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Abstract: 

Artificial intelligence is reshaping assessment in higher education by enabling 

scalable, adaptive, and data-driven feedback. Yet, some concerns about reliability, 

fairness, and contextual validity still persist, especially in multilingual and 

culturally diverse systems, which research has generally overlooked. Hence, this 

study investigates how AI-based assessment tools can be validated rigorously and 

transparently to build trust among educators, developers, and policymakers. To do 

so, a qualitative multi‑phase study was followed with a PRISMA-guided systematic 

review and semi-structured interviews involving. The review identified persistent 

methodological gaps: few replication studies, overreliance on accuracy metrics, and 

limited attention to fairness or cultural adaptation, while the interviews revealed 

convergent priorities, namely the need for replicability, linguistic and cultural 

sensitivity, algorithmic transparency, stakeholder co-design, and continuous 

monitoring with ethical oversight. Synthesizing both strands, the study proposes a 

Four-Stage Validation Framework incorporating algorithmic validation, contextual 

adaptation, stakeholder engagement, and continuous monitoring. This framework 

aims to reframe validation as an iterative form of institutional governance that is 

essential for equitable and trustworthy AI assessment. Although anchored in Middle 

Eastern contexts, the findings offer transferable guidance for educational settings 

worldwide seeking to align technological innovation with human-centered and 

culturally responsive assessment practices. 
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 1. Introduction: 

Artificial intelligence (AI) has become a defining feature of educational transformation in higher 

education; automated scoring, adaptive testing, and data-driven feedback systems are now integral to 

institutional strategies for improving teaching and learning towards efficiency as well as effectiveness. 

These tools often promise efficiency and personalization that are generally difficult to achieve through 

conventional assessment practices. Prior work shows that AI-based assessment can enhance formative 

feedback and support evidence-based instruction (Boulhrir & Hamash, 2025; Holmes et al., 2019; 

Luckin et al., 2016). Across the Middle East, governments have invested heavily in digital education 

and international benchmarking in an attempt to modernize higher education institutions and to expand 

access to high-quality learning opportunities (Alghamdi & Li, 2022; World Economic Forum, 2021). 

Despite this momentum, there is a growing body of research that warns about the adoption having 

outpaced methodological scrutiny. This is because many AI systems are introduced without thorough 

validation of their reliability, fairness, or cultural suitability (Zawacki-Richter et al., 2019; Williamson 

& Piattoeva, 2022). For clarity, validation refers here to the systematic process of verifying that 

assessment outcomes are consistent, interpretable, and equitable across diverse populations; it requires 

testing both algorithmic accuracy and contextual fit, including linguistic and curricular alignment. In 

practice, only few institutions report such procedures, and even fewer make them replicable. This gap 

presents ethical and practical risks: when scoring rules or data sources remain opaque, trust in digital 

assessment erodes among faculty, students, and policymakers. 

Available scholarship illustrates this tension between innovation and methodological integrity, as 

many studies frequently optimize for predictive accuracy but seldom address replicability or fairness, 

especially in multilingual environments (Al-Zahrani & Alasmari, 2025). Classrooms in the Middle 

East are linguistically and culturally diverse; they often include students following different curricular 

traditions and communicating in both Arabic and English (Mazawi, 2020). Under such conditions, 

models trained primarily on Western data may misrepresent student ability. Without region-specific 

validation; hence, AI systems risk amplifying inequities rather than reducing them. 

Higher education institutions stand at the center of this challenge; they increasingly rely on AI-

supported assessments to manage large enrollments and provide rapid feedback, and even admission 

decisions, yet they operate within social contexts that demand transparency and fairness. A natural 

question arises here: how can AI assessment systems be validated in ways that preserve both technical 

rigor and cultural responsiveness? Addressing this question requires empirical evidence from two 

fronts: existing research on validation practices and the lived experiences of those implementing AI 

tools in the classrooms. 
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 To examine these issues, this study adopts a mixed-methods design that integrates a review of 25 

systematically selected empirical studies with interviews of (a matching number by mere coincidence) 

25 stakeholders from universities and educational authorities in the UAE, SA, and Qatar. The review 

aims to identify methodological patterns in literature, whereas the interviews reveal practitioners’ and 

policymakers’ perspectives on fairness, transparency, and trust. This will provide a foundation for 

constructing a validation framework that is tailored to multilingual and multicultural higher education 

systems. 

Hence, the research is guided by three Research Questions (RQ): 

RQ1. How have existing studies addressed the methodological validation of AI-based assessment 

systems in higher education, particularly regarding replicability, fairness, and cultural 

adaptability? 

RQ2. What are the perceptions and expectations of key stakeholders concerning the reliability, 

fairness, and transparency of AI assessment systems in the Middle Eastern context? 

RQ3. How can insights from the literature and stakeholder perspectives be synthesized to develop a 

culturally responsive validation framework for AI-driven assessment in higher education? 

2. Methods: 

2.1. Research Design: 

A sequential qualitative multi‑phase design integrating systematic review and semi-structured 

interviews was adopted; this design allowed evidence from prior research to inform data collection 

and interpretation of stakeholder perspectives. The systematic review followed the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines to ensure transparency 

and replicability. Following the analysis of the selected studies, the interview phase built on the 

findings to explore how policymakers, developers, and educators in higher education perceive and 

implement AI-based assessment validation (see key interview questions in the appendix). This two-

stage structure aligns with the three research questions to be answered and supports triangulation 

between empirical and experiential evidence. 

2.2. Systematic Review: 

To strengthen coverage and replicability, we ran verification searches in Web of Science (Core 

Collection), ERIC, and IEEE Xplore, in addition to Scopus, arXiv, ResearchGate, and Google Scholar, 

using broadened Boolean strings spanning reliability, fairness/bias, transparency/explainability, trust, 

and cultural adaptation. No additional eligible studies meeting our inclusion criteria were identified; 
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 the retained set remains n = 25. Representative search strings included, for example: ("artificial 

intelligence" or AI) and (assessment or testing or grading) and (validation or validity or reliability or 

fairness or bias or transparency or explainability or trust or "cultural adaptation"). 

Screening was conducted independently by two reviewers with a third adjudicator for conflicts. 

Title/abstract screening and full-text eligibility were assessed using predefined criteria (Table 1). We 

also conducted backward and forward citation chasing. Because the verification searches did not 

change the eligible set (n = 25), the PRISMA stages reported earlier remain valid. 

Coding Scheme Transparency and Analytic Traceability: 

A codebook was developed a priori and refined iteratively. Top-level codes included: (1) 

methodological rigor (replicability, disclosure), (2) fairness and cultural adaptation (subgroup 

analyses, multilingual data), (3) transparency and explainability (model cards, user‑facing rationales), 

and (4) stakeholder participation (co‑design, feedback loops). Each code was defined with 

inclusion/exclusion rules and example indicators. A study × code matrix was created to trace how each 

included article contributed to each theme; representative studies are cited under each theme in the 

Results. 

Coder training involved joint calibration on five pilot articles followed by independent coding with 

periodic consensus meetings. Disagreements were resolved through discussion; decision trails were 

logged to ensure auditability.  

Search Strategy and Data Sources 

The review focuses on empirical studies published between 2015 and 2024 that examine the 

validation, fairness, or reliability of AI-driven assessment in higher education. Searches were 

conducted in Scopus, arXiv, ResearchGate, and Google Scholar using predefined keywords: “AI in 

assessment,” “validation,” “replicability,” “fairness,” “educational technology,” and “cultural 

adaptation.” The search targeted peer-reviewed journal articles, conference proceedings, and 

authoritative reports in English and Arabic. Additional sources were identified through backward and 

forward citation tracking. 

Duplicates were removed before screening, and titles and abstracts were reviewed for relevance and 

the remaining papers underwent full-text evaluation according to explicit inclusion and exclusion 

criteria (Table 1).  

Each article meeting these criteria was coded using NVivo to identify methodological trends, 

validation approaches, and reported challenges. 
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 Table 1: Selection Criteria for the Systematic Review 

Category Inclusion Criteria Exclusion Criteria 

Publication Type Peer-reviewed journal articles, 

conference papers, or official research 

reports 

Non-scholarly sources (blogs, 

editorials, news articles, non–

peer-reviewed essays) 

Publication Years 2015–2024 Published before 2015 or after 

2024 

Language English or Arabic Other languages 

Topic Focus Research examining AI-based or 

algorithmic assessment systems used 

for grading, feedback, or evaluation in 

education 

Studies on AI for general 

learning analytics, tutoring 

systems, or non-assessment 

purposes 

Validation 

Dimension 

Reports evidence or discussion of 

validation, reliability, fairness, 

replicability, or transparency in AI 

assessment 

Studies mentioning AI 

assessment tools but without 

reference to validation, 

reliability, or fairness 

Data and 

Methodology 

Provides sufficient methodological 

details (sample, data source, validation 

method, or evaluation metrics) 

Conceptual papers or 

commentaries lacking empirical 

or methodological description 

Relevance to Middle 

Eastern or 

comparable 

multilingual contexts 

Studies conducted in, or providing 

transferable insights to, multilingual or 

culturally diverse educational settings 

Studies limited to homogeneous, 

monolingual, or non-

comparable contexts 

 

Review Process and Synthesis: 

The screening process began with 1,230 initial records. After removing duplicates and non-relevant 

studies, 210 full texts were assessed, resulting in 25 retained for analysis (see details in Figure 1 below). 

Each study was coded according to publication year, research design, AI application type, data context, 

and validation dimension. Thematic synthesis grouped findings into three overarching categories: (1) 

methodological rigor and replicability, (2) fairness and cultural adaptability, and (3) stakeholder or 

user engagement in validation. These categories form the analytical foundation for the interview phase 

and the development of the proposed validation framework  
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 Figure 1: PRISMA Flow Diagram illustrating the selection process 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

2.3. Stakeholder Interviews: 

Participants and Setting 

The interview phase included 25 stakeholders drawn from higher-education institutions and related 

agencies across the UAE, SA, and Qatar.  these three countries were purposefully chosen because they 

represent the most active hubs of AI integration and educational reform in the Arab world, each with 

distinct policy environments, institutional structures, and levels of digital infrastructure development 

(Alghamdi & Li, 2022; Kayan Fadlelmula & Qadhi, 2024). This diversity enabled a comparative 
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 the region were not included at this stage due to differences in the availability of AI-enhanced 

assessment systems, institutional access, and the maturity of educational technology governance 

frameworks; however, future research should expand sampling to include additional MENA countries 

for broader representativeness. 

 Participating interviewees comprised 10 policymakers, 8 AI developers, and 7 university instructors 

who had direct experience with AI-driven assessment tools. Purposeful sampling ensured diversity in 

institutional type, discipline, and level of digital integration. Each participant had at least five years of 

professional experience in technology-enhanced assessment or educational governance. 

Interview Protocol 

Interviews followed a semi-structured guide organized around five thematic areas: experience with 

AI assessments, reliability and fairness, cultural and linguistic adaptation, stakeholder collaboration, 

and policy directions for ethical implementation. The interview questions were developed based on 

the thematic gaps and methodological patterns identified in the systematic review phase of this study, 

supplemented by validated frameworks in the educational AI and assessment validation literature 

(Zawacki-Richter et al., 2019; Bond et al., 2020; Burstein & LaFlair, 2024). This evidence-based 

grounding ensured that the questions were theoretically anchored and empirically relevant. Interviews 

were conducted either face-to-face or online, depending on participants’ location and accessibility. 

Face-to-face interviews were primarily carried out with locally available participants, while online 

interviews were conducted with participants based in other countries using secure videoconferencing 

platforms such as Microsoft Teams and Google Meet. Each session lasted between 45 and 60 minutes 

and was conducted in either English or Arabic, according to participants’ preferences. All interviews 

were audio-recorded with participants’ consent and transcribed verbatim for analysis. 

2.4. Data Management: 

Transcripts and anonymized notes were stored on encrypted drives accessible only to the researcher, 

and each participant was assigned a code to maintain confidentiality. After transcription, researcher 

conducted independent readings to ensure accuracy and contextual fidelity before analysis. 

2.5. Data Analysis: 

The systematic review data and interview transcripts were analyzed using NVivo software. For the 

review analysis, a descriptive coding framework identified validation methods, datasets used, and 

indicators of fairness or transparency. The data collected from the interviews were analyzed 

thematically following Braun and Clarke’s (2006) six-phase procedure. The initial codes captured 

recurring issues such as replicability, bias, and transparency; they were then grouped into higher-order 
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 themes: validation and replicability, fairness and cultural sensitivity, transparency and explainability, 

stakeholder engagement, and continuous monitoring. The identified patterns were compared across 

stakeholder groups to identify convergent and divergent perspectives. This process culminated in 

synthesizing insights from both datasets to construct a four-stage validation framework that 

emphasizes algorithmic validation, contextual adaptation, stakeholder engagement, and continuous 

monitoring. 

2.6. Ethical Considerations: 

All participants provided written informed consent prior to data collection, and institutional ethical 

approval was obtained from the lead author’s university to ensure compliance with regional research 

governance standards. Participants were informed of their right to withdraw at any time and assured 

of anonymity in all publications. Responsible AI use is also taken into consideration; OpenAI’s GPT-

5, Microsoft Copilot, and Grammarly were used under the researcher’ supervision for language 

refinement, grammar, and editorial consistency; no analytical content was generated by the model. The 

author assumes full responsibility for interpretation and conclusions. 

3. Results: 

This section presents findings from the systematic review and the stakeholder interviews. The two 

strands of evidence are reported separately and then integrated to inform the proposed validation 

framework. All results, hence, are interpreted in light of the research questions in the higher education 

context as the anchor, though the implications extend to other levels of education. 

3.1. Systematic Review Findings: 

To deepen synthesis beyond descriptive percentages, we link themes to exemplars. For instance, 

Arabic AES work (e.g., Lotfy et al., 2023; Ghazawi & Simpson, 2024) demonstrates reliability gains 

yet underscores the need for subgroup fairness checks; educator‑focused studies in the region (e.g., 

Khlaif et al., 2024; Al‑Abdullatif, 2024) show how trust and AI literacy mediate adoption; and 

policy‑oriented analyses (e.g., Traidi, 2024) highlight governance gaps. These cases ground the themes 

in concrete empirical contexts and clarify how methodological choices intersect with context. 

Overview 

As stated before, the systematic review identified 25 eligible studies published between 2015 and 

2024. Collectively, these studies examined AI-based assessment tools across higher-education 

contexts in Asia, Europe, North America, and the Middle East. Figure 1 (PRISMA Flow Chart) 

summarizes the screening process, and Table 2 presents the analytical matrix of included studies. 
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 Table 2: Matrix of the included studies 

Study Main Topic / Idea Key Findings / Contributions 

Aboalela (2023) Saudi Arabia context; 

generative AI used for 

assessment items; addresses 

validity of question 

generation 

Explores the use of ChatGPT for creating 

valid assessment items; highlights potential 

and challenges for reliability and fairness in 

Middle Eastern accreditation contexts 

Alghamdi and 

Li (2022) 

Review of AI applications and 

challenges in Middle Eastern 

education 

Summarizes AI adoption trends, highlights 

challenges including fairness, validity, 

cultural adaptation, and provides 

recommendations for region-specific 

implementation 

Al-Khalidi and 

Al-Shehri 

(2023) 

Fairness and interpretability 

of AI assessment models 

Found that AI models can show bias if not 

carefully designed; interpretability improves 

trust and fairness in assessment outcomes in 

Saudi Arabia 

Al-Mutawa and 

Javid (2023) 

Validity of automated essay 

scoring in Gulf universities 

Demonstrated that AES systems produce 

scores aligned with human raters, but 

cultural and linguistic context affects validity 

and reliability 

Mahmoud and 

Ameen (2021) 

AI for equitable assessment in 

Egypt 

AI systems can reduce human bias; equitable 

access and careful design needed to ensure 

fairness and reliability 

Lotfy et al., 

(2023) 

Arabic automated essay 

scoring 

Proposed ML-based AES system; found 

strong reliability and validity compared to 

human scoring, supporting automated 

evaluation in Arabic contexts 

Ghazawi and 

Simpson (2024) 

Arabic AES using BERT Introduced Arabic AES dataset; BERT-based 

AES achieved high agreement with human 

raters, demonstrating effective scoring in 

linguistic context 
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 Alzahrani 

(2022) 

Systematic review of AI in 

Arab education 

Highlights trends, gaps, and challenges, 

including validation, fairness, and adaptation 

to local cultures; useful for guiding AI 

assessment research 

Bashendy et al., 

(2024) 

Arabic AES corpus with trait-

specific annotations 

Created dataset supporting cultural and 

linguistic adaptation; provides benchmark for 

scoring validity, reliability, and fairness in 

AES 

Khlaif et al., 

(2024) 

Teacher perspectives on AI 

assessment tools 

Revealed teachers’ concerns on reliability, 

fairness, and validity; adoption requires 

training and context-specific adaptation 

Hobeika et al., 

(2024) 

Validation of AI literacy scale 

in Arabic 

Successfully validated AILS across multiple 

Arab countries; emphasizes cross-cultural 

adaptation and psychometric reliability 

Aboalela (2023) AI for generating assessment 

items 

Explores generative AI for creating valid 

assessment items; highlights potential and 

challenges for reliability and fairness in 

Middle Eastern accreditation 

Traidi (2024) Policy implications of AI in 

education 

Discusses fairness and equity implications; 

stresses need for culturally and linguistically 

adapted AI assessment systems 

Al-Sharoufi 

(2022) 

English writing curriculum & 

technology integration 

Focus on alignment of assessment with AI 

tools; highlights validity and cultural 

adaptation issues in Gulf region 

Alazemi (2024) AI-supported formative 

assessment 

Demonstrates that AI-based formative tools 

improve learning outcomes; highlights 

reliability and fairness considerations in 

Arabic instruction 

Alobed et al., 

(2021) 

Arabic AES using hybrid ML Hybrid AES system shows strong validity 

and reliability; emphasizes linguistic and 

cultural adaptation for scoring accuracy 
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 Al-Zahrani and 

Alasmari 

(2024) 

Saudi higher-ed context; 

touches on assessment/ 

grading, fairness, bias, & AI’s 

educational impact 

Discusses the ethical and social implications 

of AI in higher education; highlights risks 

and considerations for fairness and bias in 

AI-based assessment practices 

Calderwood 

(2024) 

UAE context; student 

perceptions of generative AI 

use in assessment 

Reveals complex interactions between 

student agency, tool affordances, and 

academic ethics; highlights concerns 

regarding fairness, reliability and integrity 

when generative AI is used for assignments 

Kayan 

Fadlelmula and 

Qadhi (2024) 

Systematic review of AI in 

GCC higher education 

Identifies methodological gaps in assessment 

validity, fairness, reliability; provides 

recommendations for AI adoption in Gulf 

context 

Khan et al., 

(2024) 

UAE/Iraq/UK mixed context: 

develops a framework for AI-

based assessment; policy, 

validity, fairness issues 

featured 

Proposes a conceptual framework for AI-

driven assessment; emphasizes policy 

alignment, validity, and fairness 

considerations, particularly in Middle 

Eastern higher education contexts 

Alenezi and 

Alenezi (2024) 

Saudi Arabia: deployment of 

AI-powered formative 

assessment in higher 

education; addresses 

cultural/linguistic localization 

and feedback via AI 

Investigates how AI formative assessment 

tools are implemented across Saudi 

universities; highlights challenges in 

fairness, reliability, and validity in local 

contexts 

Al-Abdullatif 

(2024) 

Saudi Arabia: explores 

educators’ acceptance of 

GenAI for assessment and 

teaching; touches on trust, 

fairness, reliability through 

human-tool interface 

Explores teachers’ perceptions of generative 

AI, revealing that trust and AI literacy 

influence adoption; emphasizes fairness and 

reliability considerations in classroom 

assessment 

http://www.ajrsp.com/


Academic Journal of Research and Scientific Publishing | Vol 7 | Issue 84                  

Publication Date: 5 April 2026 

 

            
 

 

  www.ajrsp.com                                                                                                                                 28    

ISSN: 2706-6495 

 Khan et al., 

(2024) 

Afghanistan/region, 

AI-assisted assessment of 

young learners; addresses 

validity and reliability of AI 

assessments 

Evaluates AI-assisted vocabulary tests for 

young learners; highlights reliability 

challenges and the need for culturally 

adapted assessment approaches 

Al-Kaabi 

(2024) 

UAE: effects of AI in 

assessment and learning; 

implications for valid 

assessment via AI 

Investigates AI’s impact on critical thinking 

and assessment outcomes; highlights validity 

and reliability concerns when AI supports 

higher education evaluation 

Khlaif et al., 

(2024) 

Middle East: surveys 

teachers’ perceptions of 

GenAI in assessment 

contexts; explores fairness, 

validity, adoption 

Provides insights on educators’ acceptance 

and challenges in using generative AI for 

assessment; emphasizes importance of 

fairness, reliability, and contextual 

adaptation in Arab higher education 
 

Across the analyzed studies, four dominant trends emerged. To begin with, most research 

emphasized algorithmic performance metrics such as predictive accuracy and internal reliability while 

providing limited discussion of cross-context replication. Only a few studies tested fairness or bias 

across multilingual or multicultural groups. More interestingly, transparency and interpretability of AI 

scoring remained underreported, particularly in commercial systems. Last but not least, relatively few 

publications involved educators or policymakers in validation design, which suggests that stakeholder 

engagement remains underdeveloped in empirical practice. Below are the key patterns identified by 

the analysis.  

Key Pattern: 

1. Methodological Rigor and Replicability 

Quantitatively, 68% of studies employed experimental or quasi-experimental designs, yet only three 

explicitly replicated findings across independent samples. Studies relying on proprietary algorithms 

rarely disclose model parameters, which makes replication nearly impossible. Researchers often 

reported internal consistency coefficients above .80, but few provided inter-rater reliability or test–

retest data. These patterns indicate that reproducibility in AI validation remains the exception rather 

than the rule. 
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 2. Fairness and Cultural Adaptability 

Only five studies analyzed differential performance by language or cultural group. Those who did 

found measurable disparities in AI scoring for bilingual learners. For instance, one Middle Eastern 

study noted a 12 percent lower agreement rate between human and AI raters for essays containing 

Arabic-English code-switching. This gap reflects the broader challenge of training language models 

on data dominated by Western linguistic norms. 

3. Transparency and Explainability 

Most of the papers (72%) mentioned transparency as desirable but did not operationalize it. Only two 

offered visual or textual explanations of algorithmic decisions accessible to instructors. The lack of 

standardized reporting protocols is a limitation of both peer verification and practitioner confidence. 

4. Stakeholder Involvement 

Engagement of educators, students, and policymakers in validation was limited, as only 6 studies 

incorporated user feedback loops or participatory design elements. This omission can be viewed as a 

suggestion that validation remains primarily a technical process, disconnected from classroom 

realities and institutional governance. 

These findings collectively indicate a fragmented methodological landscape; validation research in 

AI-based assessment has advanced technically but lags in contextual sensitivity and human 

participation. These patterns provided the foundation for the interview phase, which explored how 

stakeholders perceive and address these shortcomings in practice. 

3.2. Stakeholder Interview Findings: 

Policymakers emphasized accountability instruments (mandatory model documentation, periodic 

bias audits); educators prioritized score explainability and alignment with local rubrics; developers 

focused on data access, licensing constraints, and the feasibility of interpretable architectures. This 

differentiation clarifies how validation requirements vary by role and informs the staged framework 

that follows. 

Overview 

Insights from twenty-five stakeholder interviews complement the literature by revealing how 

methodological challenges identified in prior studies play out in practice. Participants included ten 

policymakers, eight AI developers, and seven higher-education instructors across the 3  countries 

(UAE, SA, and Qatar). Discussions were primarily centered on five thematic areas, with follow-up 

questions when needed: validation and replicability, fairness and cultural sensitivity, transparency and 
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 explainability, stakeholder engagement, and continuous monitoring with ethical oversight. These 

perspectives clarify, in particular, how those in charge of designing, governing, and deployment/use 

of AI assessment systems interpret trust, reliability, and fairness in higher-education settings. 

Theme 1. Validation and Replicability 

Participants steadily described inconsistent AI scoring as the main threat to confidence in digital 

assessment; instructors reported that identical essays sometimes produced different scores across 

submissions, a pattern echoed by policymakers who questioned the absence of regional benchmarks. 

Developers traced the problem to limited access to local training data and sparse model documentation. 

One educator from the UAE noted, “The same essay scored differently when submitted a day apart 

which is inconsistent and undermines trust.” These accounts point to a fundamental issue: 

reproducibility is rarely verified in real teaching contexts. Validation procedures must therefore 

include replication across institutions and learner populations, not only laboratory testing. 

Theme 2. Fairness and Cultural Sensitivity 

Concerns about fairness dominated the interviews; educators observed that bilingual or culturally 

hybrid expression often triggered lower scores, and policymakers framed fairness as an ethical duty 

within educational reform. Developers acknowledged that many algorithms rely on Western-based 

contexts datasets lacking regional dialects. A Saudi developer remarked, “We need to expand our 

datasets to include regional dialects; only then can we talk about fairness.” These reflections point 

out that cultural adaptation is not peripheral to validation because it defines whether AI assessments 

measure ability or linguistic conformity. Fairness requires bilingual corpora, context-appropriate 

prompts, and regionally informed evaluation metrics. 

Theme 3. Transparency and Explainability 

Transparency emerged as a cornerstone of trust when educators requested visible rationales for 

automated scores, so they could justify grades to students, who were reported to be often skeptical of 

the ability of AI to score accurately and fairly. Policymakers argued in support of the educators’ 

concerns that explainability should be a regulatory requirement rather than a technical enhancement, 

and developers conceded that interpretable models remain uncommon. One of the policymakers 

explained, “Transparency isn’t about open code; it’s about accessible reporting educators can 

interpret.” These perspectives clearly suggest that transparency in higher education depends on 

human-readable explanations of scoring logic that students understand and accept as fair. Validation 

protocols must therefore document how results are generated and communicated to users. 
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 Theme 4. Stakeholder Engagement 

Collaboration among educators, developers, and policymakers surfaced as both a value and a 

validation mechanism in the sense that teaching faculty members who participated in pilot testing 

reported greater confidence in AI tools and quicker identification of contextually irrelevant items. 

According to the developers, faculty engagement as co-designers reduced debugging time and 

improved cultural alignment. This was also emphasized by policymakers who regarded such 

engagement as a safeguard against misuse. “Validation should include everyone who uses the system,” 

as stated by one of the interviewees.  The findings show and stress the fact that participatory validation 

strengthens both technical performance and social legitimacy, transforming assessment from a vendor-

driven product into a shared institutional practice. 

Theme 5. Continuous Monitoring and Ethical Oversight 

One of the policymakers summarized the general sentiment towards monitoring and ethical oversight 

saying, “Validation isn’t a checkbox; it’s a cycle that keeps AI accountable over time.” As a matter of 

fact, all participating policymakers and most developers described validation as an ongoing 

governance process and that bias detection and curriculum alignment were continuous responsibilities 

rather than final checks. Teachers also called for continuous periodic reviews to ensure that models 

evolve with pedagogical changes. This reinforces that ethical oversight and adaptive monitoring are 

essential for sustaining fairness and reliability after deployment; hence, regular audits and independent 

evaluations should become standard components of institutional quality assurance. 

Summary of Themes 

The five themes above (described in more detail in Table 3) form a coherent narrative linking 

technical rigor to human-centered accountability; participants generally envision trustworthy AI 

assessment as a reproducible system, fair across languages and cultures, transparent in operation, 

collaboratively governed, and continuously monitored. The close alignment of expectations with the 

methodological gaps identified in the systematic review indicates a clear convergence between 

scholarly and practitioner perspectives. 

Table 3: Summary of Stakeholder Interview Themes and Implications for Validation 

Theme 
Representative 

Perspective 
Illustrative Quote 

Implication for 

Validation 

Validation and 

Replicability 

Scoring results vary 

across contexts; lack of 

“We can’t rely on 

results that vary from 

Develop region-specific 

validation standards and 

http://www.ajrsp.com/


Academic Journal of Research and Scientific Publishing | Vol 7 | Issue 84                  

Publication Date: 5 April 2026 

 

            
 

 

  www.ajrsp.com                                                                                                                                 32    

ISSN: 2706-6495 

 regional benchmarks 

undermines trust. 

one institution to 

another.”  Policymaker 

replication studies 

across sites. 

Fairness and 

Cultural 

Sensitivity 

AI models penalize 

bilingual expression and 

ignore local 

conventions. 

“Language differences 

are mistaken for lack of 

understanding.”  

Instructor 

Use bilingual data and 

culturally adapted test 

items to ensure 

equitable outcomes. 

Transparency and 

Explainability 

Educators need clear 

rationales for AI-

generated scores. 

“If teachers can’t 

explain the score, they 

won’t trust it.” 

Instructor 

Require transparent 

reporting and user-

friendly explainable-AI 

interfaces. 

Stakeholder 

Engagement 

Co-design among 

teachers, developers, 

and policymakers 

improves contextual fit. 

“Validation should 

include everyone who 

uses the system.” 

Policymaker 

Embed feedback loops 

and participatory 

validation in each 

implementation phase. 

Continuous 

Monitoring and 

Ethical Oversight 

Validation must remain 

dynamic and 

accountable over time. 

“Validation should 

evolve with the 

system.” Developer 

Implement periodic bias 

audits and adaptive 

oversight within 

institutional policy. 

 

In short, the interviews shed light on the fact that stakeholders and prior research studies diagnose 

the same weaknesses (e.g., replicability, fairness, transparency, and contextual adaptation), but from 

complementary standpoints. In other words, stakeholders add the pragmatic dimension of collaboration 

and continuous governance, which were largely absent from published studies. The following sub-

section (3.3) integrates both data strands to articulate a four-stage framework for validating AI-

enhanced assessment in higher education. 

3.3. Integrated Interpretation: 

Table 4: Evidence‑to‑Framework Mapping (Review ↔ Interviews ↔ Framework Stages) 

Framework Stage 
Evidence from Systematic 

Review 

Evidence from Stakeholder 

Interviews 

Algorithmic Validation Sparse replication; limited 

disclosure in proprietary 

systems; accuracy emphasized 

over reproducibility. 

Inconsistent scores reported; 

call for regional benchmarks 

and cross‑institution checks. 
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 Contextual Adaptation Few subgroup analyses; 

bilingual/code‑switching issues 

underexplored in many studies. 

Bilingual expression penalized; 

demand for Arabic–English 

data and rubric localization. 

Stakeholder Engagement User participation rare; 

validation treated as technical 

task. 

Co‑design improves fit and 

trust; pilots reduce debugging 

time and resistance. 

Continuous Monitoring & 

Ethical Oversight 

Post‑deployment auditing 

rarely reported in the literature. 

Monitoring framed as 

governance duty; periodic bias 

audits and public reporting 

requested. 

The integration of the systematic-review and interview findings reveals a consistent pattern: the core 

challenges of validating AI-enhanced assessment in higher education are not isolated technical 

problems but interdependent social and methodological processes. Across both datasets, four recurrent 

dimensions, replicability, fairness, transparency, and stakeholder participation, define what 

trustworthy validation entails. A fifth dimension, continuous monitoring and ethical oversight, 

emerged uniquely from practitioner experience and extended the empirical literature toward post-

deployment governance. 

Converging Evidence: 

The systematic review showed that published studies focus heavily on algorithmic accuracy yet 

seldom verify results across contexts. Stakeholders echoed this concern, describing inconsistent 

scoring as a daily obstacle to adoption. Similarly, both sources highlighted fairness as a chronic 

weakness: the literature notes the absence of multilingual testing, and practitioners confirmed that 

bilingual students are often disadvantaged by models trained on monolingual data. Transparency 

occupies the same dual position. Scholars report a lack of open documentation, and educators 

explained that they cannot defend AI-generated grades without clear rationales. Both data-

sources/strands are indicative of the idea that limited stakeholder participation constrains credibility; 

when validation remains a purely technical exercise, users perceive AI systems as opaque and 

externally imposed. 

The additional practice-based theme (e.g. continuous monitoring) advances this conversation. 

Stakeholders insisted that validation is cyclical and must evolve as curricula, datasets, and technologies 

change. This insight reframes validation from a pre-implementation test to an enduring governance  

 function. Together, the five dimensions form the conceptual scaffolding for a human-centered 

validation model. 
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 The Four-Stage Validation Framework (FSVF) 

Synthesizing the convergent and emergent insights from the literature and interviews yields a Four-

Stage Validation Framework (FSVF)that redefines validation as an iterative partnership between 

technology and institutional practice. Each stage corresponds to a distinct but interlinked domain of 

activity: 

1- Algorithmic Validation 

This stage focuses on verifying the technical reliability of AI assessment models through replicable 

statistical procedures; it includes cross-sample testing, inter-rater comparisons, and transparent 

documentation of algorithms and training data. Its purpose is to establish reproducible evidence that 

the system performs consistently across student cohorts. 

2- Contextual Adaptation 

Validation must extend beyond technical accuracy to ensure cultural and linguistic fit, which means 

that contextual adaptation involves integrating bilingual data, aligning scoring rubrics with local 

curricula, and adjusting for sociolinguistic variation common in Middle Eastern higher-education 

settings. This stage operationalizes fairness as contextual relevance rather than universal 

standardization. 

3- Stakeholder Engagement 

Validation gains legitimacy only, and only, when those affected participate in it. Engagement of 

stakeholder participation is part of a participatory design cycles that include educators, students, 

developers, and policymakers. Co-design workshops, pilot testing, and structured feedback loops 

translate expert validation into socially recognized credibility. Engagement also serves as a 

professional-learning mechanism, increasing digital assessment literacy among instructors. 

4- Continuous Monitoring and Ethical Oversight 

This is the final stage which institutionalizes validation as an ongoing governance process; it involves 

regular audits of algorithmic bias, monitoring for model drift, and alignment with evolving ethical and 

curricular standards. Independent oversight bodies within universities can perform these reviews, 

ensuring accountability and public transparency. 

It is worth noting that these stages are cyclical rather than sequential; algorithmic validation initiates 

the process, contextual adaptation situates it, stakeholder engagement sustains it, and continuous 

monitoring renews it. Hand in hand, they create a dynamic feedback system that balances innovation 

with accountability. The framework places validation as an evolving ecosystem embedded in 

educational practice, more so than as a static verification checklist. 
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 The synthesis demonstrates that methodological rigor and human-centered governance are mutually 

reinforcing. Technical improvements without contextual and participatory validation will not build 

trust; conversely, stakeholder dialogue without algorithmic evidence cannot guarantee fairness. The 

FSVF offers a structured path to reconcile these dimensions. Although derived from Middle Eastern 

higher-education contexts, its principles (e.g., replicability, cultural adaptation, participatory design, 

and sustained oversight) are transferable to other multilingual and data-rich environments seeking 

equitable digital assessment. 

4. Discussion: 

For the purpose of interpreting the results and answering the research questions, this study focused 

on examining how AI-enhanced assessment can be validated in higher education so that it is both 

methodologically rigorous and socially credible. Evidence from the 25 reviewed studies and the 

stakeholder interviews points to a persistent tension between the drive for technical innovation and the 

need for contextual trust. Across both datasets, reproducibility, fairness, and transparency remain 

fragile, and stakeholders’ calls for continuous monitoring suggest that validation is not a one-off 

procedure but a sustained institutional responsibility. These findings extend prior syntheses of AI in 

higher education that emphasized efficiency and scalability (Holmes et al., 2019; Zawacki-Richter et 

al., 2019) by demonstrating that credibility depends equally on cultural adaptation and participatory 

governance. 

4.1. Methodological validation in higher education (RQ1) 

The literature and stakeholder accounts converge on the conclusion that reproducibility is the 

weakest link in AI assessment research. Studies report high accuracy yet seldom provide the 

documentation necessary for replication or cross-context testing. This captured pattern likely reflects 

structural incentives within educational technology research, where proprietary datasets and 

competitive innovation limit transparency (Williamson & Piattoeva, 2022). Teachers’ reports of 

inconsistent scoring and developers’ admission of incomplete documentation confirm that these 

systemic constraints translate directly into classroom uncertainty, where students internalize the idea 

that their academic achievement is assessed by AI, instead of a human.  

The mechanism appears circular: opacity limits replication, replication deficits erode trust, and 

diminished trust discourages data sharing, perpetuating opacity. Thus, reproducibility emerges not 

only as a methodological concern but as an ethical commitment to learners and instructors who rely 

on consistent evidence of competence. 
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 Fairness is similarly underdeveloped as only a few studies examined multilingual or multicultural 

biases, and stakeholders described visible inequities for bilingual students, which challenge the 

assumption that universal rubrics guarantee validity. In contrast, they support arguments that fairness 

must be interpreted through cultural and linguistic context (Bond et al., 2020). As a rule of thumb, 

validation should therefore test performance differentials by language and discourse type, not merely 

by accuracy thresholds. Transparency completes this triad; both data sources confirm that reporting 

and interpretability are preconditions for legitimacy. With (over)reliance on AI, educators cannot 

justify grades, and policymakers cannot defend procurement, when system logic remains inaccessible. 

Consistent with Burstein and LaFlair (2024), transparency must be treated as evidence, not as publicity. 

4.2. Stakeholder perceptions and expectations in the Middle East (RQ2) 

Stakeholders’ expectations shed light on how validation practices can regain credibility in regions of 

rapid digital expansion. Participants framed trust as a composite of technical stability, cultural fairness, 

and interpretive clarity. Their insistence on bilingual data and culturally adapted prompts contests the 

“one-size-fits-all” orientation prevalent in global EdTech discourse. In this sense, the Middle Eastern 

perspective refines earlier models that focused mainly on algorithmic optimization (Zawacki-Richter 

et al., 2019) by grounding validation in linguistic pluralism and curricular alignment. This further 

supports and illustrates what Bond et al. (2020) describe as digital equity: systems gain legitimacy 

when they accommodate local diversity rather than erase it. 

Stakeholders also redefined transparency as pedagogical usability in the sense that teachers want 

explanations they can communicate with/to students; policymakers seek documentation that satisfies 

public accountability; developers need standards that balance disclosure with intellectual-property 

constraints. These positions expand the concept of explainability beyond code visibility to interpretive 

translation, a process through which technical reasoning becomes educationally meaningful. Such 

translation aligns with a human-centered approach and vision of technology in higher education. 

Moreover, participants framed collaboration itself as a validation mechanism. Their accounts support 

Tlili et al. (2023), who argue that co-design transforms AI ethics from compliance into shared 

stewardship. By engaging educators in pilot cycles and iterative feedback, validation becomes an act 

of collective inquiry rather than unilateral certification. 

More importantly, stakeholders introduced the idea of validation as governance. For instance, 

continuous monitoring, bias auditing, and curriculum alignment were described as institutional 

obligations. This stance adds a temporal dimension that is absent from most empirical studies and 

parallels calls for lifelong quality assurance in digital learning ecosystems (Sun & Chen, 2022).  
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 The upshot is that practitioners see validation not as a finish line but as an evolving accountability 

framework embedded in academic life. 

4.3. Toward a culturally responsive validation framework (RQ3) 

The FSVF synthesizes these insights into a pragmatic model. Algorithmic Validation 

institutionalizes reproducible testing, including inter-rater checks and open documentation. Contextual 

Adaptation embeds cultural and linguistic relevance by aligning data, rubrics, and curricula. 

Stakeholder Engagement ensures participatory co-design and shared interpretation of evidence. 

Continuous monitoring and ethical oversight close the cycle through periodic audits and public 

reporting. Each stage addresses a distinct deficit identified in the literature and enacts the stakeholder 

priorities identified here. Together, they convert validation from a pre-deployment technical task into 

an ongoing relational practice. 

This framework extends previous work on AI validation by reframing it as human-centered 

governance, especially since earlier studies treated validation as methodological hygiene; the present 

synthesis conceptualizes it as institutional learning, where evidence, interpretation, and ethics intersect. 

The framework also clarifies external validity; although derived from Middle Eastern contexts, its 

logic applies to other multilingual or data-constrained systems, provided local teams adapt procedures 

to their languages and norms.  

4.4. Practical implications for assessment in education  

From a governance perspective, several actionable mechanisms can be proposed for reinforcement:  

1. Education institutions can require validation records for AI tools that include cross-sample 

reliability, subgroup fairness analyses, and plain-language explanations.  

2. Quality-assurance units can schedule bias audits each semester and publish results internally to 

build a culture of transparency.  

3. Curriculum committees can integrate bilingual materials into scoring rubrics that consider cultural 

particularities, ensuring that cultural expression is assessed as knowledge, not deviation.  

4. Developer contracts can mandate data-sharing clauses that enable independent replication.  

5. Faculty training can emphasize interpretation of AI feedback as a pedagogical resource rather than 

a grading shortcut.  

4.5. Limitations 

This qualitative study employs a multi-phase design that provides triangulated insights, but it also 

has inherent limitations. While the interview sample is diverse in terms of roles and includes 

participants from multiple Middle Eastern countries, it is still regionally constrained.  
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 As a result, the findings may not fully apply to higher education systems in different linguistic, 

cultural, or policy contexts. The systematic review consists of twenty-five published studies, reflecting 

only accessible English and Arabic scholarly work, which means it may exclude potentially relevant 

proprietary or non-indexed research. 

Furthermore, because this study is qualitative and interpretive, it does not measure the causal impact 

of specific validation practices on learning outcomes. Patterns related to fairness are described rather 

than quantitatively analyzed, due to inconsistent reporting in the existing literature. These limitations 

are common in exploratory qualitative research and underscore the need for future longitudinal, cross-

regional, and experimental studies to empirically test and refine the proposed validation framework. 

4.6 Future directions: 

Future studies could implement the Four-Stage Framework in multi-institutional pilots using 

bilingual corpora and pre-registered protocols. Comparative research across regions would reveal how 

contextual adaptation varies by language and policy regime. It would also be valuable to examine how 

explainability features influence teacher trust and student engagement, perhaps through controlled 

rollouts. Cost and capacity analyses could inform policy on sustainable auditing and governance 

structures. Expanding the evidence base to include grey literature and practitioner reports would 

further balance technical and experiential perspectives. Through these extensions, validation research 

can evolve from identifying gaps to building globally adaptable, culturally responsive systems. 

5. Conclusion: 

The evidence from the qualitative multi‑phase design (systematic review + interviews) demonstrates 

that validation of AI-enhanced assessment in higher education is as much a social and ethical process 

as it is a technical one. First off, across published studies and practitioner accounts, reproducibility, 

fairness, and transparency emerged as recurring vulnerabilities that erode trust in digital assessment. 

Stakeholders added a vital dimension by framing validation as an ongoing institutional obligation 

requiring collaboration and continuous monitoring. This synthesis clarifies that credible AI assessment 

depends on a cycle of technical verification, contextual adaptation, participatory governance, and 

ethical oversight. 

The FSVF proposed here organizes these interdependent dimensions into a practical guide for 

researchers, developers, and higher-education institutions. Algorithmic validation secures 

methodological rigor, contextual adaptation ensures cultural and linguistic fit, stakeholder engagement 

embeds collaboration, and continuous monitoring sustains accountability. Together, these stages 

translate the idea of trustworthy AI into routines that can be tested, replicated, and improved across 

http://www.ajrsp.com/


Academic Journal of Research and Scientific Publishing | Vol 7 | Issue 84                  

Publication Date: 5 April 2026 

 

            
 

 

  www.ajrsp.com                                                                                                                                 39    

ISSN: 2706-6495 

 contexts. In this way, the framework extends previous models that treated validation as a pre-

deployment quality check, positioning it instead as a cornerstone of human-centered digital 

transformation. 

From a theoretical standpoint, the study advances understanding of validation as governance: a 

process through which evidence and ethics co-produce legitimacy in technology-enhanced learning. 

Practically, it offers institutions a structure for linking policy and pedagogy in AI assessment, aligning 

with the goal of connecting technological innovation to equitable educational practice. Although 

anchored in Middle Eastern higher education, the framework is adaptable to other multilingual or data-

rich environments seeking to balance efficiency with justice in assessment. Future research that applies 

and tests this model will refine its metrics and evaluate its influence on trust, learning outcomes, and 

institutional accountability. 

6. Recommendations: 

Building on the findings and conclusions of this study, the following recommendations are directed 

for researchers, practitioners, developers, and policymakers working to strengthen the validation of 

AI-enhanced assessment in higher education, particularly in multilingual and culturally diverse 

settings. 

6.1. For Researchers and Academics: 

Future studies should adopt pre-registered protocols and publish validation procedures in sufficient 

detail to enable cross-institutional replication. Researchers are encouraged to move beyond accuracy-

only metrics and incorporate subgroup fairness analyses, inter-rater reliability, and test-retest 

procedures as standard components of AI assessment validation. Expanding research samples beyond 

the UAE, Saudi Arabia, and Qatar to include other MENA countries and additional multilingual 

contexts would strengthen the generalizability of findings.  

6.2. For Higher Education Institutions and Policymakers: 

Higher education institutions should adopt the Four-Stage Validation Framework (FSVF) as a 

governance model, embedding algorithmic validation, contextual adaptation, stakeholder engagement, 

and continuous monitoring into their quality-assurance cycles. Institutions are encouraged to require 

AI tool vendors to provide transparent documentation of training data, model parameters, and fairness 

testing prior to procurement. Regulatory bodies and ministries of education should formulate national 

standards for AI assessment validation that mandate culturally and linguistically adapted rubrics, 

independent bias audits conducted each academic cycle, and publicly accessible transparency reports. 
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 Funding should be directed toward the development of Arabic-English bilingual assessment corpora 

and the establishment of regional centers of excellence for AI validation in education. 

6.3. For AI Developers: 

Developers of AI assessment systems should integrate explainability features as a core design 

principle rather than an afterthought, enabling educators to communicate scoring rationale to students 

in plain, pedagogically meaningful language. Systems intended for multilingual or multicultural 

contexts should be trained on regionally representative data and tested for differential performance 

across language groups before deployment. Participatory co-design models that involve educators and 

students in iterative pilot testing should become standard practice, as they demonstrably improve 

cultural alignment, reduce debugging cycles, and build institutional trust. Data-sharing agreements 

with educational partners should be structured to permit independent replication and third-party 

auditing. 

6.4. For Educators: 

Faculty members and academic practitioners are encouraged to actively engage in AI tool evaluation 

processes at their institutions rather than treating AI-generated scores as fixed outputs. Professional 

development programs should be designed to build digital assessment literacy, equipping educators to 

critically interpret AI feedback, identify scoring anomalies, and advocate for student fairness. 

Educators should document and report inconsistencies in AI scoring through institutional channels, 

contributing to the evidence base needed to trigger meaningful audit and review cycles. Ultimately, 

educators serve as the most proximate safeguard for equitable assessment practice, and their sustained 

engagement with AI validation processes is essential to the credibility of AI-enhanced education. 
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 10. List of abbreviations 

• AI: Artificial Intelligence 

• UAE: United Arab Emirates 

• SA: Saudi Arabia 

• RQ: Research Questions 

• FSVF: Four-Stage Validation Framework 

11. Appendix 

 Interview Questions 

1. How would you describe your experience with AI-based assessment systems in your educational 

or professional setting?  

2. In your opinion, how reliable and consistent are the results generated by AI assessment tools?  

3. What measures do you believe are essential to ensure fairness and transparency in AI-generated 

scores?  

4. How well do you think current AI assessment tools adapt to the linguistic and cultural diversity of 

Middle Eastern classrooms?  

5. What challenges have you encountered regarding the implementation or validation of AI 

assessments?  

6. How do you think stakeholders (teachers, policymakers, developers) should collaborate to ensure 

trustworthy AI assessment practices?  

7. What policies or frameworks do you think are needed to enhance the validation and ethical use of 

AI in education?  

8. Can you describe a situation where AI assessment outputs did not align with human judgment or 

expected outcomes?  

9. How important is it to include teachers and students in the validation and feedback processes of AI 

systems?  

10. What recommendations would you offer to improve the credibility and acceptance of AI 

assessments in your context?  
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