The results thus linked
model quality to organizational readiness, rather

than treating model quality as a separate result.

5.2 Comparison with Existing Literature

The greater regularity of KPIs matches the
current platform mentality that strives to achieve
every kind of reusable and governed data product
than data per
department. Research has identified technologies

rather stand-alone logic
transforming higher education, and analytics is a
key part of that transformation. Similarly, other
studies showed that fault-tolerant, cloud-based
architectures can enable scalable automation in
mission-critical enterprise applications [28]. The
current outcomes have gone a step further,
showing that value in Higher Education was as
much about standardized semantic definitions as

about scalable infrastructure.

The literature also showed the capability of Al
agents in an enterprise application environment,
where Al is an operational service rather than a
[29]. In
educational analytics, research places greater

stand-alone  experimental model
emphasis on prediction and monitoring [30]. The
current results contribute to that literature by
including the three criteria of prediction,
explanation, and lineage, and by applying Al as
another layer of interpretation on top of
governed institutional data to serve as a decision-

making assistance tool.

5.3 Potential Explanations for Observed
Trends

Several mechanisms could plausibly explain the
trends. With KPI logic centralized, semantic drift
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decreased, as retention, progression, research
expenditure, and output measures were
calculated once and reused across analytical
products. Changes in reporting latency stemmed
from the reduced gap between source-system
events and institutional awareness, enabled by
integrated pipelines. The retrieval-oriented
language-modeling (LLM) interfaces eliminated

technical hurdles in interpreting evidence,
moving decision-making beyond the need to

manually wade through numerous dashboards or
write SQL.

Table 8: An overview of performance trends and
evidence of support throughout the institution
through analytic processes.

Observed Trend |Likely Explanation

Supporting Evidence

li <PI
Reduced semantic Centralized — KP

drift

analytical products

definitions
calculated once and reused

were|Improved  consistency in  retention,
across| progression, research expenditure, and

output measures

Int ted ipeli
Lower reporting] ntegrate pipetnes

shortened

interval between source-system events

th
© Reporting latency declined from 26.4

domain factuality

latency L hours to 2.1 hours
and institutional awareness
) Retrieval-grounded LLM  interfaces| Decision-makers accessed summarized
Faster evidence ) )
- ati reduced reliance on manual dashboard|evidence through  natural-language
interpretation . .
P navigation and SQL interfaces
L More joins, broader context| Factuality was 96.2% for single-domain
ower Cross- . ) .
requirements, and incomplete| prompts and 91.4% for cross-domain

provenance increased error exposure

prompts

Al governance reliable outputs

Greater need for|LLM capability alone did not guarantee

Risk mapping, measurement,
management, provenance, and continuous

governance remained necessary

Although the researchers noted the more general
reasoning and wider language-generation abilities
of the GPT-4 class models, they found that those
capabilities in isolation did not imply reliability, as
the lower cross-domain factuality, 91.4%, was
observed in comparison with the higher single-
domain factuality at 96.2% [31]. As the join size
increased, the context window grew, provenance
became less complete, and errors increased. As a
result, researchers emphasized risk mapping,
measuring, managing, and governing risks
throughout the Al lifecycle [32].

5.4 Theoretical Contributions

The socio-technical systems thinking, data
governance, Design-Science Research, and
responsible-Al  principles were conceptually
combined into a single concept of institutional

capability. The basic premise was that
institutional Al performance was just as likely to
be held back by factors like data quality, data
semantics, data  governance, and data
organization ownership as by algorithm
performance.  Researchers  supported  this
interpretation by viewing Al management as an
organizational

system that requires

responsibilities, controls, monitoring, and

ongoing development [33].

The study also highlighted the importance of
leadership structures and controlled decision-
making processes in Al-assisted decision
governance for processes with compliance
requirements [34]. The platform was viewed not
as an architecture for a technical solution, but as
an architecture of institutional capabilities:
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relations among humans, among things, and
between humans and things.

5.5 Practical, Ethical, and Governance
Implications

These findings have clear applications. Advisers
should use eatly risk indicators to prioritize
interventions. They ate not a substitute for
intervention  playbooks, human overrides,
subgroup monitoring, or documented overrides,
however, and should not be the sole criterion for
deciding on intervention. The authors pointed
out the need for trustworthy, transparent Al in
education that is accountable, fair, and human-
supervised [35]. Integrating HERD-style and
OpenAlex-style information could help research
leadership understand research concentration,
publication authorship patterns, and research
portfolio planning. However, metrics need
disciplinary context for interpretation.

Researchers warned about the lack of prudence
in using research indicators and urged subject-
matter experts to make judgments and normalize
indicators [36]. Metric Contracts, named data
owners and stewards, model cards, lineage,
retrieval citations, drift monitoring, access
reviews, and auditable human overrides should all
be aspects of good governance. This makes
governance the enabling piece to scalable
analytics and trusted Al

6. Limitations and Future Research
Recommendation

6.1 Study Limitations

The study has technical, empirical, and
organizational limitations. At production

institutions, results were not fully realized, but
positive results were seen in latency, data quality,
forecasting, and governance; however, the long-
term institutional effects were unknown. Merging
student-information systems, finance systems,
research-administration systems, and identity
systems is complex because they have different
designs, refresh schedules, owners, and access
policies.  Kitchin (2014) emphasized the
importance of recognizing the role institutional
practices and political decisions play in data
infrastructures. That is why it is impossible to
fully organize society around decentralized
ownership and unequal stewardship through
technical standardization.

A further constraint was model drift, driven by
variations in students’ behavior and funding,
changes in course delivery, and shifts in
publishing over the years. Although LLMs were
sometimes incomplete regarding provenance,
they still tended to hallucinate, synthesize
unsupported  claims, leak prompts, and
overinterpret. Limited generalizability —was
further hindered by dataset characteristics.
OULAD was only one distance-learning
environment in 749-771 and cannot capture all
contemporary residential, hybrid, community-
college, or research-intensive environments.
HERD mainly represented the United States,
with only limited transfer to other nation-systems
with varying research-funding mechanisms.
OpenAlex affiliation matching may leave some
historical affiliation etrors unresolved because of
ambiguous institutional names, ambiguous
author affiliations, or institution mergers.

Table 9: Summary of technical, empirical, dataset, organizational, and governance limitations that impact
the generalizability of the study.

Limitation Area |Specific Limitation

Implication for the Study

models, and access rules

Production Platform was not continuously deployed|Long-term institutional effects could
Deployment across multiple institutions not be established
egacy Systems Different schemas, refresh cycles, ownership [Increased integration complexity and

stewardship challenges
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Limitation Area |Specific Limitation Implication for the Study
Model Drift Student behavior, course design, funding,|Predictive performance may decline
odel Dri o . . . o

and publication patterns change over time  |without continuous monitoring

LM Reliabili Hallucination, prompt leakage, unsupported |Generated outputs require provenance,
eliabi _ , .
el synthesis, and overconfidence grounding, and human review
OULAD D Represents one distance-learning [Limits ~ generalizability to  other
ataset , L ,
environment from 2013-2014 institutional and learning contexts
L : . Restricts transferability to different
HERD Dataset | Primarily represents U.S. higher education } v
national research systems
OpenAlex Institutional and author affiliations can|May introduce  residual  entity-
Matching remain ambiguous resolution errors
Public Data| Lacks internal advising notes, finance holds,|Cannot fully represent institutional
Granularity identity logs, and intervention histories decision contexts
L . Predictive variables may encode unequal|Creates potential fairness and equit

Historical Bias L Y 9 P el

historical patterns concerns
Organizational Limited  educator involvement  and|Technical evaluation may overlook
Context decentralized ownership pedagogical and institutional realities

Table 8 summarizes the study’s key technical,
empirical, dataset, and organizational limitations.
It highlights production deployment constraints,
legacy system constraints, dataset generalizability
constraints, entity-matching constraints, public-
data
constraints, and institutional context, along with

granularity constraints, historical-bias

their implications for interpretation.

Structured public institutional datasets lacked
detailed information on internal advising notes,

holds,

management, local intervention histories, and

finance identity documents, case
internal documentation systems. Additionally,
Jisc (2021) emphasized that learning analytics
should be transparent, proportional, valid, and
responsibly interpreted; learning analytics cannot
encompass the entire decision space in
institutional practice [37]. Possible historical bias,
as patterns of access, attainment, and
intervention are implicit in the predictive
The study

involvement of educators in higher education Al

variables. also indicated less

research, suggesting a lack of technological

assessment aligned with pedagogical and

organizational realities [38].
6.2 Future Research Recommendations

Production-scale, multi-institution deployments
may be needed, preferably with a tighter causal
design. The platform could be delivered in a
stepped-wedge design across a series of campuses
or units, using matched quasi-experimental
comparisons to estimate differences attributable
to the platform in student retention, response to
advising requests, reporting workloads, research
prediction, or audit preparation. This iterative
artifact evaluation was a crucial component of
Design-Science Research and consisted of 4
steps:  tricontextual ~ deployment,  iterative
measurements, redesign, and iterative validation
[39]. An event-driven architecture must be
evaluated to ensure interactions, registration
changes, recovery from failures, and near—real—
time actions related to research compliance,

financial holds, or similar LMS activities.
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It is important to conduct multiple academic
cycles to examine model drift, subgroup
calibration, fairness, and intervention effects as a
longitudinal study. Five metrics, including
groundedness, citation completeness,
hallucination  frequency, private-information
leakage, and robustness to cross-domain
prompts, are important for assessing LLMs [40].
Studies on human factors and decision making
should quantify when humans adopt, query, or
reject Al predictions or observations, when they
choose not to act on them, and whether
providential explanations lead to better decision
making [41]. Experiment with common KPI
contracts, persistent identification, and movable
metadata standards and governance rules to test

cross-institutional semantic interoperability.

The researchers demonstrated that Al-powered
automation could control complex multi-system
infrastructure, suggesting the technology could
also be used to run trials of integrated educational
systems in operating environments [42].
Scalability, governance, human judgment, and
fairness should therefore be measured as
implementation outcomes in future studies, not
as secondary issues. They should also measure
implementation costs, the load on staff, their
ability to steward the data, and governance
overheads to understand whether the analytical
upside is economically viable institutionally.

7. Conclusion

The study investigated the potential for a
governed, Al-powered data platform to improve
data quality, speed and timeliness of data analysis,
predictive power, semantic congruence, and the
usefulness of data for decisions within student-
success and research-performance functions
across higher education. The results confirmed
this point regarding analytical and operational
capacity. After integration into the platform, data
completeness rose from 91.2% to 98.4%,
reporting latency fell from 26.4 hours to 2.1
hours, and the pipeline failure rate fell from 8.7%
to 2.4%. Agreement on KPIs, measured across
departments, increased from 72.6% to 96.8%
through centralized semantic definitions and

institutional entities, suggesting that inconsistent
interpretations across depattments have been
reduced.

The results showed the importance of governed
data foundations and Al services for predictive
and decision-support use cases. Student-risk
prediction increased from AUC = 0.74 to AUC
= 0.83, and at-risk recall increased from 0.66 to
0.79. Research performance forecasting also
improved, with MAPE dropping from 19.6% to
11.8%  when
expenditure, citation, and collaboration vatiables.

introducing  bibliometric,
The median time-to-insight for analytical tasks
completed with LLM assistance was 11.2
minutes, a 64.3% decrease from 31.4 minutes
with no LLM assistance, with usefulness and
clarity rated 4.3/5 and 4.4/5, respectively.
Factuality and citation coverage, however, across
cross-domain prompts also showed that LLM
outputs need to be grounded in retrieval, verified,
and subject to human verdict.

Vital governance outcomes were realized. MBRN
achieved 99.3% correctness for role-based access
control and policy decisions, 63.0% to 97.0%
lineage completeness, 2.749-771.6 days for audit-
preparation time, and 87.1%-98.2% cross-
domain entity reconciliation. Record-breaking
reconciliation across research sources with a drop
in duplicate-publication rate from 4.5% to 1.1%.
The results showed that data engineering and
governance outcomes were most effective when
conceived together, eliminating the separation of
implementation  stages. They agreed that
secondary compliance features like auditability,
lineage, access control, and model monitoring
were not requirements but part of operational
aspects of trusted institutional analytics.

The findings generally indicated that institutional
Al can deliver value in repeatable decision-
making processes with standardized data,
controlled semantics, transparent processes and
control points, and clear human accountability
for the Al. The platform was not merely a
technical organization but also an institutional
one. The results proved the value of the “curate

once, reuse many times” use case, where the same
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governed data product can be reused in
dashboards,  predictive  models, research
analytics, and natural-language interfaces,
avoiding the reinvention of metric logic across
departments. However, what was shown was
increased analytical capacity rather than any

conclusive causal effects on retention, equity,

Those longer-term outcomes still need to be
achieved at production scale through
longitudinal, multi-institution evaluation to
confirm that the outcomes are widely
generalizable across institutions with varying
technologies, levels of institutional maturity,
staffing, and student characteristics.

research funding, or institutional reputation.
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