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Abstract

The development and use of artificial intelligence 

(AI) tools have raised several concerns about the 

effectiveness of assessment practice. Authentic 

assessment has emerged as one of the key strate-

gies to cope with the rapidly evolving technology. 

Nevertheless, prior studies argued that authentic as-

sessment as a standalone instrument is insufficient 

to control the impact of AI. Thus, several studies 

called for the integration of AI in assessment design. 

However, it is unclear how academics can deploy the 

use of AI in authentic assessment. This paper aims to 

present AI- enabled authentic assessment strategies 

through evidence synthesis. Following the PRISMA 

guidelines, we collected 103 documents from multiple 

databases and utilised text mining techniques, includ-

ing co- occurrence analysis and topic modelling, to 

synthesise the documents. The results showed that 

academic integrity, critical thinking, framework, inte-

gration of AI, and teaching and learning methods are 

the dominant themes across the analysis. Most impor-

tantly, our findings identified four pathways in which 

AI can be deployed. Therefore, we propose the DAD 

(Deployment options, AI role, and Deliverables) con-

ceptual framework to organise knowledge and guide 

the future design of AI- enabled authentic assessment.
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INTRODUCTION

Technological advancement has influenced teaching and learning pedagogical practice, 

more specifically, assessment, which is a key component of learning. Assessment for learn-

ing and assessment as learning both provide opportunities for formative assessment, while 

assessment of learning, also termed summative assessment, predominantly aims to evalu-

ate and summarise students' performance at the conclusion of an instructional exercise, 

determining the degree and extent of learning achieved. Assessment, teaching, and learn-

ing are intertwined. Each forms an integral part of the pedagogical process and occurs in 

a cycle. This cycle is updated and upgraded through the feedback mechanisms. Within 

the cycle, assessment supports learning by providing students the opportunity to demon-

strate skills and knowledge acquired and their application towards academic and profes-

sional competencies. Assessment helps identify students' learning progress and areas for 

improvement by systematically measuring their understanding and skills. It thus serves as 

a cornerstone for evaluating students' comprehension, identifying learning gaps, and pro-

viding actionable feedback that can significantly impact academic attainment and future 

success. Assessment thus remains the most significant prompt for learning (Ashford- Rowe 

et al., 2014; Boud, 2012; Villarroel et al., 2018). Unfortunately, recent technological develop-

ments like artificial intelligence (AI) pose challenges to assessment practices. Prior studies 

have shown that the AI systems, specifically, the generative artificial intelligence (GenAI), 

can pass assessments in data science (Ogunleye et al., 2024a), law (Choi et al., 2021), 

pharmacy (Kunitsu, 2023), and programming (Malinka et al., 2023) subjects, thereby in-

creasing the potential for unethical use. Other notable problems identified include academic 

integrity (Tran et al., 2025), over- reliance and misuse (Lee et al., 2024), privacy and bias 

(Nguyen, 2025). To this end, literature suggests that these constraints could mar creativity, 

innovativeness, problem- solving, critical thinking, and logical analysis skills, which are core 

to employability (Essien et al., 2024; Ogunleye et al., 2024a). To mitigate this threat, several 

institutions or educational bodies came up with guidelines and new policies on the usage, 

including no AI usage, responsible (minimal) usage and integration of the AI system.

Despite AI's sophistication, its responses tend to obscure students' actual understand-

ing, aside from other severely highlighted ills and negative consequences (Zhao, 2024). 

Context and implications

Rationale for this study: The emergence and increasing usage of AI technologies 

have challenged assessment practices in higher education. While a growing number 

of studies have proposed various solutions, including frameworks, they address a 

certain discipline or isolated element, such as authenticity or reflective practice.

Why the new findings matter: Our results provide a more holistic and theoretically 

grounded assessment strategy addressing the alignment between AI integration, 

pedagogical design, and cognitive engagement to evidence learning in an assess-

ment of learning context.

Implications for practitioners, policymakers, and researchers: For authenticity, 

our result emphasises the need for academics, education practitioners, and policy-

makers to ensure assessment of learning policies is not against the use of AI. As AI 

continues to evolve, our result suggests that education practitioners need to ensure 

that assessment design allows the use of AI as both an agent and a tool to mirror 

‘real- world’ professional context without undermining cognitive engagement.
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This creates a significant transformation in the educational sector partly because of the 

critical challenges regarding validity, reliability, academic integrity and ethics, hence the 

need to re- image assessment by (re- )emphasising the need for competencies (not mere 

skill mastery), and application of knowledge that suits a concern, a project, an environ-

ment, a group, or a circumstance (not just theoretical knowledge). Traditional assessment 

does not always or adequately foster critical thinking or creativity (Fatima et al., 2024). Prior 

studies argued that real- world problems are not presented as a multiple choice question or 

solved based on memorisation of facts. Indeed, problem- solving is more of how facts are 

used with self- motivation, metacognitive, creative, analytical, and critical thinking abilities 

(Miserandino, 2025). This thus forms the core of authentic assessment. As technology con-

tinues to advance, the construct of authenticity in assessment needs reimagining to remain 

relevant in higher education (Ogunleye et al., 2024a; Vallis, 2025). This is supported by the 

regulatory body of Australia's higher education that recommends assessment that aligns 

with ‘responsible and ethical use of AI in ways that are authentic to both the task and the 

discipline’ (Tertiary Education Quality and Standards Agency, 2023).

Authentic assessment has emerged as one of the key strategies to cope with the rapidly 

evolving technology. Gulikers et al. (2004) defined authentic assessment as the assessment 

that requires students to use the same competencies, or combinations of knowledge, skills, 

and attitudes that they need to apply in the criterion situation in professional life. In a similar 

vein, Swaffield (2011) defined authentic assessment as the assessment of learning that 

involves the use of ‘real- world tasks’ requiring students to apply their knowledge and skills 

in meaningful contexts to solve ‘real- world’ problems. Villarroel et al. (2018) identified the 

core principles of authenticity assessment as realism, cognitive challenge, and evaluative 

judgement. Hamel and Lee (2024) successfully used the authentic criteria, namely, realism, 

cognitive challenge, and evaluative judgement, to evaluate their authentic assessment strat-

egy. Realism implies that the assessment task is set in a ‘real world’ context. This allows 

students to solve problems similar to real- life challenges or professional tasks. The cog-

nitive challenge involves the use of higher order cognitive skills, including critical thinking, 

learning, and reasoning. This helps students to develop a deeper understanding and ability 

to synthesise new ideas with prior knowledge and apply theoretical knowledge in practice. 

This is shown to improve learning and long- term retention. While the evaluative judgement 

involves the development of self- assessment skills through experience, processes, and 

feedback. This helps students to develop the ability to critique their own work, and that of 

others and thus promotes creativity and innovation. Authentic assessment promotes active 

learning, improved achievement, and greater information retention; most importantly, it pro-

vides learners with real- world hands- on experience (Murphy et al., 2017). By depicting how 

students arrived at and showing why they did, authentic assessment emphasises experien-

tial learning and the importance of self- motivation, critical reflection, and analytical ability 

(Ashford- Rowe et al., 2014). Assessment tasks must closely mirror real- world applications, 

arouse integration of interdisciplinary/multidisciplinary knowledge, and complex problem- 

solving (in replacement for mere recall of isolated facts).

Higher education institutions have responded to the AI disruption towards assessment 

practice in several ways, including the creation of new policy, revised assessment format, 

and technological safeguards (Corbin et al., 2025). An example is the use of authentic as-

sessment. However, authentic assessment alone is insufficient to control the impact of AI 

on academic integrity (Kofinas et al., 2025). Several studies have called for the integration 

of AI in assessment design. Xia et al. (2024) argued that there is a need to investigate how 

to design effective GenAI- informed assessments. This supports the evidence synthesis 

performed by Moorhouse et al. (2023) that suggests GenAI tools should be incorporated 

into assessment design. At this stage, it is unclear how to strategically deploy AI in au-

thentic assessment. There are limited studies that showed how AI can be integrated. More 
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importantly, there is no study found that synthesises literature on how AI can be incorpo-

rated into authentic assessment. To this end, this paper aims to analyse AI- enabled authen-

tic assessment strategies through evidence synthesis. By doing so, we provide answers to 

the following research questions (RQ).

• RQ1: How are academics embedding AI into authentic assessments?

• RQ2: What AI- enabled authentic assessment frameworks exist to guide academics in the 

design of assessments?

To answer the research questions and fulfil the aim of this study, this paper retrieved 

documents from multiple databases and used text mining techniques to synthesise the doc-

uments. The rest of the paper presents the methodology (in Section ‘Methodology’), results 

(in Section ‘Results’), discussion of findings (in Section ‘Discussion’), and conclusions (in 

Section ‘Conclusion’).

METHODOLOGY

This paper performed a systematic literature review (SLR) of AI- enabled authentic assess-

ment strategies using the PRISMA (Preferred Reporting Items for Systematic Reviews and 

Meta- Analyses) framework (Page et al., 2021). By doing so, this study retrieved data from 

multiple databases using relevant keywords and applied text mining techniques for synthe-

sis. In subsequent subsections, we present details on the data collection strategy, text min-

ing techniques, implementation set- up, and evaluation metrics.

Data collection strategy

This study used relevance and coverage as key points in the selection of the databases 

to ensure global research outputs were considered. This study collected data from seven 

databases, namely, Scopus, Web of Science, ACM, ScienceDirect, IEEE, Taylor and 

Francis, and Emerald, using relevant keywords including ‘artificial intelligence’, ‘authentic 

assessment’ and their variants. It is worth stating that this study did not consider archive 

databases and grey literature. The search strings were joined using Boolean operators such 

as ‘or’, ‘and’ to search through the title, abstract, and keywords of publications between 

2020 and June 2025. Furthermore, we made use of the asterisk (*) wild card to ensure that 

the keyword variations are captured and the double quotation (“ ”) to ensure that the exact 

keyword phrase is captured. However, it is worth noting that ScienceDirect does not support 

the use of wildcards and limits the number of Boolean connectors to a maximum of eight 

per field. Using the search query presented in Table 1, across the databases, our initial 

search produced 234 documents, which were then filtered to reflect research documents 

published between the year 2020 and June 2025. This yielded 223 documents. Thereafter, 

the documents were limited to publications in the English language and document types, 

articles, conference papers, book chapters, and review papers. This resulted in 204 

documents. The dataset was pre- processed in the Python environment, and during this 

TA B L E  1  Search query.

(‘authentic assess*’) AND (chatgpt OR ‘generative AI’ OR ‘generative artificial intelligence’ OR genai OR 

gai OR AI OR ‘artificial intelligence’) AND (‘higher education’ OR education OR academia or ‘universit*’ OR 

postgrad* OR undergrad* OR ‘tertiary education’)
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stage, 52 duplicate records were removed. Moreover, we employed the inclusion and 

exclusion criteria as detailed in Table 2 to narrow down the documents to suit the scope of 

the study. This was achieved by reviewing the publication abstract in the first iteration and the 

full publication text in the second iteration (in cases where there is no clarity in the abstract 

only). During this stage, we removed 28 documents because they were not retrievable. 

Further to this, we removed 21 documents because they were irrelevant to the scope of the 

study. The documents were classed as irrelevant because the research papers focused 

on AI capabilities and performance on coursework/assignment without AI integration (16) 

and student perception of AI on coursework (5). In total, 103 documents emerged for the 

analysis. We have duly followed the PRISMA guidelines, and this is presented visually in 

Figure 1.

Data quality assessment

To ensure reliability, this paper employed two authors to manually label the documents as 

‘relevant’ and ‘not relevant’, and in cases of disagreement, a third author was utilised. This 

study employed the use of Cohen's kappa inter- rater reliability to ensure the study's reliabil-

ity. Cohen's kappa inter- rater reliability value provides an indication of the degree of con-

sistency among raters. The Cohen's kappa coefficient is a statistical measure that depicts 

a value useful to evidence the extent of consistency among raters, that is, the degree to 

which raters' measures are the same (Cohen, 1960; McHugh, 2012). Cohen's kappa value 

computed yielded a kappa value of 0.83, which is a strong agreement. To ensure consist-

ency, authors engaged in regular discussions (for review of the documents) throughout the 

screening process.

Text mining techniques

This study utilised term co- occurrence analysis and topic modelling (TM) to mine key in-

formation from the research publications. The co- occurrence analysis involves the identi-

fication of prevalent and key themes in research documents. A co- occurrence network is 

defined as a representation of the relationship between words or phrases that frequently 

appear together in a given domain. This study used VOSviewer, developed by Van Eck and 

Waltman (2017), to perform co- occurrence analysis. In VOSviewer, clustering is applied 

to determine the relatedness of publications. Clustering is the grouping of objects based 

TA B L E  2  Inclusion and exclusion criteria.

Inclusion criteria Exclusion criteria

Publications within the year 2020 and June 2025 Publications before the year 2020

Publications in the English language Publications not in the English language

Peer- reviewed publications Not peer- reviewed/grey literature

Publications with document types, namely, articles, 

conference papers, book chapters, and review 

papers

Editorials, meeting abstracts, workshop papers, 

posters, book reviews, and dissertations

Publications that are related to authentic assessment 

and AI

Articles related to assessment and AI, but not 

authentic assessment

Publications that presented or discussed the use of 

AI in authentic assessment

Articles related to assessment and AI, but the use 

of AI in authentic assessment is not presented or 

discussed
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on their similar attributes. The cluster results are non- overlapping, which implies that each 

publication can only belong to a cluster, and there is no publication without a cluster as-

signed. Further to this, this study complements the co- occurrence analysis with TM. Topic 

modelling involves the identification of abstract themes and hidden semantic patterns in a 

large set of documents. Prior studies have combined these techniques for an in- depth text 

(semantic) analysis (Lim & Hwang, 2025; Ogunleye et al., 2025). This paper used latent 

Dirichlet allocation (LDA) to perform TM. This is because LDA has shown good performance 

across several domains (Aydin & Ogunleye, 2026; Ogunleye et al., 2023). LDA proposed by 

Blei et al. (2003) is a generative probabilistic model for discovering the relationships among 

texts in a large text corpus. LDA assumes that each document consists of a random mixture 

of latent topics, where each topic is characterised by a distribution over words. A basic no-

tation is that given there are N documents, let D denote the document index, where D = 1, 

2, …, N. Then, let Z denote the topic assignment for each word in a document, where Z
(d,n)

 

F I G U R E  1  Flowchart of data collection using the PRISMA framework.
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represents the topic assignment for the nth word in document d. The model parameters α 

represent the parameter for the Dirichlet distribution over document- topic distributions, and 

β is the parameter for the Dirichlet distribution over topic- word distributions. The ‘hidden’ 

topics are unknown and unspecified before executing the LDA model. The goal of LDA is 

then to infer the hidden variables (Z, θ, ϕ) given the observed words (W) and the model 

parameters (α, β). The joint probability of the observed words W, latent topic assignments 

Z, and Dirichlet- distributed parameters θ and �, conditioned on hyperparameters (α, β), is 

defined as the fully factorised distribution over topics and documents, where topic- word and 

document- topic distributions are drawn from Dirichlet priors, and each word is generated 

from a topic- specific multinomial distribution. The model works by analysing the topics while 

simultaneously estimating the extent to which each document in the corpus is linked to the 

topic.

Experimental set- up

The co- occurrence analysis was performed in VOSviewer (version 1.6.20) and visualised 

as an overlay and network maps. To implement the co- occurrence analysis, the dataset was 

imported into the VOSviewer using the ‘create a map based on text data’ option. The ignore 

structured abstract labels, ignore copyright statement, and the full counting checkboxes 

were ticked. A summary of the configuration is presented in Table 3. The LDA implemen-

tation was performed in the Python environment. We utilised Python packages including 

Gensim (Řehůřek & Sojka, 2010) and NLTK—natural language toolkit (Bird, 2006) to imple-

ment LDA and pre- processing, respectively. Beforehand, the dataset was pre- processed for 

punctuation expansion, stop word removal (NLTK), removal of irrelevant/noisy words, and 

TA B L E  3  Implementation of text mining techniques.

Implementation Set- up

Co- occurrence analysis (VOSviewer) Full counting, minimum number of term occurrences = 10, 

number of terms selected = 50, Normalisation 

method = association strength, minimum cluster size = 1, 

iterations = 10, random seed = 0, random start =10, 

weight = occurrences, clustering = modularity- based 

clustering

LDA (Gensim) chunksize = 1740, alpha = ‘auto’, eta = ‘auto’, random_

state = 42, iterations = 1000, num_topics = 7, passes = 20, 

eval_every = None

Corpus gensim.models.Phrases(noun, min_count = 20, 

threshold = 10), dictionary.filter_extremes(no_below = 15, 

no_above = 0.6)

Part of speech NLTK- pos_tag- Noun: ‘NN’, ‘NNPS’, ‘NNS’, ‘NNP’

Lemmatisation NLTK package- nltk.stem.WordNetLemmatizer()

Additional words removed ‘ai’, ‘data’, ‘model’, ‘need’, ‘based’, ‘study’, ‘including’, 

‘technology’, ‘research’, ‘ha’, ‘method’, ‘wa’, ‘approach’, 

‘generative’, ‘artificial’, ‘intelligence’, ‘generative artificial 

intelligence’, ‘artificial intelligence’, ‘use’, ‘using’, ‘used’, 

‘also’, ‘2023’, ‘model’, ‘however’, ‘nan’, ‘common’, ‘licence’, 

‘copyright’, ‘author’, ‘paper’, ‘attribution’, ‘international’, 

‘permitted’, ‘cc’, ‘taylor’, ‘francis’, ‘group’, ‘academic’, 

‘higher’, ‘tool’, ‘chatgpt’, ‘ability’, ‘university’, ‘authenticity’, 

‘aim’, ‘genai’, ‘focus’, ‘assessment’, ‘authentic’, ‘education’, 

‘design’, ‘work’
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lemmatisation (NLTK). The punctuation expansion helps to transform words like ‘don't’ into 

‘do not’. The stop word removal process helps to remove words that do not convey semantic 

meaning in the sentence. For example, ‘and’, ‘is’. These words can dominate topic distribu-

tion in the LDA model without contributing meaningful differentiation. The removal of irrel-

evant and additional (domain- specific) words was performed to reduce noise or skewness 

within the corpus. This, in turn, helps to improve topic distinctiveness. Lemmatisation is the 

transformation of word forms that belong to the same inflectional morphological paradigm 

to their corresponding canonical form. An example is ‘running’, ‘ran’ gets converted to ‘run’. 

Furthermore, we used the NLTK package to implement the part- of- speech tagging and thus 

extracted nouns (and noun phrases) to develop our corpus. This process helps to extract 

important terms from the corpus. Table 3 presents the details of the co- occurrence analysis 

and LDA implementation.

Evaluation metrics

This study used multiple metrics, including coherence scores (UMass and CV), perplexity, 

and human interpretability (qualitative measure) for evaluation of the LDA model. The met-

rics are discussed as follows:

• Topic coherence measures the semantic similarity between words within a topic and is 

widely regarded as a reliable indicator of model quality (Ogunleye et al., 2023). The co-

herence scores can range from values of 0–1, with higher values indicating more seman-

tically coherent and interpretable topics. Coherence score (CV) measures the semantic 

similarity between high- scoring (most important) words in a topic. It uses normalised 

pointwise mutual information (NPMI), word embedding, and sliding windows to capture 

word co- occurrence patterns. The higher the better, as a high value is an indicator of 

more interpretable and meaningful topics. Coherence score (UMass) measures the co- 

occurrence of words within a topic based on document frequency statistics. It is based on 

the document co- occurrence counts and computed using a log- likelihood estimation from 

a corpus. A higher value is a better indicator.

• Perplexity is the measure that aids in identifying how well the LDA model predicts unseen 

data. It is based on a probability distribution to find out how ‘surprised’ the model is when 

encountering new documents. A lower value indicates better generalisation.

• Human interpretation is the manual examination of the quality and meaningfulness of the 

generated topics. It is also known as the qualitative validation of topic meaningfulness 

(Grimmer & Stewart, 2013).

RESULTS

This study presents our results in two ways. The first part of the result discusses the findings 

from the term co- occurrence mapping. While the latter part discusses the results of the LDA 

model.

In overlay visualisation, the colour of a term is determined by the year of the term, and the 

year of a term is calculated as the average publication year of all documents in which the term 

occurs. The results, as shown in Figure 2, evidence that active learning, academic integrity, 

assessment design, capability, ChatGPT, critical thinking, framework and generative AI tool 

are the dominant themes in the research documents. More specifically, the results show that 

ChatGPT, generative AI tool, assessment design, question, capacity, student learning, and 

learner are the dominant themes in the year 2023. This suggests that after the release of 
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ChatGPT by OpenAI on the 30th of November 2022, researchers began to investigate the 

use of ChatGPT for learning. Moreover, the result further suggests that researchers exam-

ined the capacity or performance of the generative AI tools on assessment questions. From 

the year 2024, implication, active learning, concern, framework, genai, integration, issue, 

academic integrity, and critical thinking are the emerging themes. This suggests that studies 

explored the integration of GenAI, frameworks and active learning. Furthermore, the results 

also suggest that research papers explored the issue, concern, and impact of GenAI. To this 

end, it is unsurprising to see themes including ‘academic integrity’ and ‘critical thinking’. To 

have a better understanding of these themes, we produced the co- occurrence network map 

of the terms in Figure 3.

The term co- occurrence network map in Figure 3 shows that the research docu-

ments are grouped into five clusters. The individual clusters can be seen in Appendix A1 

(Figures 3a–3e). The results show that cluster 1 (as shown in Figure 3a) consists of terms, 

namely, course, educator, student, capacity, effectiveness, performance, generative AI tool, 

integration, framework, recommendation, and future. These terms suggest that cluster 1 

consists of publications on the effectiveness and integration of GenAI tools. Similarly, cluster 

2 (as shown in Figure 3b) consists of terms, namely, critical thinking, authentic assessment, 

assessment design, active learning, problem, learning, data, knowledge, feedback, and 

learner. The results suggest documents in this cluster discuss the issue of ‘critical thinking’ 

and thus, discuss learning strategies including active learning, authentic assessment, feed-

back, and assessment design. Moreover, clusters 3, 4, and 5 consist of varied documents. 

For example, cluster 3 (as shown in Figure 3c) can be profiled as teaching, learning and tech-

nology because it consists of terms, namely, paper, need, gai, work, concern, way, student 

learning, technology, teaching, and field. Similar to this, cluster 4 (as shown in Figure 3d) 

can be profiled as impact, case study, and assessment question. This is because cluster 4 

consists of terms, namely, teacher, AI tool, instructor, implication, ChatGPT, question, case 

study, time, university, and impact. While cluster 5 (as shown in Figure 3e) can be an issue 

for academic integrity because cluster 5 consists of terms, namely, authenticity, assessment, 

genai, process, issue, and academic integrity. In summary, the co- occurrence network anal-

ysis of the research (abstract) documents revealed that implication, active learning, concern, 

F I G U R E  2  Overlay visualisation of term co- occurrence map.
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framework, genai, integration, issue, academic integrity, and critical thinking are the emerg-

ing themes, while effectiveness and integration of AI (cluster 1), critical thinking and learning 

strategies (cluster 2), teaching, learning and technology (cluster 3), impact, case study, and 

assessment question (cluster 4), issue and academic integrity (cluster 5) are the five cluster 

profiles produced. To enable more detailed analysis and complement the co- occurrence 

analysis, this study implements and presents topic model results in the subsequent section.

Topic modelling

A crucial step in the LDA configuration is to determine the optimal value for alpha (α), 

Beta (β), and the number of topics (k). This study set the hyperparameters α and β as 

‘auto’ to enable the model to learn optimal asymmetric priors directly from the data during 

training. This process helps to control the sparsity and distribution of topics and words. 

To determine the optimal value of k, we produced the coherence scores (CV) in Figure 4 

(see Appendix A2), coherence scores (UMass) in Figure 5 (see Appendix A2) scores and 

perplexity scores in Figure 6 (see Appendix A2) for the number of topics (k) ranging from 

3 to 30. The coherence scores (CV) result shows that the model achieved optimality at 

k = 7 with a value of 0.32. This implies that k = 7 yields the highest semantic consistency 

among topic words relative to all other evaluated topics. The model produced the most 

coherent and interpretable topics at k = 7. Coherence score (CV) has been shown in 

prior studies (Lim & Lauw, 2024; Ogunleye et al., 2024b; Röder et al., 2015) as the metric 

that correlates with human interpretability, among others. Beyond k = 7, the coherence 

score (CV) declines or fluctuates without exceeding this peak, indicating that increasing 

the number of topics introduces topic fragmentation and reduces semantic clarity. This 

behaviour suggests that additional topics do not capture new meaningful structure but 

instead divide coherent themes into less interpretable subcomponents. The coherence 

F I G U R E  3  Co- occurrence network map of terms.
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score (UMass) shows marginal improvements at certain higher values of k (for example, 

k = 9 and k = 17). However, these differences are relatively small and do not outweigh 

the topic interpretability and stability provided by the coherence (CV) metric. Similarly, 

higher values of k produce redundant and noisy topics. The model exhibits overly broad 

topics, which limits the usefulness. The perplexity score decreases as the number of k 

increases. This trend is unsurprising, as perplexity tends to favour more complex models 

with a larger number of topics. We examined the topics produced when k is set at 5, 6, 

7, 8, 9, and 10 to determine the most interpretable terms. This study opted for a 7- topic 

configuration based on optimal coherence score (CV) and human interpretability. This 

paper summarises the evaluation scores of the 7- topic LDA model in terms of coherence 

score (CV and UMass), and perplexity in Table 4.

LDA topics

The results from the 7- topic LDA model are presented in Table 5. The results indicate 7 

distinct topics with 15 terms per topic. The terms are listed in order of their importance 

within each topic. In Figure 7 (see Appendix A2), we produced the terms with their weight. 

This, coupled with human interpretation, has been used to profile the topics for better 

understanding. In the subsequent section, this paper discusses each of the topics. This 

was achieved by thoroughly reviewing the research documents with high contributions 

within each topic.

Topic 1—Evaluation

Topic 1 terms like evaluation, review, enhance, support, and opportunity suggest en-

hancing student learning outcomes through reflection. Similarly, terms like learning, skill, 

knowledge, practice, thinking, and experience suggest student learning and reflection. 

While terms like challenge, literature, and course suggest education context. Based on 

these themes, Topic 1 can be profiled as ‘evaluation’. Topic 1 consists of publications that 

discussed how authentic assessment can be deployed by incorporating AI output evalu-

ation with elements of reflection. For example, Miserandino (2025) presented AI- enabled 

authentic assessments to promote realism and develop cognitive, creative, critical think-

ing, subject knowledge, and problem- solving skills. Miserandino's assessment strategy 

incorporated students' evaluative judgement of AI outputs. The strategies were classed 

into five categories, namely, ‘content knowledge and application’, ‘scientific inquiry and 

critical thinking’, ‘values in psychological science’, ‘communication, literacy and technol-

ogy’, and ‘personal and professional development’. The idea of content knowledge and 

application is to create questions around a particular subject or concept. Thereafter, 

students are required to prompt AI for a solution and then evaluate the AI output. The 

scientific inquiry and critical thinking involve using prompting strategies to invoke a con-

trarian thinking of a situation or to critique an assumption of a concept. The values in 

TA B L E  4  Evaluation of the LDA model.

Evaluation metrics Score

Coherence score (CV) 0.3242

Coherence score (UMass) −1.6446

Perplexity −3.5232
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psychological science entail using multiple AI systems to generate images based on 

certain characters and thus provide an evaluative and reflective summary of the out-

puts. The communication, literacy and technology strategy involves the investigation of 

the potential bias of AI output. While the personal and professional development entails 

evaluating AI outputs towards subject- specific job applications/descriptions. Moreover, 

Upsher et al. (2024) proposed three AI- enabled authentic assessment strategies, namely, 

peer learning, process folios, and the PAIR model. The peer learning strategy involves 

the peer evaluation of AI output in an authentic assessment. The peer evaluation pro-

cess helps refine students' critical evaluation abilities and heightens their metacognitive 

awareness. The portfolios are focused on laying emphasis on the learning journey over 

the outcome. While the PAIR model (originally developed by Acar, 2023) involves four 

key stages, namely, ‘problem formulation’, ‘AI tool selection’, ‘interaction with AI ’, and 

‘reflection/evaluation’. In the problem formulation stage, learners are required to define 

the problem they aim to address and subsequently, identify and choose an AI tool for 

their needs by evaluating the features of multiple AI systems. In the interaction stage, 

students experiment with the AI tool and finally assess and report their experiences with 

the AI system. Similarly, Chen et al. (2025) evaluated the use of an AI- enabled authentic 

assessment strategy implemented as a challenge- based learning through role playing as 

network engineers. In the assessment, students were tasked to research on the feasibility 

and implications of a full transition from IPv4 to IPv6. The assessment strategy involved 

five key stages, namely, problem formulation and understanding of requirement, inquiry, 

TA B L E  5  LDA topics identified.

Topic Terms Topic label

1 Evaluation, challenge, experience, enhance, 

skill, opportunity, process, review, practice, 

thinking, support, literature, knowledge, 

learning, course

Evaluation

2 Framework, skill, implication, analysis, 

challenge, implementation, development, 

environment, thinking, course, enhance, 

practice, result, knowledge, opportunity

Framework and skill development

3 Learning, thinking, concern, opportunity, 

experience, integrity, environment, enhance, 

application, implication, task, support, skill, 

question, literature

Teaching and learning methods

4 Practice, challenge, task, process, 

implementation, support, application, review, 

environment, literature, opportunity, analysis, 

issue, development, result

Review of practice

5 Application, response, challenge, skill, 

knowledge, practice, concern, opportunity, 

question, course, task, result, learning, 

thinking, process

Application of knowledge

6 Course, question, experience, development, 

process, educator, response, practice, 

result, framework, support, task, challenge, 

knowledge, environment

Course- specific assessment design

7 Integrity, educator, practice, challenge, 

issue, analysis, opportunity, concern, 

development, process, framework, review, 

skill, implementation, task

Academic integrity
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and retrieval of information from AI (with a focus on prompt engineering), critical analysis 

and validation of findings, synthesis of findings and production of a solution, and pres-

entation of the solution. Students are required to deliver an interim project progress log, 

which should detail the list of prompts and responses, critical analyses of AI outputs, and 

validation of information through credible sources. In addition, submit a 3- min video pres-

entation followed by an oral examination. Chen's assessment strategy received positive 

feedback from students. Lastly, Khojasteh et al. (2025) developed an academic writing 

self- assessment toolkit to evaluate feedback provided by an AI system to refine students' 

critical evaluation abilities and heighten their metacognitive awareness.

Topic 2—Framework and skill development

Topic 2 terms like framework, implementation, development, analysis, and implication sug-

gest framework or model implementation. Terms like skill, thinking, knowledge, practice, 

and course suggest skill development. While terms such as environment, challenge, result, 

opportunity, and enhance suggest application and improvement. Based on these themes, 

Topic 2 can be profiled as ‘Framework and skill development’. Topic 2 consists of publications 

that presented a framework and skill development model for the deployment of AI- enabled 

authentic assessment. For example, Donnelly and Kennelly (2024) developed the Inquiry 

and Academic Writing (IAW) framework for incorporating AI tools into academic writing as-

sessment tasks. The IAW framework is in four stages, namely, discover and plan, develop 

and revise, reflect and connect, and share learning. The discovery and plan stage involves 

brainstorming (including AI suggestions) and the development of the research idea. The de-

velop and revise stage involves working towards a draft responding to the assessment task. 

The reflect and connect stage involves reflecting on the learning and application experience, 

while the share learning stage provides the opportunity for students to conceptualise their 

learning for peer- presentation (in any agreed or acceptable format). Moreover, Sinnappan 

et al. (2025) presented the MetaC (metacognitive coursework assessment) framework to en-

able students to effectively leverage AI systems to improve their academic performance and 

cognitive skills. The focus is to enhance metacognitive skills in the context of using AI tools 

for written assessments. MetaC consists of components to develop key attributes, namely, 

planning, monitoring, and evaluation skills. The planning stage involves the objective defini-

tion in alignment with the assessment task requirement and identifying the role of AI (includ-

ing brainstorming and problem- solving). The monitoring involves the synthesis of work and 

feedback from AI tools, peers, or instructors for improvement. While the evaluation involves 

the reflective analysis and learning optimisation. The framework is developed for students 

to develop the skills to critically assess AI outputs, improve problem- solving abilities, and be 

able to integrate AI tools as part of a cohesive academic strategy. Similarly, Dwight (2025) 

used Villarroel's model (Villarroel et al., 2018) to design an AI- enabled authentic assess-

ment framework. The framework consists of four key steps, namely, workplace context, 

design assessment, judgement, and feedback.

Minagar et al. (2024) presented ALAN (assessment as learning authentic tasks for net-

working), a framework to automate the generation of authentic assessment tasks for stu-

dents. In their study, they discussed how ALAN was implemented to promote peer learning 

and academic integrity. Further to this, Thanh et al. (2023) employed Bloom's taxonomy as 

a guiding principle to create authentic assessments in the economics education context. 

Thereafter, they developed a framework to examine the effectiveness of AI systems in solv-

ing authentic assessments. Moreover, Pyakurel and Souppez (2025) used both employabil-

ity and global consciousness components to propose a conceptual framework for designing 

authentic assessment. In this era where academic integrity is of importance due to AI usage, 
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Pyakurel & Souppez stated that the concept of the employability component is that the au-

thentic assessment should be well aligned with the development of students' knowledge, 

skills, and behaviours (KSBs). While the focus of the global consciousness component is 

that authentic assessment should incorporate societal elements to help students be socially 

and globally conscious. They assert that this strategy not only mitigates the misuse of AI 

tools but also prepares students well for their career endeavours. Hsiao et al. (2023) devel-

oped a framework to identify design dimensions for redesigning authentic assessment. Their 

framework consists of six components, namely, course context and learning goals, function 

and focus, grading criteria, modes, authenticity, and administration. The course context and 

learning goals involve the analysis of how the use of digital tools aligns with the learning 

outcomes and impacts student learning. The choice of assessment type is dependent on 

the depth of cognitive skills aimed to be developed. In the function and focus stage, tutors 

need to determine if AI systems can help students in their assessment tasks or feedback 

processes. In this AI era, tutors must consider incorporating AI usage in multiple processes 

of the assessment deliverables for both formative and summative assessments, rather than 

the final assessment product/deliverable. The grading criteria discuss that grading should 

place greater emphasis on assessing the criteria related to the cognitive skills process of 

the assessment deliverable. The mode stage provides flexibility; however, tutors need to 

determine if a small group activity for an in- class session or an off- campus activity will help 

towards the learning outcomes. The authenticity indicates that tutors need to ensure that 

assessment follows the core principles of authentic assessment (realism, cognitive chal-

lenge, and evaluative judgement). The administration indicates that tutors need to undergo 

adequate training in understanding the characteristics and vulnerabilities of AI systems to 

promote responsible usage.

Topic 3—Teaching and learning methods

Topic 3 terms such as learning, thinking, experience, question, concern, and skill suggest 

reflection and metacognition. Terms such as application, task, and environment suggest 

hands- on experience learning. While terms such as support, enhance, opportunity, impli-

cation, and literature suggest scaffolding and research- informed practice. Based on these 

themes, Topic 3 can be profiled as ‘Teaching and learning methods’. Topic 3 consists of pub-

lications that discussed the teaching and learning methods employed to engage students, 

provide real- life problem- solving experience, and develop high- order thinking skills leading 

to authentic assessment. For example, Salinas- Navarro et al. (2024a) examined the integra-

tion of AI tools with authentic assessment and experiential learning to understand how the 

pedagogy strategy can enhance teaching and learning experience. For this purpose, they 

prompted AI tools for suggestions on the use of AI tools for experiential learning activities for 

the purpose of creating authentic assessments. They synthesised the AI outputs, and their 

findings suggest that AI tools are useful for generating real- life problem coursework, assess-

ment rubrics, scenario- based role- play assessments, automated peer review and feedback, 

and adaptive scenario- based assessments. Therefore, they concluded that AI tools should 

be deployed as agents to support experiential learning for authentic assessment.

Topic 4—Review of practice

Topic 4 terms such as practice, literature, support, environment, opportunity, and 

development suggest scaffolding and research- informed practice. Similarly, terms 

such as review, analysis, and suggest evaluation. Terms like implementation, process, 
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application, task, challenge, issue, and result suggest real- world problem- based learning. 

Based on these themes, Topic 4 can be profiled as ‘Review of practice’. Topic 4 consists 

of publications that discussed practices for implementing or mitigating AI use for authentic 

assessment. For illustration, Ramakrishnan et al. (2025) evaluated SQL programming 

assessment with and without the integration of an AI tool. They examined the impact of 

the AI- enabled authentic assessment, and their results showed that higher achieving 

students showed improved performance with the AI- enabled authentic assessment. 

However, it was less effective for students struggling with fundamental concepts. This 

is unsurprising as we envisage that students with surface learning might struggle more 

with AI- enabled assessment. Moreover, Khan et al. (2023) discussed the successful 

implementation and positive student feedback of their game- based and simulation learning 

for an AI redundancy authentic assessment strategy. O'Riordan et al. (2025) discussed the 

implementation of an interactive oral assessment strategy as an opportunity to mitigate the 

effects of AI, more importantly, as a reliable, valid, and authentic assessment approach. 

Similarly, Yung et al. (2024) showed that complementing interactive oral (synchronous) 

with reflective assessment is a valid and reliable authentic assessment method that 

stimulates high levels of engagement in this AI era. The interactive oral process involves 

students attending a synchronous interactive oral activity, which is different from a 

question- and- answer presentation. These are natural conversation prompts tailored 

around an authentic scenario. Thus, authors including Hughes et al. (2025) recommend 

the deployment of synchronous (live) online presentations as an authentic assessment 

strategy.

Topic 5—Application of knowledge

Topic 5 terms such as application, process, task, challenge, result, response, course, 

suggest real- world problem- based learning, while terms such as practice, concern, op-

portunity, learning, thinking, question, skill, and knowledge suggest reflection and meta-

cognition. Based on these themes, Topic 5 can be profiled as ‘Application of knowledge’. 

Topic 5 contains documents that lay emphasis on evidencing and assessing students' 

application of knowledge in AI- enabled authentic assessments. From the students' per-

spective, Alshwiah (2024) stated that students acknowledge that AI enhanced their appli-

cation of knowledge in their AI- enabled assessment task processes. Fatima et al. (2024) 

provided a commentary report on AI- enabled authentic assessment strategies in the 

medical education context. They discussed various opportunities to apply theoretical 

knowledge to a practical simulated patient scenario. Fatima et al. focused more on the 

use of virtual reality and augmented reality simulations to create patient scenarios (as 

a case study) for immersive practice. Thereafter, students are required to analyse and 

evaluate the situation to make informed decisions or treatment/diagnosis. Furthermore, 

Reimer (2024) discussed the use of AI as a collaborator in authentic assessment de-

signs. Reimer's exploratory study identified key factors to consider when incorporating AI 

into authentic assessment designs, namely, assessment priorities, rubrics, context, layer, 

communication, equity, critical thinking, and reflection. The author reinforces the need to 

use assessment rubrics as a tool (by incorporating the criteria) to evaluate the quality of 

AI- generated content critically and the application of theoretical knowledge to practical 

scenarios. Further to this, Bannister et al. (2025) presented the development and ap-

plication of the PANDORA GenAI Susceptibility Rubrics to assess the susceptibility of 

assessments to the undeclared use of AI tools.
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Topic 6—Course- specific assessment design

Topic 6 terms such as course, educator, practice, experience, environment, development, 

process, framework, support suggest pedagogy design, while terms such as knowledge, 

challenge, question, task, response, result suggest assessment. Based on these themes, 

Topic 6 can be profiled as ‘Course- specific assessment design’. Topic 6 publications provide 

course- specific AI- enabled authentic assessment. For example, Elson et al. (2025) em-

bedded ChatGPT into their coursework assessment. The AI- enabled assessment strategy 

involves the use of ChatGPT to solve conceptually challenging physics problems and also 

write Python code. Students are required to critically assess ChatGPT's approach at each 

step and guide it towards the correct solution. The results of the approach suggest that stu-

dents attained comparable grades to the previous year, where AI was not embedded in the 

assessment. More importantly, findings showed that markers should pay attention to how 

students interpret and steer the AI outputs. Sakzad et al. (2024) proposed process- driven 

diverging assessment as an AI- enabled authentic assessment strategy. Their study argued 

that randomising questions (from a large pool of questions) for each student has been suc-

cessful in assessing learning in an online environment. However, in this AI era, they propose 

a process- based assessment that uses the same set of questions for all students but ran-

domises the input to implement the authentic assessment tasks in which AI is adopted as 

an assistant. Kizhakkethil and Perryman (2024) required students to compare and evaluate 

the search results of AI against the library database. Thereafter, they analysed students' 

perspective of general use of AI and incorporating AI in their authentic assessment. Their 

findings showed that students were impressed with the output of AI but cautious. More spe-

cifically, students were concerned about reliability, lack of transparency, and over- reliance 

upon the technology. They stated that there is a need for continuous critical evaluation of AI 

outputs and awareness of ever- changing limitations of the systems, including the inability to 

cite AI- generated content.

Topic 7—Academic integrity

Topic 7 terms such as integrity, concern, issue, and challenge suggest integrity and ethi-

cal issues. Similarly, terms such as educator, practice, review, analysis, and opportunity 

suggest review of practice. While terms such as framework, development, implementation, 

task, process, and skill suggest framework development. Based on these themes and the 

high weight of the term integrity, Topic 7 can be profiled as ‘Academic integrity’. Topic 7 

consists of documents that examined the design of AI- enabled authentic assessment with 

emphasis on academic integrity. In this AI era, academic integrity has been identified as 

one of the key research areas (Qi & Zhu, 2024). Lehane and Wright (2024) performed a 

SLR to examine the impact of authentic assessment design on academic integrity. Their 

findings suggest that the use of authentic assessment improved students' engagement with 

the module, their employability skills, and fostered academic integrity. Furthermore, Martin 

et al. (2025) examined academic integrity while implementing AI- enabled authentic assess-

ment using two student groups. Their assessment task required students to create a blog 

that summarises and critically evaluates (including critical reflection) an empirical research 

article on mental health. In the first group, students were required to use AI tools to assist 

with drafting the blog; thereafter, they were required to evaluate and reflect on the AI output. 

This first student group was named the compliant group. The second group, named the un-

restricted group, were allowed the use of AI throughout the assessment process, including 

producing the entire assessment solution. The findings of Martin et al. suggest that the un-

restricted group achieved limited success in using AI to provide the entire/adequate critical 
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reflection. Their study showed their assessment strategy promotes engagement and critical 

skills development; more importantly, it provides an opportunity for maintaining assessment 

integrity. Davey et al. (2025) argued that AI- assisted assessment delivered as an interac-

tive oral examination ensures academic integrity. However, it requires adequate scaffolding 

and implementation strategies. Rasul et al. (2024) proposed an academic integrity frame-

work that consists of eight strategies for maintaining academic integrity in higher education. 

Rasul et al.'s framework focused on three stakeholders, namely, students, educators, and 

institutions. Their framework highlighted engaging in collaborative learning, enhancing criti-

cal thinking skills, and improving AI literacy as key strategies for empowering students for 

integrity. Similarly, the framework identified innovative pedagogical/assessment approaches 

(project- based assessment, authentic assessments, and adaptive learning) and participat-

ing in development programmes as key strategies for equipping educators for integrity. 

While technological infrastructure, a clear GenAI policy, and creating a culture of academic 

integrity were key elements for institutions.

DISCUSSION

This section addresses the two research questions as follows:

RQ1. How are academics embedding AI into authentic assessments?

The findings from the evidence synthesis revealed four pathways of embedding AI into 

assessments, namely, output evaluation, brainstorming and process, experiential learning, 

and scenario/simulation analysis. The concept of AI output evaluation involves utilising the 

AI system to perform the assessment task. Thereafter, the output from the AI can then be 

evaluated. The evaluative judgement of the AI output can be delivered in various ways. For 

example, by analysing the potential bias of AI output or the use of prompt strategies to invoke 

a contrarian thinking of a situation or critique an assumption of a concept. The brainstorming 

and process pathway involves utilising the AI system in different stages of the assessment 

deliverable (rather than using the AI output). This implies that emphasis is laid on the learn-

ing journey over the outcome. In this way, the AI system is used for planning (development of 

ideas), providing feedback on draft work, and is deployed for implementation. Furthermore, 

the experiential learning pathway involves using AI systems to create various learning ac-

tivities, and the end product can be received through journaling. The final approach we 

discovered in literature was the use of AI to create scenarios/simulations. This offers aca-

demics opportunities to create near- real- world scenarios that would typically be difficult to 

achieve without AI and test students on them. This approach also opens up opportunities 

for personalised learning, where each student could be assessed on unique scenarios/case 

studies. It also provides opportunities for the creation of various formative assessments that 

the students could engage with to develop their skills and learn the subject matter. Table 6 

below presents our findings and maps them to relevant literature.

RQ2. What AI- enabled authentic assessment frameworks exist to guide aca-

demics in the design of assessments?

As discussed in Sections ‘Topic 1—Evaluation, Topic 2—Framework and skill develop-

ment, Topic 3—Teaching and learning methods, Topic 4—Review of practice, Topic 5—

Application of knowledge, Topic 6—Course- specific assessment design’, the results of this 

study identified five key frameworks that academics could use to design AI- enabled authen-

tic assessments, namely, ALAN (Assessment as learning authentic tasks for networking), 
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IAW (Inquiry and Academic Writing), MetaC (Metacognitive Prompting), improved Villarroel's 

model, and Bloom's taxonomy. In Table 7, we present a summary of the frameworks, and 

analyses of the frameworks are discussed in the next subsection.

Analysis of existing AI- enabled authentic assessment frameworks

The IAW framework developed by Donnelly and Kennelly (2024) was developed as part of 

a CPD course to help academics (in business and education disciplines) with the design 

of assessments that support students' writing by creating a stage- by- stage process for 

learning. With this framework, academics take students through an incremental process of 

learning underpinned by active learning tailored specifically for their module. The frame-

work is primarily focused on academic writing and attempts to shift the focus of academics 

from simply assessing the final output to emphasising the process of learning at different 

stages, thus helping to avoid the inappropriate use of AI in writing. Although innovative in 

its own right, this approach to assessment might not be appropriate to all subject areas 

TA B L E  6  Classification of AI- enabled authentic assessment strategies.

Strategy Description Literature

AI output evaluation This involves the process where the AI tool is 

required to perform the same assessment task 

as the student. Thereafter, the AI output and the 

human (student) output are critically evaluated. 

This can be delivered in the form of a reflective 

report, comparative analysis, or peer reflection in 

a group work assessment. This process is shown 

to enhance the development of innovation

Antoniou 

et al. (2025), 

Farrell (2024), 

Kizhakkethil and 

Perryman (2024), 

Martin et al. (2025), 

Miserandino (2025), 

Upsher et al. (2024)

Brainstorming and process This involves the active use of AI tools for 

assessment task processes Students are 

required to provide or maintain a prompt 

diary detailing their engagement with the AI 

tool. Examples of AI roles include new idea 

generation, enquiry/feedback on a process, 

paragraph development, writing partner, draft 

reviewer (peer review), reflection assistance 

through feedback, and collaborator (students as 

partners). The assessment can be delivered as 

a critical report, coursework report, reflective 

report, self- assessment report, portfolio, or 

journal

Abbasnejad 

et al. (2025), Elson 

et al. (2025), Foung 

et al. (2024), Hatley 

and Penny (2024), 

Ping et al. (2025), 

Sakzad et al. (2024), 

Upsher et al. (2024)

Experiential learning This is the process where an AI tool is integrated 

with experiential learning activities for authentic 

assessment The end product can be delivered 

as a blog, portfolio through journaling, reflective 

essay, or report. Examples of AI roles include 

peer reviewer, reflection assistance through 

feedback, AI evaluation, and collaborator

Chen et al. (2025), 

Martin et al. (2025), 

Salinas- Navarro 

et al. (2024a, 2024b)

Scenario/simulation analysis This process involves the use of AI to create 

various practical scenarios or simulated 

scenarios (for example, representations of 

characters, virtual reality, and augmented reality 

patient scenarios). Thereafter, students are 

to analyse and evaluate the situation to make 

informed decisions (or treatment/diagnosis)

Fatima et al. (2024), 

Miserandino (2025)
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and often requires the academic to make changes to the delivery of existing modules. 

This might be difficult because making changes to existing module plans and how they are 

taught and assessed might not always be possible, especially in institutions where these 

changes need to be submitted well ahead of the module being taught (in some cases, year 

1). The MetaC framework by Sinnappan et al. (2025) focused on enhancing metacogni-

tive skills of planning, monitoring, and evaluation for effective use of AI tools in written 

assessment. Although validated by 21 academic experts, the framework was specifically 

developed to help students improve critical thinking, academic performance, and struc-

tured feedback while incorporating AI in university- level assessment. There is a general 

suggestion of mapping the planning, monitoring, and evaluation skills from a disciplinary 

perspective. However, it is not clear from the original research how this framework could 

be adopted for effective AI- enabled assessment development. Minagar et al. (2024) pre-

sented ALAN, a framework to automate the generation of authentic assessment tasks for 

computer network students. In their study, they discussed how ALAN was implemented to 

promote peer learning and academic integrity. Although Minagar et al. indicated that AI can 

be used in an assistive mode, the framework did not detail an explicit integration. Further 

to this, Reimer (2024) discussed the use of Bloom's taxonomy and AI as a collaborator in 

authentic assessment designs for social work education. Reimer identified key factors to 

consider when incorporating AI into authentic assessment designs, namely, assessment 

priorities, rubrics, context, layer, communication, equity, critical thinking, and reflection. 

Furthermore, Dwight (2025) improved on Villarroel's model to design an AI- enabled au-

thentic assessment framework for cybersecurity education. The framework consists of four 

key steps, namely, workplace context, design assessment, judgement, and feedback. This 

framework focused on an iterative approach, such that once the assessment has been de-

signed, students work on a task (creation of attack trees) based on a manual process and 

also using AI, then compare the results from these for a period of 4 weeks, with informal 

feedback provided weekly during tutorial sessions. While the generalisation of results from 

the study is limited in that the framework has only been used for one assignment, it does 

offer an interesting approach to AI- enabled authentic assessments that could potentially be 

used beyond simply the cybersecurity domain.

Although all the frameworks reviewed have their merits and uses, they all focus on a spe-

cific aspect of AI- enabled authentic assessment, with none providing a truly holistic view of 

what is possible when exploring the use of AI in assessment design. An academic seeking 

to embed AI into their assessment should be able to make informed decisions about how 

to embed AI into their assessment without having to read through various case studies and 

TA B L E  7  Summary of AI- enabled Authentic Assessment Framework.

Framework Description Literature

ALAN (Assessment as learning 

authentic tasks for networking)

A framework to automate the generation of an 

authentic assessment task

Minagar 

et al. (2024)

IAW (Inquiry and academic 

writing)

A framework developed to design AI- enabled 

authentic assessment specific to academic writing

Donnelly and 

Kennelly (2024)

MetaC (Metacognitive 

coursework assessment)

For the development of authentic assessment by 

integrating planning, monitoring, and evaluation 

skills, with a focus on AI generative tools

Sinnappan 

et al. (2025)

Villarroel model (updated 

version)

Adapted Villarroel's model for the development of 

AI- enabled authentic assessment

Dwight (2025)

Bloom's taxonomy For the development of authentic assessment Chen 

et al. (2025), 

Reimer (2024)
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research literature. A framework that should provide academics with the entire picture of 

what is possible and has been successfully deployed, with the opportunity to choose from 

the toolkit/framework based on specific relevant aspects. AI is a rapidly developing technol-

ogy, and its use and adoption in academia for assessment is growing and will change over 

time. Many of the existing frameworks do not fully address all that is required for an assess-

ment to be fully AI- enabled and, in most cases, speak only to one case study, thus confining 

it to only a type of way that AI- enabled authentic assessments can be done. This paper pres-

ents in Table 8 an analysis of the existing framework using six dimensions, namely, scope, 

focus, AI- pedagogical role, AI integration options, cognitive engagement, and implemen-

tation guidance. The dimensions were adapted from prior studies (Kickbusch et al., 2025; 

McCauley et al., 2025; Ouyang & Jiao, 2021; Powell & Forsyth, 2024; Su et al., 2026). The 

scope dimension refers to the discipline the framework has been developed or applied. 

The focus dimension refers to the primary direction of the assessment framework. The AI- 

pedagogical role dimension refers to the function the AI assumes within the learning and 

assessment process ranging from passive to active and interactive pedagogical agent to 

align with learning theories and outcomes (Alqarni, 2025; McCauley et al., 2025; Salinas- 

Navarro et al., 2024a, 2024b). The AI integration options dimension refers to the extent and 

ways in which the AI is embedded within the assessment framework. This is important to 

demonstrate the intentional and structured integration of AI system to align assessment with 

real- world practices (Kickbusch et al., 2025). The cognitive engagement dimension refers 

to the depth of learners' intellectual involvement, encompassing higher order thinking and 

metacognitive processes. This is important as the assessment framework must elicit critical 

analysis, evaluation, and reflective interaction to overcome surface- level task completion 

(Kickbusch et al., 2025; Peters & Angelov, 2025). The implementation guidance and trans-

parency dimension examines if transparency and guidance were provided on adopting the 

framework in practice. Lastly, this paper adopts the dimension scoring scale used in the 

study of McCauley et al. (2025) namely, not addressed, partially addressed, and fully ad-

dressed to score the existing framework in Table 8.

As given in Table 8, there is no existing framework that comprehensively addresses all di-

mensions. In particular, the AI integration options and scope remain underdeveloped, which 

motivated the development of our DAD (Deployment options, AI role, and Deliverables) 

conceptual framework. Our framework advances existing literature by moving beyond frag-

mented, discipline- specific, and tool- focused approaches towards a holistic, flexible, and 

pedagogically grounded model. By explicitly defining AI roles, integrating multiple learning 

approaches, and aligning deliverables with process- oriented assessment design, it provides 

a scalable strategy for the development of AI- enabled authentic assessment. To this end, 

this study presents in Figure 8 the DAD conceptual framework for the development of AI- 

enabled authentic assessment.

The proposed DAD conceptual framework highlights three key areas, namely, deployment 

options, AI role, and expected deliverables from students. At the deployment options stage, 

we identified diverse learning modalities (as given in Table 6) through which academics are 

embedding AI into their assessment. By providing these as an initial starting point in our 

framework, it serves as a lens through which academics seeking to embed AI into their as-

sessment can start to explore what is possible. Furthermore, at the AI Role, tutors are able 

to determine the role that AI should play in the assessment. Our results identified solution 

development, AI- as- a- learning tutor (reviewer/feedback provider), in- class support (support-

ing learning), creator, and role playing as the main roles AI can be utilised in this stage. It 

is important to highlight that although some AI roles flow naturally with certain deployment 

options, where possible, tutors are able to choose any deployment option and choose the 

role that they wish AI to play (this implies one- to- many options). Finally, at the deliverable 

stage, tutors have to decide on the expected output that students will eventually submit to be 
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TA B L E  8  Analysis of existing frameworks.

Dimension

ALAN (Minagar 

et al., 2024)

IAW (Donnelly & 

Kennelly, 2024)

MetaC (Sinnappan 

et al., 2025)

Updated Villarroel 

(Dwight, 2025)

Use of Bloom's 

taxonomy 

(Reimer, 2024)

Scope Discipline- specific Discipline- specific General Discipline- specific Discipline- specific

Focus Authentic task Staff development AI prompting Authentic task Authentic task

AI- pedagogical role Not addressed Partially addressed Partially addressed Fully addressed Not addressed

AI integration options Not addressed Partially addressed Partially addressed Partially addressed Partially addressed

Cognitive engagement Not addressed Fully addressed Fully addressed Partially addressed Fully addressed

Guidance for implementation Fully addressed Fully addressed Partially addressed Partially addressed Partially addressed

 20496613, 2026, 2, Downloaded from https://bera-journals.onlinelibrary.wiley.com/doi/10.1002/rev3.70206 by NICE, National Institute for Health and Care Excellence, Wiley Online Library on [03/08/2026]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License



22 of 31 |   OGUNLEYE et al.

assessed. This agrees with the study of Kickbusch et al. (2025) that concluded assessment 

deliverable should evidence learning by situating them within a richer tapestry of process 

and reflection.

Limitations

The documents retrieved for the analysis are towards authentic assessment in higher 

education and not broad assessment. This implies that only assessment with focus on 

authenticity has been considered and thus, in terms of generalisation, academics, readers, 

educational policy makers, and education providers should take caution of this limitation. 

Secondly, in contrast to traditional methods like content analysis for synthesising literature, 

this study utilised a probabilistic topic model to uncover the hidden themes within the 

research documents. Thereafter, this paper reviewed empirical findings of the documents 

with high contribution within each topic. This implies that out of the 103 documents used for 

the analysis, findings from the documents with low topic contribution were not considered. 

F I G U R E  8  Proposed DAD conceptual framework for AI- enabled authentic assessment.
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More importantly, the DAD conceptual framework does not account for learners' differences 

(for example, AI literacy levels) and, as such, users should provide adequate scaffolding 

support to cater to this.

CONCLUSION

This study set out to analyse AI- enabled authentic assessment strategies through evi-

dence synthesis. We analysed 103 documents collected from seven databases using 

term co- occurrence analysis and TM. The results from the co- occurrence network map 

showed emerging themes are academic integrity, active learning, concern, critical think-

ing, framework, GenAI, implication, integration, and issue. Further to this, the network 

map produced five main clusters, namely, effectiveness and integration of AI (cluster 

1), critical thinking and learning strategies (cluster 2), teaching, learning and technology 

(cluster 3), impact, case study and assessment question (cluster 4), issues, and academic 

integrity (cluster 5). While the TM results suggest themes such as evaluation, framework, 

and skill development, teaching and learning methods, review of practice, application of 

knowledge, course- specific assessment design, and academic integrity. The results of 

the qualitative synthesis of literature within the topics showed that frameworks (as given 

in Table 7) do exist to guide academics in the preparation of AI- enabled authentic assess-

ments but are limited in the AI integration options and scope. Thus, this study proposes 

the DAD conceptual framework for AI- enabled authentic assessment (shown in Figure 8) 

to organise knowledge and guide the future design and empirical testing, aligning claims 

with evidence. To conclude, key recommendations from this study are summarised as 

follows:

• While ensuring learning outcomes are being achieved, academics should also ensure that 

assessment fulfils the core principles of authenticity (realism, cognitive challenge, and 

evaluative judgement) and the assessment task should be well aligned with the develop-

ment of students' knowledge, skills, and behaviours.

• Academics should consider incorporating AI in multiple phases of the assessment deliv-

erables for both formative and summative assessments.

• The assessment marking rubrics should place greater emphasis on assessing the criteria 

related to the cognitive skills process of the assessment deliverable

• To adopt the output evaluation, academics need to consider layers of assessment tasks 

during the assessment design.

• Academics need to undergo adequate training in understanding the characteristics and 

vulnerabilities of AI systems to promote responsible usage.
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