Vol-4, Issue-2, 2026

Online ISSN
2959-8990

Print ISSN
2959-8982

https://ajeaf.com/index.php/Journal/About

Name of Publisher: SCHOLAR CRAFT EDUCATION & RESEARCH HUB

Review Type: Double Blind Peer Review

Jurnal Frequency: Quarterly Research Journal

Artificial Intelligence Adoption and Quality Assurance in Higher Education: Opportunities, Challenges, and Implications for Institutional

Effectiveness
Muhammad Hassan Ghulam Muhammad?, Sohail Ajmal Butt?, Ali Raza Qureshi3

Abstract
Muhammad Hassan Ghulam Muhammad The unprecedented spread of Al technologies throughout the activities of HEIs, including teaching,
Department Computer Science, The Institute of Management Sciences, | assessment, administration, and student services, has altered the landscape of their operations and
Lahore, Pakistan Email: dr.hassan@pakaims.edu.pk academic practice. Although Al holds out prospects of great personalization, increased efficiency, and

evidence-based decisions, its uncontrolled use creates immediate threats to such values as academic
Sohail Ajmal Butt integrity, algorithmic bias, and established standards of quality assurance (QA). This paper explores
Quality Assurance, The Institute of Management Sciences, Lahore, the connection between Al implementation and quality assurance in higher education, suggesting an
Pakistan Email: sohailbutt_99@hotmail.com integrated conceptual model where the variables of institutional readiness, faculty digital literacy, Al

tool capability, and policy support are seen as antecedents of Al adoption with QA models moderating
Ali Raza Qureshi institutional effectiveness outcomes. The findings of a mixed-method survey among 60 HEIs and 240
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there is an adequate integration of QA models (effect size of integration equals 23.8%). In such cases,
stakeholder confidence in transparency, fairness, and academic integrity increased by an average of
32%. Five key research gaps are highlighted, and policy implications and future research directions are
offered.
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Artificial Intelligence has evolved from being a niche experimental tool to a core functional component of higher education institutions within the past five years. Generative Al
applications, adaptive learning systems, automated grading software, and Al-based admissions analysis systems have become an integral part of university and college operations
across the globe [1]. This trend has been fueled by the post-COVID adaptation to digital learning environments and the fast commercialization of large language models that can
produce high-quality academic texts similar to those produced by humans [2].

The possibilities offered by Al in higher education are quite significant. Learning paths tailored to individual students can adjust the ways information is conveyed based on
specific learners' needs. Automation of administrative procedures can help cut down the time needed to process applications, schedules, and student data. Prediction models can
spot students at risk of failing their studies in advance and thus help intervene in the situation [3]. However, those possibilities have certain risks associated with them, which the
current systems of quality assurance in institutions were not prepared for. Policies on academic integrity formulated in times prior to generative Al are not enough to recognize
and prevent Al-assisted academic cheating [4].

However, the realization of this dream presents great institutional difficulties. There is huge variability in the development of digital infrastructures and faculties among different
universities, in addition to regulatory frameworks, which means that there cannot be a one-size-fits-all model for Al implementation. Simultaneously, the demand for certification
of institutional Al governance by accreditation and quality assurance agencies is growing, yet there are no international standards to serve as a basis for the evaluation process.
Balancing innovation with standards-based quality assurance practices is the main institutional issue discussed in this paper.

Motivation of the Study

The background to this investigation is provided by the emerging discrepancy between the fast pace of adoption of artificial intelligence solutions in higher education and the
relatively slow development of the QA processes required to protect academic standards. Many universities have adopted Al tools in reaction to student usage of generative Al,
without first developing a governance framework, training programs, and redesigning the assessment procedures to cope with the risks. The adoption process has thus resulted in
inconsistent approaches among institutions, from banning to completely unregulated encouragement, none of which is supported by empirical evidence showing the effectiveness
of the corresponding governance structure. This study aims to develop a framework of proven linkages between Al adoption practices and institutional effectiveness outcomes
that can serve as a basis for evidence-based governance of Al adoption in HElIs.

Significance of the Study

This paper is significant in two ways. First, from an academic perspective, it adds a new theoretical model that places quality assurance in the context of a moderating factor
between the adoption of Al and institutional performance, a relationship that has never been empirically studied in the existing literature, where both Al adoption and quality
assurance are considered in different domains of research. From a practical standpoint, the results of the paper give clear recommendations on how university administration,
faculty training departments, and national accreditation councils can make their policy on Al governance effective. This is important, considering that the adoption of Al
technologies in universities is happening faster than any regulations on that matter, making this research extremely timely.

Research Questions

The study is driven by the following research questions, each focused on one of the persistent gaps in the literature on the impact of Al adoption and institutional quality:

RQ1: Which institutional, faculty, and policy determinants have the strongest effect on the intensity and pattern of Al adoption in teaching, evaluation, and administration
activities in higher education institutions?

RQ2: To what degree is the existence of a formalized quality assurance framework a moderator of the relationship between Al adoption and effectiveness outcomes?

RQ3: How do stakeholders' expectations regarding transparency, fairness, academic honesty, and data security evolve after the introduction of QA-enhanced Al governance
practices in comparison to the unregulated use of Al?

RQ4: What remain the major obstacles, such as algorithmic bias, faculty Al literacy, and lack of accreditation standards, that should be overcome to enable the successful Al
integration?

This paper attempts to address the following objectives:

Formulation and empirical validation of a conceptual framework on the relationship among the antecedents of Al adoption, quality assurance moderation, and institutional
effectiveness outcomes

Quantification of the adoption trend by function

Measurement of stakeholder confidence changes related to QA incorporation.

Identification of the most critical challenges perceived by the respondents to responsible Al adoption

Recommendations for future research and policy agendas

The rest of this paper is organized as follows. Section Il presents the literature review. Section Il presents the conceptual framework and methodology. Section 1V identifies
research gaps. Section V presents results and outcomes. Section V1 discusses implications. Section VI provides the conclusion.

Literature Review

Al Applications in Higher Education

Applications of Al in higher education can be grouped into four main categories: teaching aid, assessment, feedback, and administrative tasks. The review of research clusters
done by Zawacki-Richter et al. [5] identified profiling/prediction, assessment/evaluation, adaptive systems, and intelligent tutoring as the major clusters in the field of Al in
higher education (AIHEd). Recent findings have revealed the widespread adoption of generative Al technologies by both learners and teachers, where the usage rate exceeds 60%
among undergraduates in several surveyed regions by 2024 [6].

The application of adaptive learning systems that vary the order and level of difficulty of material depending on real-time student performance data has been shown to improve
learning outcomes [7]. Automated essay grading and Al-based feedback systems have been found effective in saving teachers' time on grading while providing inter-rater
reliability equivalent to human graders in validated areas of study; yet, some reservations have been voiced about their effectiveness on creativity-oriented tests [8].
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Quality Assurance Frameworks in Higher Education

QA in higher education conventionally involves such stages as institutional accreditation, program review, outcomes assessment, and continuous improvement cycles regulated
by either national or regional QA organizations [9]. The existing QA frameworks, including ENQA’s and many other national accreditation councils’, were created without
consideration of generative Al and thus contain no criteria specifically dealing with issues related to algorithmic transparency, responsibility for decisions made by algorithms,
and Al-enabled academic dishonesty [10].

There have been recent attempts to establish Al-specific QA criteria. For example, Bearman et al. [11] state that traditional frameworks of academic integrity, which assume that
artifacts are an expression of students’ skills, are under threat due to the emergence of generative Al and need restructuring rather than adjustment. Several researchers have
suggested that QA organizations should apply a similar concept as an “Al governance maturity model” as is used for cybersecurity and consider institutions’ Al governance from
ad hoc to integrated [12].

n

‘ = E? 3

Academic Integrity and Algorithmic Bias

There has been an enormous proliferation of literature on academic integrity in light of the emergence of generative Al. The studies indicate that Al text detection systems have
varying levels of accuracy, with more false positives being generated among non-native English-speaking students, thereby posing serious equality challenges in organizations
with many international students [13]. There have also been cases of algorithmic biases among the Al-driven admission and predictive analytics systems in which data used in the
training phase could result in discrimination against underrepresented students [14]. It is therefore essential to integrate bias auditing in the quality assurance process.

Faculty Readiness and Digital Competence

Digital competence of faculty is another important factor that has repeatedly proven itself as a decisive element in Al implementation success. Academic staff surveys show that
there are big differences in Al literacy of faculty members; moreover, many of them claim to lack institutional preparation that would allow them to properly assess, choose, and
use Al technology [15]. The lack of faculty development initiatives has been found to be one of the main reasons for the lack of an overall Al strategy in an institution [16].

Institutional Effectiveness and Accreditation Outcomes

Institutional effectiveness, which is typically assessed using indicators such as retention rate, graduation rate, employment satisfaction, and compliance with accreditation criteria,
has been found to be related to the maturity level of digital transformation of the institution in recent studies [17]. Nevertheless, there is a dearth of empirical research that has
tested whether the implementation of Al technology, when moderated by QA activities, increases institutional effectiveness [18].

Conceptual Model and Methodology

Conceptual Model

The theoretical model that forms the basis of this study is shown in Figure 1. There are four antecedent variables: institutional readiness, faculty digital literacy, Al tool
functionality, and regulatory support, which are posited to affect the amount and the level of implementation of Al technology for purposes of teaching, assessment, and
administration. The quality assurance system acts as a moderator variable that affects the nature of the relationship between Al adoption and institutional effectiveness, which is
the main outcome variable. Institutional effectiveness, in turn, comprises two sub-outcome variables.

Quality Assurance
Institutional Framework (Moderator)
Readiness

Faculty
Digital Competence

Al ADOPTION Institutional
(Teaching, Assessment, Effectiveness
Admin Processes) (Outcome)

Al Tool
Capability

Policy &
Regulatory Support

Accreditation

Student
Learning & Compliance

Fig. 1. Conceptual Model of Al Adoption and Quality Assurance in Higher Education, showing antecedents, the Al adoption construct, the QA moderating framework,
and institutional effectiveness outcomes.

QA-Integrated Al Adoption Process

This figure shows the suggested institutional process of embedding quality assurance in Al adoption. This process consists of six stages, including conducting institutional needs
analysis, selecting and piloting Al tools, building faculty capacity, conducting quality assurance reviews and benchmarking, and monitoring and accrediting institutions. The
monitoring stage is linked back to the quality assurance review stage through a feedback mechanism that allows for adjustments as the Al tools, regulations, and institutional
capacity change.
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Fig. 2. QA-Integrated Al Adoption Process Flow in Higher Education Institutions, illustrating the five-stage institutional implementation cycle with continuous
feedback.

Figure 2 presents the six-stage process for incorporating quality assurance into the Al adoption process. First, an Institutional Needs Assessment takes place in which the
institution assesses its current capacity and specific issues that require addressing through the use of Al tools. Second, in the Al Tool Selection and Pilot Deployment stage, the
tools are tested on a pilot basis in accordance with the identified needs and requirements. Third, Faculty Training and Capacity Building ensure the technical and pedagogical
skills of academics necessary to employ the chosen Al tools.

Fourth, the Quality Assurance Review and Benchmarking stage is a crucial point of governance where the QA body reviews the tools and implementation process from the
perspective of academic integrity and privacy concerns. As can be seen from the diagram, this stage is visually highlighted to indicate its crucial importance as a moderating force
within the process. Finally, Continuous Monitoring and Accreditation Reporting involve the use of the tools within the institution and monitoring and reporting of the results both
internally and externally as a part of the accreditation process. This stage is the Effectiveness Outcome, which is the aggregate effect of all the previous five stages and is
demonstrated by improved learning outcomes, increased efficiency, and accreditation.

Importantly, the flowchart includes a continuous feedback loop indicated through the dotted arrow going from the Continuous Monitoring phase to the Quality Assurance Review
phase. This feedback process takes into account the recursive character of Al governance, as when a new tool becomes available, new regulatory standards are set forth, or risks
not initially identified become apparent from monitoring data, the institution goes back to the QA review phase for another evaluation of its policies. Instead of perceiving Al
governance as a linear process of implementation, this cyclic approach mirrors continuous quality improvement concepts popular in the context of higher education accreditations
and directly helps to realize the moderating function of quality assurance mentioned in the conceptual framework (Figure 1).

Data Collection and Sample

Data for this study have been gathered by means of a structured, mixed method questionnaire that has been distributed among 60 higher educational institutions, namely 28
public universities, 24 private universities, and 8-degree colleges, chosen in such a way to represent different types of institutions as well as different types of governance (Fig.
3b). Among these institutions, there have been 240 participants who have completed the questionnaire: 142 professors (59.2%), 68 academic administrators (28.3%), and 30
quality assurance officers (12.5%) (Fig. 3a). Such three-level participant structure has been purposefully selected to obtain the information about Al adoption at the operational,
managerial and governance levels.

The questionnaire itself consisted of four sections. In the first section, there was the measurement of the institution's Al adoption levels in six functional areas teaching and
instruction, assessment and grading, admissions and enrollments, student support services, research support services, and administrative operations, with five-point adoption
intensity scales for each area. In the second section, there was an assessment of quality assurance maturity measured through several institutional governance indicators. The third
part involved measuring stakeholder confidence in five areas (transparency, fairness, data privacy, academic integrity, and faculty trust), employing a seven-point Likert scale,
which was conducted separately for two sets of conditions: one before and the other after the incorporation of the QA-Al approach. The fourth part of the questionnaire involved
collecting severity ratings of seven frequently mentioned Al implementation challenges.
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Fig. 3. Sample composition: (a) Respondent role distribution across faculty, administrators, and QA officers (N=240), (b) Institutional sample by type across public
universities, private universities, and degree colleges (N=60).

In order to validate the quantitative research with context, in addition to the survey, semi-structured interviews were carried out with 18 QA officers, who were selected from
among the larger sample. These interviews, which lasted for about 30 to 40 minutes, addressed issues of decision-making within institutions, barriers that exist for implementing
Al governance, and understanding the implications of quantitative survey results by these officers.

Research Gaps
The systematic review of literature shows that there are five important and unexplored gaps in research in the field of Al implementation in quality assurance in higher education.

Gap 1: Absence of Standardized Al-Specific Accreditation Criteria

There has not been any established international or domestic agency that has produced specific accreditation standards for Al that are as detailed as standards for curriculum
design or faculty qualifications. The lack of such standards leaves educational institutions to create their own policies regarding governance of Al independently, leading to
inconsistencies in how such policies are created by different institutions. This calls for research into developing standards that can be validated before being adopted at the
national level.

Gap 2: Insufficient Longitudinal Evidence on Learning Outcomes

However, most of the literature available on the influence of Al on student learning draws its conclusions from the data collected over a period of one semester. No studies are
available that analyze the long-term consequences of Al tool usage by students in their academic process, and how this has influenced their cognitive development and overall
retention of information over time. The significance of the gap is especially noteworthy considering the fears that overuse of Al tools will hinder students’ academic progress.

Gap 3: Algorithmic Bias in Non-Western Educational Contexts

There has been extensive research into the phenomenon of algorithmic bias in educational Al software applications. There have not been many studies done on the performance
of Al detection, automated grading consistency, and predictive analytics within a linguistically and culturally diverse population of students in South Asia, Africa, and Southeast
Asia, where English is often the second or third language and the testing practices are vastly different from those of the West.

Gap 4: Faculty Al-Literacy Measurement and Development

Although the digital competency of the faculty is generally acknowledged as an important factor influencing the adoption of Al technologies, at present, there are no validated
and standardized measures available to assess Al competency among the faculty members in particular (distinct from the general digital competency of the faculty). The lack of
such a measure hampers not only the comparability of studies but also the development of effective intervention programs.

Gap 5: Cross-Institutional Al Governance Benchmarking

At present, there is no benchmarking method by which one can measure Al governance maturity in an institution or region or country-level system, as exists in the case of
research performance and graduate employment. If such a system of benchmarking is developed, based on any similar maturity model of cybersecurity or data protection, it
would help to measure Al governance progress and also to identify gaps.

Results and Outcomes

Al Adoption Trends by Institutional Function

The adoption rates of Al within the six institutional processes are shown in Figure 4a, showing a comparison of the base-year 2022 adoption rate compared to the adoption rate at
present in 2026. Administrative processes had the highest adoption rate of Al (72%), followed by the research support processes (66%) and admissions and enrollments (61%).
The rate of adoption of teaching and instruction increased from 22% to 58%, while for student support services, it increased from 15% to 44%.
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Fig. 4. (a) Al Adoption Growth by Institutional Function comparing 2022 and 2026 survey data, (b) Stakeholder Confidence Scores Before and After Quality
Assurance Integration across five dimensions.
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Stakeholder Confidence and QA Integration

Figure 4b indicates significant levels of progress made towards increased stakeholder confidence in regard to QA-Al integration. Confidence level for academic integrity had the
highest increase of 47 points, increasing from 30 to 77, whereas transparency improved by 32 points, from 42 to 74. In addition, Delta_C for all five dimensions was calculated
using the equation to be 32.4 points.

Al Adoption and Institutional Effectiveness Relationship

Figure 5 shows the regression relation between Al Adoption Index and Institutional Effectiveness Score for 60 surveyed institutions. The fitted regression line, in accordance
with equation (1), showed a significantly positive slope coefficient, the explained variance of institutional effectiveness being 61% (R2 = 0.61, p < 0.001). In sub-group analysis,
the institutions from the third tertile of QA maturity showed a significantly steeper slope compared to the institutions in the first tertile, thus proving the predicted moderating role
of QA maturity.
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Fig. 5. Relationship Between Al Adoption and Institutional Effectiveness across 60 surveyed institutions, moderated by Quality Assurance maturity level.

Perceived Challenges

Figure 6 ranks seven commonly cited challenges by perceived severity, aggregated across faculty, administrator, and QA officer respondent groups using the weighted formula in
equation (3). Academic integrity risk was rated the most severe challenge (severity score 81/100), followed closely by data privacy and ethics concerns (78/100) and lack of QA
standards specifically addressing Al (74/100). Infrastructure cost and digital divide concerns, while significant, were rated comparatively lower (58/100 and 61/100,
respectively), suggesting that governance and integrity concerns currently outweigh purely technical or financial barriers in institutional decision-making.

Digital
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Fig. 6. Perceived Severity of Key Challenges in Al Adoption, ranked by aggregate weighted severity score across 240 faculty and administrative respondents.
Table I. Summary of Al Adoption Rates and Growth by Institutional Function (2026 Survey Data, n=60 institutions).

Institutional Function

Adoption Rate 2026 (%0)

YoY Growth Since 2022

Teaching & Instruction

58

+36 pts

Assessment & Grading

47

+29 pts
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Admissions & Enrollment 61 +31 pts
Student Support 44 +29 pts
Research Support 66 +38 pts
Administrative Operations 72 +37 pts
Discussion

Theoretical Implications

Empirical evidence showing the significance of QA as a mediator between Al adoption and organizational effectiveness adds a dimension to Al in education theory insofar as the
latter has considered Al adoption as a direct determinant of organizational effectiveness. Since it can be concluded from our empirical evidence that organizations possessing
established QA systems derive much more benefit in terms of effectiveness from the same levels of Al adoption than organizations that lack such systems, it means that the
constraining factor in deriving organizational benefits from Al is not the technological but the governance capacity of organizations.

Practical Implications for Institutional Leaders

In light of the results, university administrations and quality assurance personnel have an order of importance in terms of implementing a proper sequencing process, where
universities should ensure the implementation of QA governance mechanisms, such as policies governing Al use, training for instructors, and bias-auditing procedures, before
and simultaneously with implementing extensive Al tools on campus rather than implementing governance after informal implementation. With regard to the benefits achieved
through the implementation of QA mechanisms, especially with regard to improved perceptions of academic integrity, the results seem to indicate that governance alone can be
valuable.

Policy Implications for Accreditation Bodies

1.1  The national and regional councils for accrediting organizations need to incorporate the establishment of specific governance criteria for Al into their reviews, possibly
following the format of a maturity model with specific levels comparable to the ones found in the literature regarding cybersecurity governance. In light of the fact that there exist
no set criteria for evaluating Al governance, as shown in Research Gap 1, accrediting organizations are not in a position to review Al governance effectively.

Conclusion

The above paper has outlined an empirically validated conceptual framework that relates the antecedents, moderators, and the effects of the integration of Al into higher
education institutions. Survey analysis of 60 institutions and 240 stakeholders showed that the integration of Al has a statistically significant and very strong positive relationship
with institutional effectiveness (R2 = 0.61). The relationship was also shown to be greatly influenced by the quality assurance maturity level in the institution, with an average 32-
point increase in confidence levels in transparency, fairness, privacy, integrity, and trust dimensions.

Five major gaps in the literature have been outlined for further research in the field: the need for Al-specific accreditation standards, lack of longitudinal studies regarding
learning outcomes, understudied algorithmic biases in non-Western countries, lack of a validated instrument for measuring faculty's Al literacy, and absence of Al governance
benchmarking across institutions.

With the continuing transformation of pedagogy, assessment practices, and internal processes of higher education institutions due to the advent of Al, there is no doubt that the
introduction of quality assurance mechanisms is more than just a bureaucratic requirement; this is now proven to be a key factor of institutional effectiveness.
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