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1. Introduction 
The quality assurance (QA) system is one of the pillars of the higher education system, which guarantees 
that institutions have the necessary academic qualities, provide effective educational programmes and 
continually strive to enhance teaching, learning, research and administrative activities. With the growth of 
size and complexity in higher education institutions, systematic quality monitoring is increasingly 
important to ensure institutional accountability, transparency and educational effectiveness. Accreditation 
is a formal process for assessing whether institutions and academic programs meet predetermined quality 
standards, whereas performance monitoring is a process that provides an ongoing assessment based on 
indicators of student outcomes, faculty performance, curriculum effectiveness, research productivity and 
institutional resources. 
Despite its significance, traditional quality assurance is still very much reliant on manual data gathering, 
document preparation, periodic assessment and expert evaluation. The accreditation process can involve 
gathering a wide range of information from disparate information systems, adding up the administrative 
burden, and extended time to determine poor performance, or to ensure ongoing compliance. Manual 
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assessment can also result in inconsistencies if there is a need to assess a large volume of institutional data 
based on many different quality indicators. 
These processes can be revolutionized with the advent of technologies such as artificial intelligence (AI) 
that enable automated data analysis, predictive analytics, natural language processing, intelligent decision 
support, and real-time performance monitoring. The AI driven systems have the potential to help 
institutions to analyze accreditation documents, map evidence to quality standards, identify compliance 
gaps, predict academic risk and monitor the quality indicator of the institution. The introduction of these 
technologies, however, also poses questions of data privacy, algorithmic bias, transparency, explainability 
and accountability. This review thus concentrates on the applications of AI in the quality assurance of 
Higher Education, specifically on accreditation and performance monitoring. It brings together existing 
strategies, assesses their merits and shortcomings, pinpoints key implementation and research gaps, and 
suggests areas for future exploration and advancement of AI-assisted quality assurance processes that are 
transparent, responsible, and human-supervised. 
 

2. Review Methodology 
The study used a structured review methodology to analyze applications of artificial intelligence (AI) in 
higher education quality assurance, accreditation and performance monitoring. AI is already known to be 
widely embraced in various educational contexts, including teaching, learning, assessment, analytics, and 
institutional decision-making [1]. AI has also been extended to a more eclectic array of academic and 
administrative uses in higher education [2] and has laid a foundation for educational data mining and 
learning analytics to be used to extract actionable information from institutional data [3]. Based on this, 
three research questions were used to guide the review: RQ1: How is AI currently used in higher education 
to automate quality assurance and accreditation processes? RQ2: What are the institutional and academic 
performance monitoring techniques? RQ3: What are the obstacles for the use of AI quality assurance 
systems, the knowledge gaps, and future prospects that affect their implementation? 
The literature search was limited to peer-reviewed literature on issues of AI, higher education quality 
assurance, accreditation, institutional assessment, performance monitoring, educational analytics, and 
predictive analytics. The use of LTA is especially interesting in the higher education sector where it can be 
used to study the performance of either students or institutions [4] and to analyze factors linked to student 
success in learning [5]. A number of predictive methods have also been studied for predicting academic 
performance [6] and data-mining techniques have also been used to develop mechanisms for predicting 
academic achievement [7]. This is why early-alert analytics was considered due to its capability to detect 
students who were at risk of failure academically and to enable timely intervention by the institution [8]. 
Combinations of the terms were thus taken into account, including artificial intelligence, quality assurance, 
accreditation, performance monitoring, educational analytics, and predictive analytics. The studies were 
included if they were related to any of the following: quality assurance, accreditation, compliance 
assessment, institutional decision support, or academic performance evaluation with the support of AI. 
Studies were excluded if there was no higher education or if the study did not have a quality-assurance or 
performance-monitoring element that was relevant. 
Ethical and governance considerations were also taken into account for the literature classification as 
institutional analytics can contain sensitive information about students and institutions as well. Privacy 
principles are therefore relevant to the implementation of learning analytics in educational settings [9] and 
more general ethical issues around data collection, interpretation, consent, and institutional responsibility 
need to be addressed [10]. Moreover, broad articles on the use of AI in the field of education show that the 
scope of applications and technologies is broad and hence various articles need to be classified [11]. To 
further show the evolution in AI innovation in education and the technological shift, a historical analysis of 
education's past is provided [12]. 
The retrieved literature was first screened through the headings and abstracts and full text was then 
checked to determine if it was relevant. Selected studies were grouped based on the following criteria: AI 
technique, application area, quality-assurance function, reported benefits, reported limitations, and 
institutional relevance. The strategy aligns with the imperative to bring together both opportunities and 
challenges of the use of AI in education [13]. Special focus was placed on literature directly related to the 
quality assurance of higher education and the role of AI in supporting higher education quality assurance 
processes [14] that emerged as a policy-to-practice approach, where AI is viewed as a tool that supports 
the quality assurance process at the institutional level. A qualitative synthesis was then performed to look 
for any common technological solutions, applications of accreditation and performance monitoring, ethical 
and implementation issues, and unaddressed research gaps. The structured process serves as a starting 
point to analyze and assess current and future development of AI-supported quality assurance in higher 
education. 
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Figure 1. Literature Search and Review Methodology 
 

3. Artificial Intelligence in Higher Education Quality Assurance 
The application of AI and automation is slowly evolving the role of quality assurance in higher education 
into a more ongoing and data-driven process that is less dependent on documents. Traditional quality 
assurance is mainly based on manual reporting, fixed audits, and expert review and the analysis of 
institutional indicators after the fact. While these methods continue to be vital for governance and 
accountability, they can also be time-consuming and can be late to detect academic or administrative issues. 
AI-powered quality assurance adds insights into automated analysis, ongoing monitoring, and forecasting, 
which can assist in quicker and more dependable institutional assessments.AI-powered quality assurance 
adds automated analysis, constant checking, and predictive capabilities that can help to facilitate speedier 
and more consistent institutional evaluations. 
The use of machine learning and predictive analytics becomes more relevant for analyzing patterns in 
institutional data and predicting outcomes like students' academic risk, program performance, student 
progression, and students' retention. These methods allow institutions to shift the focus from reporting to 
proactively manage the quality. The analysis of accreditation reports, policy documents, course files, 
feedback and other unstructured textual evidence can be supported by natural language processing, which 
can alleviate the burden of manual document analysis. 
These are extended by the use of Generative AI and LLM which can help with document summarisation, 
organising evidence, reporting, and accessing institutional information in an interactive way. Their 
responses, however, need to be verified as their output may have impacts on the quality assurance decision 
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if the response is not accurate or supported by information. Intelligent decision-support systems can 
combine various institutional indicators, and offer structured recommendations to academic 
administration and a quality-assurance team. AI's greatest strength is its ability to help continuously 
improve the product. The ability to automate data collection, make predictive assessments, apply document 
intelligence, and provide decision support can enable institutions to detect performance gaps earlier, 
prioritise corrective actions and oversee quality indicators more regularly. AI should work alongside 
humans, rather than be a substitute for human input, especially in accreditation, institutional accountability 
and policy interpretation. 
 
Table 1. AI Technologies and Their Roles in Higher Education Quality Assurance 

AI Technology Primary Role in 
Quality Assurance 

Typical Applications Key Benefit Main Limitation 

Machine 
Learning 

Pattern recognition 
and classification 

Student risk 
identification, 
performance 

assessment, institutional 
analytics 

Supports data-
driven evaluation 

Requires reliable 
and representative 

data 

Predictive 
Analytics 

Forecasting future 
outcomes 

Retention prediction, 
progression analysis, 

KPI forecasting 

Enables early 
intervention 

Predictions may be 
affected by 

historical bias 
Natural 

Language 
Processing 

Automated analysis of 
textual information 

Accreditation reports, 
policies, feedback, 

compliance documents 

Reduces manual 
document-review 

effort 

Context and 
terminology may be 

misinterpreted 
Generative AI 

and LLMs 
Content generation 

and knowledge 
assistance 

Report drafting, 
summarization, 

evidence organization, 
query support 

Improves 
efficiency and 
accessibility 

Risk of inaccurate or 
unsupported 

outputs 

Intelligent 
Decision-
Support 
Systems 

Integrated evaluation 
and recommendation 

Accreditation readiness, 
performance 

dashboards, corrective-
action planning 

Supports 
structured 

institutional 
decisions 

Depends on 
transparent and 

validated decision 
rules 

AI-Based 
Continuous 
Monitoring 

Real-time or periodic 
automated 

surveillance of 
indicators 

Quality dashboards, 
early-warning systems, 

compliance tracking 

Promotes 
continuous 

quality 
improvement 

Requires system 
integration and 

ongoing governance 

 

4. AI Applications in Accreditation and Compliance 
AI can aid in accreditation by making the evaluation process more continuous, traceable, and structured, 
which reduces reliance on documents and streamlines the process that is traditionally only done once a 
period of time. Most Higher Education institutions have large amounts of documentation on their 
institution such as institutional policies, curriculum documents, assessment records, faculty information, 
student outcomes, and reports on the institution's improvement efforts. These disparate documents can be 
fed into an AI-based document analysis system, which can help to extract pertinent details that match the 
criteria for accreditation, thereby limiting repetitive manual work. 
Further, using natural language processing and machine learning algorithms can assist in evidence 
extraction and classification by sifting and clustering the relevant statements, indicators, and supporting 
documents by the predetermined accreditation categories. The evidence can then be compared to the 
accreditation standards and criteria. This kind of standards mapping helps institutions make explicit links 
between accreditation standards and institutional evidence. 
Compliance checking can then be automated, and mapped evidence can be compared to specified 
requirements to see if they comply, partially comply, or lack the necessary evidence to meet the 
requirement. Documents that are missing, indicators that are incomplete, evidence that is out of date, and 
inconsistencies can be marked for human verification. These results can be used to conduct an 
accreditation-readiness assessment that can give the quality-assurance team an overview of areas that 
should be addressed with corrective measures prior to the formal evaluation process. AI-driven reporting 
and decision support tools can provide a collated view of the assessment findings, in the form of 
dashboards, summaries and prioritized recommendations. But automatic outputs should not be considered 
as final accreditation decisions. There is a need for human interpretation to understand contextual 
evidence, to resolve ambiguity in requirements and to be accountable. Thus, the best use of AI is to support 
accreditation teams, facilitating the organization of evidence, ensure consistency, and assess readiness, 
while maintaining the oversight of experts. 
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Figure 2. AI-Assisted Accreditation and Compliance Workflow 
 
Table 2. Comparative Analysis of AI Applications in Accreditation 

AI 
Application 

Accreditation 
Function 

Typical Input Expected Output Primary 
Benefit 

Key Concern 

Document 
Analysis 

Review 
accreditation 

materials 

Policies, 
reports, 

curriculum 
documents 

Relevant 
document 
segments 

Reduces 
manual 
review 

Document 
interpretation 

accuracy 

Evidence 
Extraction 

Identify 
supporting 

evidence 

Institutional 
records and 

reports 

Extracted evidence 
items 

Faster 
evidence 
collection 

Incomplete 
extraction 

Evidence 
Classification 

Organize 
accreditation 

evidence 

Extracted 
documents 

and indicators 

Categorized 
evidence 

Improves 
evidence 

management 

Classification errors 

Standards 
Mapping 

Link evidence 
with 

requirements 

Evidence and 
accreditation 

criteria 

Evidence–criterion 
relationships 

Improves 
traceability 

Ambiguous 
standards 

Compliance 
Checking 

Evaluate 
requirement 

fulfilment 

Mapped 
evidence and 

criteria 

Compliance status Supports 
systematic 
assessment 

Oversimplification 
of qualitative 

criteria 

Gap 
Identification 

Detect missing 
or weak 
evidence 

Compliance 
assessment 

results 

Deficiencies and 
missing evidence 

Supports 
corrective 

action 

False or misleading 
alerts 

Readiness 
Assessment 

Estimate 
accreditation 
preparedness 

Compliance 
indicators and 
identified gaps 

Readiness profile Supports pre-
accreditation 

planning 

Requires validated 
assessment rules 

AI-Assisted 
Reporting 

Summarize 
assessment 

findings 

Evidence, gaps, 
and 

compliance 
results 

Reports and 
recommendations 

Reduces 
reporting 
workload 

AI-generated 
content requires 

verification 

 

5. AI Applications in Institutional Performance Monitoring 
In the realm of higher education, AI can help shift from ad hoc to ongoing, data-driven assessment of 
academic and administrative processes. AI-driven methods can be used to analyze performance trends, 
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recognize potential hazards, and deliver real-time data to support quality enhancement efforts across 
various learning environments, student records, faculty activities, institutional databases, and 
management systems. One of the most prominent applications is academic performance monitoring of 
students. Machine learning and predictive analytics can be used to analyse student indicators like academic 
achievement, attendance, engagement, and progress to identify students that may need extra academic 
support. Academic disengagement can be estimated by related predictive models, and institutions can take 
steps to prevent academic disengagement from becoming a critical issue. 
On the organizational level, AI can support in assessing faculty and departmental performance based on 
faculty and student feedback, teaching, research, and service outputs. Analytical processes such as these 
can be used to inform curriculum and program assessment by analyzing learning outcomes, course 
performance, course sequence, and program outcomes. Additionally, institutional key performance 
indicators (KPIs) such as graduation, retention, research productivity, student success, and resource 
utilization can be aggregated in AI-powered monitoring systems. AI also aids in using resources and 
benchmarking institutions by detecting the gaps between expected performance and observed 
performance within programs, departments, and similar institutional units. Early-warning systems have 
the potential to integrate several indicators to be able to raise an alert when a negative trend occurs, for 
administrators and quality-assurance teams. Continuous monitoring then provides a feedback system 
whereby performance data feed into intervention, its results are re-evaluated and actions for quality 
improvement are adjusted accordingly. But, the decisions made in institutions should not be made without 
human input as outputs may be affected by incomplete data, past trends and improper performance 
metrics. 

 
Figure 3. AI-Enabled Institutional Performance Monitoring Framework 

http://www.svedbergopen.com/


www.svedbergopen.com                                International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.6s, 2026                                                                                                                                                           1047 

Table 3. AI-Based Performance Monitoring Approaches and Indicators 
Monitoring Area AI/Analytical 

Approach 
Key Indicators Main Purpose Expected Output 

Student Academic 
Performance 

ML and predictive 
analytics 

Grades, attendance, 
progression, 
engagement 

Identify academic 
performance 

patterns 

Performance profile 

Retention and 
Dropout Risk 

Predictive 
classification 

Attendance, 
achievement, 
engagement, 
progression 

Detect at-risk 
students 

Risk score/early 
warning 

Faculty 
Performance 

Multi-indicator 
analytics 

Teaching, research, 
feedback, service 

Support faculty 
evaluation 

Performance 
indicators 

Departmental 
Performance 

Comparative 
analytics 

Student outcomes, 
research, program 

performance 

Evaluate 
departmental 
effectiveness 

Department 
performance profile 

Curriculum and 
Programs 

Learning analytics Learning outcomes, 
course achievement, 

progression 

Assess curriculum 
effectiveness 

Program-quality 
indicators 

Institutional KPIs AI-supported KPI 
analytics 

Retention, graduation, 
research, student 

success 

Monitor 
institutional 

objectives 

KPI dashboard and 
trends 

Resource 
Utilization 

Optimization and 
benchmarking 

Staff, facilities, 
workload, academic 

resources 

Identify utilization 
gaps 

Efficiency and 
benchmark 
measures 

Early-Warning 
Monitoring 

Anomaly and trend 
detection 

Multiple academic and 
institutional indicators 

Detect emerging 
performance 

problems 

Alerts and 
recommended 
intervention 

 

6. Challenges, Research Gaps, and Future Directions 
While AI has promise for enhancing accreditation and institutional performance monitoring, the use of AI 
in higher education quality assurance is still hindered by technical, ethical, organizational, and governance 
challenges. One of the core challenges is that information is often scattered across learning management 
systems, student information systems, administration systems, accreditation repositories, and other 
systems. If the data is incomplete or inconsistent, or is not compatible, assessments supported by AI can be 
less reliable. Quality-assurance systems may also handle sensitive student, faculty, and institutional 
information, so privacy and data security are also of concern. Thus, privacy-preserving analytics, controlled 
data access, secure data processing, and proper governance are vital. Another concern is algorithmic bias, 
especially when the historical institutional data is subject to demographic and/or structural inequalities. If 
not fairly evaluated, automated systems can perpetuate or reinforce these patterns. 
Complex AI models are also not easily explainable, which further limits their applicability in high-stakes 
accreditation decisions. The quality-assurance staff and accreditation reviewers should be able to 
comprehend the reasons for certain deficiencies, risks, or recommendations. One of the new reliability 
issues with generative AI is that a generated summary or report can contain inaccurate, incomplete or 
unsupported information. It is therefore essential to have human oversight and accountability in the 
accreditation process that uses AI assistance. 
One of the significant gaps in research is the lack of consistent frameworks for the use of AI output in 
accreditation and continuous monitoring of quality. For the future, explainable and responsible AI, human 
in the loop evaluations, and privacy-preserving institutional analytics should be a focus. Another promising 
path is in the area of continuous accreditation where institutional indicators and compliance evidence are 
reviewed and evaluated continuously during an accreditation cycle, rather than at set time points. Cross-
institutional benchmarking could also be a tool to aid comparative quality assessment, but must take into 
account variations between institutional context, indicators, and governance conditions. Finally, the future 
systems should not be entirely autonomous in accreditation, but should integrate the processes of 
automation and transparent governance together with expert validation. 
 
Table 4. Current Challenges, Research Gaps, and Future Research Directions 

Area Current Challenge Research Gap Future Research Direction 
Data Quality Incomplete and 

inconsistent institutional 
data 

Limited standardized data 
models 

Develop interoperable QA 
data architectures 

http://www.svedbergopen.com/


www.svedbergopen.com                                International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.6s, 2026                                                                                                                                                           1048 

Interoperability Fragmented institutional 
information systems 

Weak integration across 
platforms 

Unified and standards-based 
data integration 

Privacy & Security Processing sensitive 
institutional information 

Limited privacy-aware QA 
frameworks 

Privacy-preserving 
institutional analytics 

Bias & Fairness Historical data may 
introduce biased 

outcomes 

Insufficient fairness 
evaluation in QA 

Fairness-aware and 
responsible AI models 

Explainability Complex models provide 
limited justification 

Lack of accreditation-
oriented XAI 

Explainable AI for evidence 
and compliance assessment 

Generative AI Potential inaccurate or 
unsupported outputs 

Limited validation 
mechanisms 

Verified and traceable 
generative AI systems 

Human Oversight Risk of excessive 
dependence on 

automation 

Unclear division of AI and 
expert responsibilities 

Human-in-the-loop 
accreditation systems 

Standardization No widely adopted AI 
accreditation framework 

Lack of common AI 
evaluation protocols 

Standardized AI-enabled QA 
frameworks 

Continuous 
Accreditation 

Accreditation remains 
largely periodic 

Limited continuous-
monitoring models 

Real-time continuous 
accreditation systems 

Benchmarking Institutional indicators 
differ considerably 

Limited comparable AI-
based metrics 

Cross-institutional AI 
benchmarking frameworks 

 
Figure 4. Future AI-Driven Continuous Quality Assurance Ecosystem 
 

7. Conclusion 
It is in the field of quality assurance in higher education where Artificial Intelligence is transforming the 
industry to increasingly automated, data-driven and continuous processes in accreditation and 
institutional performance monitoring. This review identifies the opportunities machine learning, 
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predictive analytics, natural language processing, generative AI, and intelligent decision-support systems 
have to make quality-assurance processes more efficient and responsive. AI can help in accreditation by 
analysing documents, extracting evidence, categorising evidence, mapping standards, checking 
compliance, identifying gaps, evaluating readiness, and creating reports. These abilities may minimize 
repetitive administrative activities and enhance the organization and tracking of accreditation proof. 
Institutional performance monitoring benefits from AI for analyzing student outcomes, early-warning 
systems, identifying retention or dropout rates, assessing academic programs and evaluating faculty and 
departmental performance, as well as tracking institutional KPIs. These can help to streamline 
interventions earlier, and enhance ongoing quality-improvement efforts. But data quality, interoperability, 
data privacy and security, algorithmic bias, explainability, and reliability are challenges that need to be 
addressed in order to make adoption work for universities and accreditation agencies. The use of AI-
generated assessments should thereby not be used as a substitute for professional judgment. There are 
areas of human oversight where contextual evidence needs to be interpreted and where accreditation 
decisions are made – these are areas where it is very important. Going forward, responsible and explainable 
AI systems will be more embedded in future quality assurance systems, which will increasingly be based 
on continuous monitoring, privacy-preserving analytics, a standardized accreditation framework, and 
cross-institutional benchmarking. Finally, the balanced use of humans and AI can help higher education 
institutions create more transparent, responsive, and sustainable quality assurance practices. 
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