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ABSTRACT

Artificial intelligence (Al) is reshaping higher education and potentially the recognition of prior
learning (RPL) by enhancing assessment processes, ensuring fairness and expanding access to adult
learners. This study explored a new and fairly under-researched area that focuses on Al’s role in
supporting adult learners, who enter higher education through alternative pathways, by automating
the evaluation of portfolios and improving the accuracy of assessments. It also focused on Al's role in
supporting personalised learning pathways. It examined key digital approaches, ethical
considerations and the challenges of integrating Al-driven tools in the RPL and adult learner context.
The study, framed within constructivist learning theory, highlighted Al's potential to tailor learning
experiences based on prior knowledge. The constructive alignment of adult learning principles and
Al was explored. Reflective thematic analysis was used to identify transformative tools, digital
support, student empowerment and academic upskilling as key themes throughout this study. The
findings indicate that Al, with ethical safeguards in place, could streamline and enhance RPL
processes and render assessments more efficient, transparent and equitable.
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Introduction

Recent developments with artificial intelligence (AI) in higher education have both
significantly and rapidly had an impact on conventional teaching, learning and assessment
practices, thus opening numerous channels of engagement with Al-related tools and
applications (Popenici & Kerr, 2017). Al-driven technologies, such as natural language
processing (NLP), machine learning (ML) and generative Al, are enhancing the personalisation
of education by improving the accuracy of assessments and by providing real-time support to
students (Soundarya et al., 2025; Vetrivel et al., 2025). Existing scholarship has extensively
explored the integration of Al in higher education, focusing on its applications, benefits,
challenges and transformative potential (Pedro etal., 2019). The use of Al in higher education
institutions (HEIs) across multiple disciplines has evoked an astonishing range of possibilities
and opportunities for teaching and learning practices in dentistry (Shan et al., 2021),
mathematics (Lee & Yeo, 2022), physics (Chung et al., 2025) and economics (Ruiz-Real et
al., 2021). The perspective of this work is based on the synthesis of current research findings
to provide a comprehensive understanding of Al’s impact on higher education from an adult
learning standpoint.

Al applications include adaptive learning systems, automated assessment and feedback,
intelligent tutoring systems and predictive analytics (Gupta et al., 2022). Al-driven tools
personalise learning experiences by analysing student data to adjust the presentation of
content or the mode of delivery, in these ways enhancing a student’s engagement and
comprehension (Galindo-Dominguez et al., 2024). In an independent study, the causal
feedback mechanisms of Al transformation in a typical higher education institution (HEI)
setting were mapped using a causal loop diagram (CLD). The findings of that study showed
that these systems can identify individual learning styles and provide customised resources to
meet diverse student needs (Katsamakas et al., 2024).

In this study, the term ‘learning styles” is used not as a predictor of learning outcomes but as a
conceptual lens through which to acknowledge the diversity of the ways in which adult learners
engage in constructing knowledge in recognition of prior learning (RPL) processes and in their
university studies (Knowles, 1978). It is important to note that, here, ‘learning styles’ refers to
the varied orientations and strategies adult learners bring to navigating RPL rather than a strict
matching tool for instruction. Al tools have been applied to facilitate efficient grading and
feedback mechanisms, particularly in large-scale courses (Mahapatra, 2024). Another research
study explored Al applications in various areas of professional and knowledge work. Specific
attention was paid to emotions and the role they play in integrating the use of technology in the
workplace. The findings indicated that, by automating routine assessment tasks, educators can
allocate more time to interactive and personalised teaching activities (Eshraghian et al., 2024).
Another interesting application to advance higher education is the use of Al-powered tutors
that offer real-time assistance by guiding students through complex problem-solving processes
and by adapting to their learning pace (Chan & Tsi, 2023).
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Collectively, these systems or applications have been shown to improve student performance
and retention rates (Kamalov et al., 2023). In addition, Al can align academic and behavioural
data to forecast student outcomes and enable early interventions for those students at risk of
underperforming (Krause et al., 2024). This proactive approach supports student success and
institutional effectiveness. It is well known that student learning abilities are unique and
diverse. Therefore, given the advances of the Fourth and Fifth Industrial Revolutions, it is
necessary to have a multi-layered approach that will cater to the diversity and learning needs
of students (Lubinga et al., 2023).

Al in higher education also offers students the opportunity for personalisation, as it enables
the tailoring of educational experiences to individual student needs, which promotes deeper
understanding and motivation (Loos, Gropler & Goudeau 2023). It can also increase
efficiency by automating administrative and instructional tasks, which tends to reduce the
workload of educators, allowing them to focus on pedagogical innovation and research
(Alimardani, 2024). Furthermore, Al tools can increase accessibility by providing support for
students with disabilities in the form of alternative formats and personalised assistance to
enhance learning inclusivity (Einarsson et al., 2024).

AT’s integration with higher education is not merely a technological enhancement but a catalyst
for systemic transformation in the digital era. It encourages a shift towards more learner-centred
approaches, fosters innovation in curriculum design and promotes the development of digital
literacy skills that are essential for the modern workforce (Krause et al., 2024). The current
body of research indicates that, although Al offers substantial benefits to higher education, its
successful implementation requires careful consideration of ethical, practical and pedagogical
factors (Galindo-Dominguez et al., 2024). Ongoing collaboration among educators,
technologists, policymakers and students is essential to harness Al’s potential responsibly and
effectively (Loos et al., 2023). In recognition of the advances made by Al in higher education,
the purpose of this article is to enhance an understanding of the ways in which Al can be
applied in the context of RPL and adult learning.

This article is structured as follows: first, key research questions are outlined. Subsequently,
the theoretical framework grounding this discussion is introduced, situating Al within the
constructivist learning theory. This is followed by a discussion of the qualitative
methodology employed to analyse Al’s role in RPL. The study then examines the
intersection of Al and RPL in the context of adult learners and discusses the transformative
potential of Al-driven assessments, while considering the ethical and practical implications.
The discussion section expands on how Al can be leveraged for personalised student
support; it is followed by recommendations for best practices and alignment with adult
learning principles. The discussion includes essential themes such as the purpose and
benefits, practice and ethical use of Al in addition to the impact of Al on RPL and the
adult learning domain. Although the aim is not to advocate one point of view over another,
the goal is to foster a comprehensive discourse that embraces and informs a balanced
perspective on the use of Al in RPL practices (Butson & Spronken-Smith, 2024). In
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particular, it explores the potential impact that the use of Al could have on adult learners
from marginalised and disadvantaged backgrounds.

Recognition of prior learning through an artificial intelligence lens

For many adult learners, RPL is a gateway to higher education and provides recognition of
informal and non-formal learning gained through work experience, self-directed learning or
vocational training. However, the manual nature of traditional RPL — which relies heavily on
subjective evaluations, extensive documentation and institutional bureaucracy — often creates
barriers to accessing higher education (Kizito, 2006). It is proposed that Al can streamline
RPL processes by automating the assessment of prior learning, enabling faster, fairer and
more transparent evaluations.

Therefore, the research focus of this study was on critically examining the role of Al in RPL
and assessing the way in which Al-driven technologies can enhance assessment accuracy,
fairness and efficiency while maintaining the integrity of human judgement in evaluating
prior learning. This article explores the following key areas:

The potential benefits of Al-driven RPL assessment;
Ethical challenges and concerns related to bias, transparency and data privacy;
Best practices for integrating Al into RPL frameworks, and

RN =

The future of Al in supporting adult learners who navigate RPL processes.
The key research questions identified in this study were:

1. How can Al enhance the assessment and validation processes in RPL?

2. What are the ethical implications of using Al in RPL assessments?

3. How can Al-driven tools be integrated into adult learner support systems within
RPL frameworks?

4. What are the future directions for Al in RPL, and how can it support equitable
access, student success and inclusive lifelong learning for adult learners?

Al offers promising advancements for RPL by enabling the automated assessment of prior
learning, reducing subjectivity in evaluations and providing personalised learning pathways.
Al-powered tools such as ML algorithms, NLP and predictive analytics have the potential to
streamline RPL assessments, making them more consistent, objective and scalable. However,
concerns about fairness, the ethical use of Al and the role of human evaluators in Al-mediated
assessments must be carefully dealt with to ensure that Al serves as an enabler of, rather than
a replacement for, human judgement (Al-Zahrani & Alasmari, 2024).

The use of Al in the RPL domain is not without challenges and there are ethical considerations

that must be used to drive this innovation. These challenges include the extensive use of
student data that necessitates robust measures to protect privacy and ensure ethical data-
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handling (Roivainen, 2023). Another challenge is that Al systems can unintentionally
perpetuate biases encoded in their training data, resulting in unfair or discriminatory
outcomes (Katsamakas et al., 2023). To mitigate these risks, continuous monitoring,
contextual validation and algorithmic auditing — periodic model retraining — are essential
(Chan & Tsi, 2023).

Furthermore, the proliferation of Al-generated text introduces new challenges in maintaining
academic integrity, because learners may misuse Al tools to produce or substantially enhance
their submissions (Mahapatra, 2024). In an attempt to counter this, institutions are adopting
Al-detection software; for example Turnitin now integrates an Al-writing report in its similarity
checker. This tool flags Al-generated or Al-paraphrased text in two categories and suppresses
low-level alerts (< 20%) to reduce false positives. However, according to some scholars, Turnitin
clearly states it is not infallible; therefore, the results cannot be treated as definitive proof of
misconduct. Instead, institutions are expected to interpret the findings in the light of academic
integrity policies, disciplinary guidelines and professional judgement. In practice, this means
that Al-detection results should serve as one piece of evidence within a broader evaluative

process rather than as a stand-alone determinant of academic dishonesty (Ibrahim et al., 2025).

Critically, since its April 2023 release, Turnitin has evolved its system by updating thresholds,
enabling paraphrase detection and expanding language support (including for Japanese and
Spanish texts). Yet it acknowledges limitations in the case of near-human writing, hybrid
Al-human mimicry and the risk of misflagging English second-language work. Given these
constraints, no Al detector should be used as a stand-alone tool for making decisions about
academic misconduct; rather, it should prompta deeper review that is aligned with transparent
institutional policy and educator oversight.

An interesting parallel is Grammarly’s emerging ‘Authorship’ feature, which now distinguishes
between Al-generated, Al-edited and human-typed text, offering users context and
transparency about Al usage. Tools such as this emphasise the supportive, not the punitive,
use of Al technology — fostering integrity while acknowledging the evolving academic
ecosystem (Rao & Al-Obaidi, 2025).

Theoretical framework: Constructivist learning theory and artificial
intelligence in recognition of prior learning

This study is underpinned by the constructivist learning theory (CLT), according to which
learning is an active contextualised process in which individuals construct new knowledge
based on their prior experiences and interactions with their environment (Piaget, 2005;
Vygotsky, 1978). In the context of RPL, constructivism provides a robust foundation for
understanding how adult learners integrate and apply previous knowledge to formal learning
experiences. Recent scholarship, post-2022, has expanded our understanding of the way
generative Al (GenAl) platforms align with constructivist learning principles in adult education.

Adarkwah (2024) highlights the GenAl-infused Adult Learning Ecology (GenAI-ALE)
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framework, which demonstrates how tools such as ChatGPT and Midjourney enable adult
learners to engage actively with personalised learning pathways and to construct new knowledge
in authentic contexts.

Similarly, Storey and Wagner (2024) discuss the ways generative Al tools foster metacognitive
awareness and self-regulation by prompting learners to articulate their thinking and refine their
understanding — key tenets of constructivist learning. Laupichler et al. (2022) further emphasise
the need for Al literacy in higher education and suggest that integrating Al with adult learning
environments can scaffold reflective and collaborative learning processes when approached with
pedagogical intentionality. These emerging studies reinforce the reality that GAI can serve as an
enabler of constructivist learning and support learners in contextualising, adapting and building
on prior knowledge. Consequently, the inclusion of these recent insights, together with
foundational constructivist theories, strengthens the rationale for exploring Al within RPL
frameworks as a means to support inclusive, active and personalised adult learning.

The integration of Al in RPL assessment and learning aligns with constructivist principles
by facilitating personalised, adaptive and self-directed learning pathways (Siemens, 2005).
Al-driven tools can align prior learning, offer real-time feedback and provide customised
learning interventions to ensure that adult learners engage in meaningful self-regulated
learning experiences. Let us consider the following theoretical viewpoints. One of the key
tenets of constructivist learning is that learners must actively engage with content, reflect
on their understanding and apply knowledge in authentic contexts (Jonassen & Rohrer-
Murphy, 1999). Al-powered adaptive learning platforms align with these principles by
tailoring instruction based on learner progress, prior knowledge and learning preferences.
For example, intelligent tutoring systems (ITSs), such as Carnegie Learning’s MATHia and
Knewton Alta, use ML algorithms to assess learners” strengths and weaknesses and adjust
instruction dynamically (Ma et al., 2014).

In an RPL context, similar Al-driven systems can analyse portfolios and experiential
learning narratives to identify competencies. Based on these learning gaps, Al tools can
identify and recommend tailored learning modules to fill knowledge gaps. Further to this,
scaffolding the learning processes through Al-based tutors can be offered to provide just-
in-time support, taking the technology-enhanced implementation of RPL to greater
heights. By incorporating constructivist Al tools, RPL processes are able to validate and
build upon learners existing knowledge, ensuring a learner-centred, contextualised
assessment of prior learning (Ouyang, Zheng & Jiao, 2022).

The role of social constructivism can be used effectively to make sense of Al and scaffolding
in RPL. This is because Vygotsky’s (1978) social constructivist theory highlights the
importance of social interaction and scaffolding in knowledge construction (Vygotsky, 1978).
When effectively integrated with digital learning environments, the theory can facilitate peer
collaboration, mentorship and guided learning — essential components of constructivist

learning (Okunlaya, Syed Abdullah & Alias, 2022).
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For instance, collaborative Al-powered platforms such as IBM Watson Education and
Microsoft Teams Al Insights can align discussions and suggest relevant resources to support
group learning (Jose, 2024; Holmes et al., 2018). In an RPL setting, Al can:

e Support peer review processes by providing automated feedback on written
reflections;

*  Facilitate expert mentoring by matching learners with industry professionals based
on Al-driven skill analysis; and

*  Enable Al-powered discussion forums where learners engage in reflective dialogue

and receive Al-generated content recommendations.

These Al applications align with constructivist principles by promoting active engagement,
reflection and collaborative knowledge construction (Laurillard, 2013).

Another key element of constructivist learning is metacognition — the ability to reflect on and
regulate one’s own learning processes (Schraw & Moshman, 1995). Al enhances self-regulated
learning (SRL) in digital environments by providing personalised dashboards, predictive
analytics and Al-generated study plans that can assist adult learners in driving their own
learning. In RPL, these Al-driven SRL tools help learners to track their competency progress,
reflect on their learning achievements and make informed decisions about their educational
pathways (Sclater et al., 2016).

Most interesting in the domain of RPL is the potential to apply Al as a reflective learning partner
in RPL. Reflection is central to constructivist learning (Moon, 2013). Moreover, Al can serve as a
reflective learning partner by prompting learners to articulate their learning experiences, justify
decisions and critically evaluate their own knowledge gaps. In these ways, they are led towards
understanding their own student learning philosophy within a higher education setting. A good
example of this application is the Al-powered writing assistants such as Grammarly’s Al Tutor and
Turnitin’s Revision Assistant that provide personalised feedback on students’ writing. This helps
RPL learners to refine their learning narratives and portfolio submissions, self-assessment
reflections on competencies and critical thinking (Haubt, 2024). By integrating Al into reflective
learning activities, RPL frameworks can enhance learners’ critical engagement with their prior
knowledge and ensure deeper knowledge construction and retention (Boud et al., 2013).

Methodology

This study adopted a qualitative reflective research approach underpinned by constructivist
learning theory (Piaget, 2005; Vygotsky, 1978). A reflective thematic analysis (Braun &
Clarke, 2021; Braun et al., 2023) was accordingly employed to explore critically the ways in
which Al can enhance RPL practices in adult education, focusing on the themes of
transformation, ethical practice, personalisation and empowerment. The research drew on a
combination of scoping review findings, empirical case studies, and theoretical insights from
digital pedagogy and Al integration in higher education.
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Data sources and literature selection criteria

To ensure rigour, a comprehensive and systematic literature search was undertaken across multiple
electronic databases, aiming for a broad and inclusive coverage of relevant studies. Given the
varied terminology used to describe RPL across different regions and contexts, alternative terms
such as validation of prior learning (VPL), prior learning assessment and recognition (PLAR) and
accreditation of prior learning (APL) were incorporated into the search. This strategy expanded
the search scope and reduced the likelihood of omitting relevant key literature.

The selected databases included Academic Search Premier (EBSCOhost), ERIC (EBSCOhost),
Google Scholar, Web of Science, Sabinet African Journals and several institutional research
repositories. Each was purposefully chosen for its relevance and capacity to provide access to
high-quality, peer-reviewed research. For example, Web of Science and Academic Search
Premier enabled access to internationally recognised journals, offering a global perspective,
whereas Sabinet African Journals was included to capture context-specific research from
South Africa — an essential element for understanding local RPL practices.

To establish credibility, a systematic and transparent search strategy was employed. Search terms
were thoughtfully developed and aligned with the research questions and informed by existing
literature. These terms were refined and applied consistently across databases to support the
study’s focus on technology, online learning and RPL, which served to ensure reproducibility
and methodological integrity. The review included 26 of the most relevant papers that could
answer the research questions posed in this study. The literature screening process followed clear
inclusion criteria to ensure that only studies which met the following criteria were included:

* A focus on Al applications in RPL assessment or validation contexts;

*  Dealing with adult learning in post-secondary education;

*  Presenting empirical evidence (qualitative, quantitative, mixed-methods) or systematic
reviews; and

*  Examining ethical and assessment-related implications of Al in RPL.

Studies focusing exclusively on traditional non-AI methods, K-12 settings or editorial- or
opinion-based content were excluded. A holistic judgement approach ensured alignment
with the thematic concerns of this study (Laupichler et al., 2022).

Thematic analysis process

A six-phase, reflexive thematic analysis approach (Braun & Clarke, 2021; Braun et al., 2023)
was adopted to analyse the extracted data. The steps included:

1. Familiarisation with the literature and reflective materials;
2. Inidal coding of repeated patterns and keywords related to Al integration, ethics,
assessment and learner empowerment;

3. Generation of preliminary themes;
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4. Review and refinement of themes in the light of constructivist theory and adult
learning principles (Knowles et al., 2014);

5. Definition and naming of key themes: transformative tools, digital support, student
empowerment and academic upskilling; and

6. Synthesising themes into a coherent narrative aligned with the research questions
and theoretical framework.

This analytical strategy allowed for the integration of both the conceptual and the empirical
dimensions of Al-enhanced RPL. The themes were subsequently mapped to a student-
centred model for AI-RPL integration proposed in the discussion section.

As ethical challenges emerged strongly across the included literature, these were coded and
categorised based on the following dimensions:

*  Data privacy and consent (Al-Zahrani & Alasmari, 2024);

e Algorithmic fairness and bias (Stahl & Stahl, 2021);

e The transparency and explainability of Al systems (Chan & Tsi, 2023), and
e The role of human oversight (Butson & Spronken-Smith, 2024).

Results

This section presents the results of the reflective thematic analysis, systematically unpacking
how Al applications intersect with RPL practices and adult learning in higher education.
Drawing on recent empirical and conceptual studies, and also on foundational theories of adult
learning and digital andragogy, the findings highlight the dynamic and transformative potential
of Al in RPL. Key themes — transformative tools, digital support, student empowerment and
academic upskilling — emerged as central pillars that can guide Al integration to support adult
learners, particularly in the contexts of disadvantage and lifelong learning. The analysis
synthesises both global and local perspectives, reflecting on ethical considerations, institutional
practices and the broader implications for inclusive, equitable access in higher education. These
findings establish the groundwork for exploring Al’s potential to reshape RPL in the post-
school education and training sector, as detailed in the following subsections.

Artificial intelligence and recognition of prior learning: Transformative intersection

A critical, reflective thematic analysis of Al applications in RPL and adult learning has
highlighted the fact that there is a critical need for innovation in RPL, specifically to support
adult learners in the digital age. Transformative tools, digital support, student empowerment
and academic upskilling were identified as key themes throughout this study. An overview of
the literature covered in this study is given in Table 1. Furthermore, these themes were
applicable not only in the RPL adult learning setting but could also be applied to the post-
school education and training setting, especially in the context of technical and vocational
education and training (TVET) and industrial or workplace intersections.
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The use of Al in RPL represents a substantial milestone and a transformative intersection for
people from disadvantaged backgrounds — especially in the South African context where RPL is

rooted in a policy to redress or eradicate social injustice and broaden access to higher education
(Osman, 2003).

Globally, RPL — sometimes referred to as validation of prior learning (VPL) or prior learning
assessment and recognition (PLAR) — is a critical mechanism for providing access to higher
education by validating informal and non-formal learning and life experiences (Conrad,
2008). Traditionally, RPL assessments rely heavily on human evaluators, making the process
time-consuming and subjective. But Al-powered tools, such as ML algorithms and NLE, now
offer solutions for automating portfolio assessment, for analysing experiential learning
narratives and for personalising feedback (Khasawneh et al., 2025). Al-enhanced RPL
systems have the potential to analyse textual and multimedia evidence submitted by learners,
which provides adaptive assessments that tailor evaluation to an individual’s knowledge base.
Moreover, Chatbots and Al tutors are used to guide learners through the RPL process and
ensure consistency in assessment judgements by reducing human bias (Khasawneh et al,,
2025). However, despite its advantages, integrating Al into RPL assessment requires careful
consideration of the ethical and practical challenges, particularly regarding bias and fairness.
Al models must be trained on diverse representative datasets to prevent perpetuating biases
that could disadvantage under-represented learners (Stahl & Stahl, 2021).

Other critical factors for consideration include transparency: Al decision-making processes
should be explainable and ensure that learners understand how their prior learning is
evaluated. There should be an adequate level of human oversight: Al should complement,
not replace, human judgement in assessing complex learning experiences. Finally,
protecting learners’ personal and experiential data is paramount in Al-driven assessments
(Stahl & Stahl, 2021). In RPL, the opportunities for Al to support the analysis of portfolios,
experiential learning narratives and prior coursework in order to assess competencies
objectively is an innovation within the transformational and developmental models of RPL
applications. Examples of these applications are Al-Powered Chatbots and Virtual Tutors
and Al-driven chatbots such as IBM Watson Tutor; they provide around-the-clock
academic support, helping adult learners navigate their studies. These tools are especially
beneficial to RPL students, who often require flexible support outside traditional academic
hours (Costin et al., 2023).

In another application related to RPL and adult learners, GAI in research and writing tools
such as ChatGPT and Claude can help with academic writing, literature reviews and
research synthesis (Ferrag & Bentounsi, 2024). Although beneficial, these tools also raise
ethical concerns about plagiarism and academic integrity; nonetheless, they open new
opportunities for transformation in teaching and learning (Al-Zahrani & Alasmari, 2024;
Stahl & Stahl, 2021). The existing literature emphasises that efficiency, scalability, equity,
access and ethical challenges are key factors that will drive the synergistic impact of Al and
RPL in higher education (Butson & Spronken-Smith, 2024).
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Al has the potential to accelerate the assessment processes of RPL applications, thereby
reducing the administrative burden and allowing adult learners to explore their potential
and career opportunities ahead of formal assessment procedures offered in higher education
(Osman, 2003). In a recent study, the deep integration of administrative actions and Al-
driven algorithms has given rise to algorithmic administration in university governance,
showcasing unique advantages in administrative efficiency, decision-making, management
models, service delivery, resource allocation, internationalisation and communication
(Fasi, 2022).

Al has the ability to drive equity and access, as it minimises human bias in assessments and
promotes fairness (Stahl & Stahl, 2021). In addition, ethical challenges must be carefully
considered to ensure that matters such as data privacy, algorithmic bias and accountability are
managed to ensure responsible Al integration (Humerick, 2017). These advancements and
potentially viable applications suggest that Al will continue to revolutionise higher education,
particularly for those adult learners seeking recognition for their prior knowledge and
experience. Future research should explore Al’s long-term impact on student outcomes, their
lived experiences and the institutional policies that support the use of Al in the RPL sector.
Al is rapidly transforming higher education by reshaping the ways in which teaching, learning
and assessment are conducted and has significant implications for adult learning and RPL.
The integration of Al in RPL presents both opportunities and challenges, requiring a careful
balance to be struck between technological efficiency and ethical considerations.

By exploring the intersection of Al and RPL, this article contributes to ongoing discussions
in higher education about the role of technology in widening access to learning opportunities.
By specifically examining key themes such as transformative tools, digital support, student
empowerment and academic upskilling, Al can be purposefully interconnected as a central
aspect of Al and adult learning across the context of the post-school education and training
sector. Al has the potential to revolutionise RPL by making it more accessible, transparent
and equitable. However, the successful integration of Al in RPL requires a commitment to
ethical Al implementation, continuous improvement of Al models, extensive resources and
collaboration between Al developers, educators and policymakers to ensure that adult learners
are supported in meaningful and inclusive ways (Katsamakas et al., 2024).

The use of Al in the adult learning domain has received attention through multiple
frameworks that have been proposed to enhance adult learning experiences. In a German
study, the generative artificial intelligence adult learning ecology (GenAI-ALE) framework
was used to highlight key applications in adult learning through the use of Dall-E-2,
ChatGPT, Synthesia, Midjourney, Perplexity and InstructGPT (Adarkwah, 2024). The
present study has also reported a comparison of traditional adult learning methods with
GenAl-infused learning approaches (see Table 1 for more information). The study emphasises
that, despite the expanding literature on GenAI’s impact on education recently, there are still
few studies that focus on adult education and learning. As a theoretical implication, the study
calls for further investigations into implementing GenAl in adult higher education such as
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implementing and contextualising the GenAI-ALE framework in different educational
settings in the post-school education and training sector (Adarkwah, 2024).

In Romania, the implications of leveraging ML and Al for the transformation of adult
education and vocational training was explored (Costin et al., 2023). The study indicated
that ML and AI enhance adult education by enabling personalised learning, adaptive
assessments and greater accessibility, making education more efficient and inclusive. These
technologies transform knowledge acquisition and align learning with the evolving demands
of the labour market. This independent study reiterates that the application of digital tools,
technology and Al collectively have the potential to reshape adult education and training.
This results in a more adept and adaptable workforce, thus creating lasting benefits for society
(Costin et al, 2023).

In another study, the intersection of sustainability, pandemic-related distance learning and
Al-driven opportunities in adult education was explored (Rott & Schmidt-Hertha, 2024).
The argument indicated that sustainable education integrates environmental and social
awareness while ensuring inclusivity and resource efficiency, with distance learning providing
flexible access for adult learners who have to balance work and family against their learning.
Al enhances learning processes by personalising learning, streamlining administration and
creating immersive experiences, although challenges such as digital equity, data privacy and
algorithmic bias must be resolved. In a comprehensive scoping review, Laupichler et al.
(2022) emphasised the rapid growth and integration of Al in the education sector. They
therefore identified the need for adult learners to be integrated with the associated benefits of
Al in a well-structured and social approach. The present study argues that as Al becomes
more integrated into daily life, developing AI literacy among adult learners in higher
education is becoming increasingly essential to enabling effective interaction with the
technology and the students” success (Laupichler et al., 2022).

TABLE 1:  Overview of the literature reviewed: Exploring Al in RPL and adult learning
STUDY RESEARCH METHODOLOGY | AITOOLS/ KEY FINDINGS
FOCUS TECHNOLOGIES
Gupta Adaptive learning | Empirical Predictive Supports personalised,
etal. (2022) systems in higher modelling, student-specific
education analytics content delivery
Laupichler Al literacy in adult | Scoping review | General Al tools Need for structured Al
etal. (2022) education integration and digital
literacy training
Anuyahong et | Personalised Mixed-methods | Al-based systems | Improved
al. (2023) learning and (unspecified) engagement,
adaptive motivation,
assessment personalisation
Chan & Tsi Al tutor Conceptual + ChatGPT, Watson | Adaptive support,
(2023) applications Empirical Al student-centred
learning environments
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STUDY RESEARCH METHODOLOGY | AITOOLS/ KEY FINDINGS
FOCUS TECHNOLOGIES
Costin et al. Al and vocational | Empirical Machine Improved accessibility,
(2023) adult education Learning adaptive learning,
labour market
relevance
Moorhouse et | Guidelines for Al Systematic ChatGPT Academic integrity
al. (2023) assessment Review and ethical use
integration guidelines
Adarkwah GenAl in adult Conceptual ChatGPT, Adult learning
(2024) learning framework Synthesia, personalisation, need
Perplexity, for more studies in
Midjourney GenAI-RPL
Al-Zahrani & Al's educational Review General Al Emphasises ethical
Alasmari and ethical safeguards and Al
(2024) implications governance in RPL
Eshraghian Emotions and Al Mixed-methods | Al workplace Enhances educator
etal. (2024) in education integration efficiency and
emotional awareness
Katsamakas Al systems System General Al Feedback mechanisms;
etal. (2024) thinking in HEI modelling ethical modelling for
institutional use
Kolade Use of ChatGPT in | Quasi- ChatGPT High-quality content;
et al. (2024) learning and experimental referencing challenges
assessment
Krause Predictive Systematic Predictive Al Enables early
et al. (2024) analytics for review intervention through
student success outcome forecasting
Lyanda Alinnovationsin | Mixed-methods, | ChatGPT, NLP, ITS, | Personalisation;
etal. (2024) education systematic ML, Chatbots, assessment accuracy;
review, automated real-time feedback
meta-analysis grading systems
Mahapatra Al and writing Mixed-methods | ChatGPT Positive learning
(2024) skills in English outcomes; concerns
second language over plagiarism
(ESL)
Rott & Al, technology, Systems review | General Al tools Personalised learning;
Schmidt- environment and inclusivity; ethics
Hertha content changes
(2024) in adult learning
post-pandemic
Valaboju Reinforcement Systematic Reinforcement Personalised, dynamic
(2024) learning in review learning assessments; real-time
assessment feedback
Khasawneh Emotion Mixed-methods | Al-enhanced Mindfulness; language
et al. (2025) regulation and portfolio systems | attitudes; narrative
portfolio analysis

assessment
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STUDY RESEARCH METHODOLOGY | AITOOLS/ KEY FINDINGS
FOCUS TECHNOLOGIES
Storey & Integrating Al into | Conceptual (LLMs), (ALS), Explores: generative Al
Wagner adult education review Chatbots, (VR/ for personalised
(2025) AR), Learning learning; ethical
Analytics (LA) implications; and
adaptive assessment

Source: This table was created by the author during the knowledge synthesis of this study

Discussion

This discussion systematically answers the four research questions posed in this study using
the conceptual motion model (Figure 1) as an organising framework that systematically
aligns the Al-enhanced RPL practices with the adult learner and the themes associated
with the findings of this study.

Al applictions for RPL and adult learning

Student success
Al personalisation for student success Transformation tool
Al academic skills development Al-embedded curriculum
Al student tracking Al-focused learning and teaching

Al student empowerment

Student
learning

‘ Student

success

Al-
enhanced
RPL

Student
feedback

Student
support

Digital support
Institutional Al implementation Student empowerment

A?lrgszijlz‘rrégs Student experience of Al
; Student voice and feedback
Al ethics

Al student tracking

FIGURE 1: Al-enhanced RPL conceptual motion model: Adult learner student-centred opportunities
for transforming adult learning in higher education

Source: This figure was created by the author for the purpose of data illustration and discussion of the present study.
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The model — developed from the identified themes of transformative tools, digital support,
student empowerment and academic upskilling — illustrates how Al can be strategically
integrated to support adult learners navigating RPL processes.

In addition, the research questions presented in this study are revisited with a view to
promoting an understanding of the themes revealed in the study.

1. How can Al enhance assessment and validation processes in RPL?

Al has the potential to revolutionise assessment in RPL by automating traditionally subjective,
labour-intensive evaluations. ML algorithms, NLP and predictive analytics can analyse
experiential learning narratives, reducing human bias by offering more objective and
consistent evaluations (Khasawneh et al., 2025). In line with the motion model’s
transformative tools pillar, these Al applications support equitable assessment by validating
diverse adult learning experiences (Adewale, 2024). This enhanced assessment process
promotes fairness and efficiency, streamlining portfolio evaluations and supporting broader
access for adult learners, particularly for those from historically disadvantaged groups (Kizito,
2006; Stahl & Stahl, 2021).

2. What are the ethical implications of using Al in RPL assessments?

Despite these benefits, ethical concerns are paramount. Al models can inadvertently
perpetuate existing biases if trained on unrepresentative data, potentially disadvantaging
under-represented learners (Katsamakas et al. 2024). Dealing with these concerns requires
deliberate attention to be paid to data diversity, algorithmic transparency and human
oversight (Stahl & Stahl, 2021; Chan & Tsi, 2023). Within the motion model, the digital
support pillar emphasises the importance of explainable Al and accessible digital environments
to foster trust and accountability. Institutions must ensure that Al complements rather than
replaces human judgement, which serves to reinforce that fairness and integrity remain
central to RPL assessments (Butson & Spronken-Smith, 2024).

3. How can Al-driven tools be integrated into adult learner support systems within RPL
frameworks?

Al-driven tools such as chatbots — for example, IBM Watson Tutor — and intelligent
tutoring systems offer flexible, personalised support to adult learners, especially those
balancing work, family and studies (Siemens, 2005; Ferrag & Bentounsi, 2024). The
motion model’s student empowerment and digital support pillars encapsulate this
alignment: Al-powered platforms provide adaptive guidance, real-time feedback and
tailored learning modules that help adult learners to self-regulate and build confidence.
Furthermore, generative Al tools such as ChatGPT and Claude facilitate academic writing
and reflective learning processes, opening up new avenues for lifelong learning, although
they raise important questions about plagiarism and academic integrity (Al-Zahrani &
Alasmari, 2024; Mahapatra, 2024).
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4. What are the future directions for Al in supporting adult learners navigating RPL
processes?

Looking ahead, Al will continue to evolve, offering increasingly sophisticated support for
adult learners in RPL contexts. The motion model’s academic upskilling pillar emphasises the
need for Al-powered interventions that not only assess prior learning but also recommend
targeted micro-learning modules and digital literacy training — enabling learners to bridge
knowledge gaps and thrive in dynamic work environments (Costin et al., 2023; Adarkwah,
2024). As demonstrated by studies on algorithmic administration in higher education (Fasi,
2022), Als role in RPL extends beyond assessment to broader institutional processes that

have an impact on access, fairness and administrative efficiency.

The integration of the motion model (see Figure 1) illustrates this conceptual motion model
for AI-RPL, detailing the four pillars — transformative tools, digital support, student
empowerment and academic upskilling — as interconnected target areas. These pillars are not
static; rather, they represent dynamic outcomes that should be continuously refined through
ethical Al governance, policy development and human-centred design (Laupichler et al.,
2022). By explicitly aligning these pillars with the research questions, the model emphasises
a holistic approach that leverages Al to create equitable, transparent and empowering RPL
experiences for adult learners.

In addition to the conceptual motion model and its alignment with the four research questions,
this section explores best practices, adult learning principles and broader systemic considerations
that strengthen Als transformative potential in RPL further. This expanded discussion also
highlights best practices for Al implementation in RPL, aligning it with the four pillars of the
motion model (Chan & Tsi, 2023; Vetrivel et al., 2025). These practices emphasise the
importance of hybrid Al-human assessment models, where Al enhances — rather than replaces
— human judgement. Moreover, ongoing professional development for educators ensures that
they can ethically and effectively leverage Al tools in RPL contexts, while learner-centric
approaches such as those embedded in the motion model (Figure 1) ensure that Al applications
remain inclusive and aligned with adult learner needs.

Equally important is the synergy between Al-enhanced learning and adult learning principles.
As shown in Table 2, Al-powered personalisation, adaptive assessments and real-time feedback
align strongly with Knowles” andragogical framework (Knowles, 1978; Knowles et al., 2014).
For example, Al-driven analytics offer self-directed and problem-centred learning
opportunities, whereas gamified learning environments and virtual laboratories promote
intrinsic motivation and readiness to learn (Paranjape et al., 2019; Banik & Gullapelly,
2025). These alignments highlight AI’s ability to honour adult learners’ autonomy and
leverage their prior experiences for meaningful engagement (Krause et al., 2024).

Despite these promising intersections, challenges remain. The digital divide persists as a

significant barrier to marginalised adult learners, who may have limited digital literacy or
lack access to Al-driven RPL tools (Aithal & Aithal, 2024; Al-Zahrani & Alasmari, 2024).
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Dealing with algorithmic bias, data privacy and ethical concerns is essential to ensuring that
Al does not inadvertently reinforce existing inequities (Humerick, 2017; Lin, 2024).
Stakeholders — including educators, policymakers and Al developers — must engage in
ongoing dialogue to ensure that Al-enhanced RPL processes are transparent, fair and
accountable (Storey & Wagner, 2024).

Comparisons of traditional adult learning methods with GenAl-infused approaches
(Adarkwah, 2024) also demonstrate the potential for Al to transform learning activities,
assessment practices and feedback mechanisms for adult learners. However, technology-
enhanced RPL processes remain underdeveloped compared with other digital education
innovations (Cameron et al., 2014). Without deliberate strategies for equitable Al adoption,
there is a risk of perpetuating exclusion rather than democratising access to education.

Encouragingly, the principles of adult learning (andragogy) and Al-enhanced learning align
in multiple ways, creating a synergy that supports adult learners in higher education. Table 2
comprises an analysis of Knowles’ adult learning principles and their alignment with Al-
driven learning applications (Knowles, 1978; Knowles et al., 2014; Malcolm, 1978).

TABLE 2:  Analysis of adult learning principles aligned with Al-driven learning applications

KEY PRINCIPLES OF ADULT LEARNING PRINCIPLES | AI-DRIVEN

ALIGNMENT

1. Self-directed Adults prefer self-directed Al-driven adaptive learning platforms (e.g.
learning and learning experiences, where Coursera, Duolingo and Al tutors)
Al-powered they take ownership of their personalise learning pathways, allowing

personalisation

education and make decisions
about what and how they
learn (Knowles, 1978; Knowles
etal, 2014).

learners to progress at their own pace.

Al also provides recommendations based on
past learning behaviour, thus supporting
autonomy.

2. Prior experience as
alearning
resource and
Al-enabled RPL

Adults bring rich, prior
knowledge and experiences to
their learning, which should be
leveraged for deeper
engagement.

Al-powered RPL assessment tools analyse
previous learning (e.g. work experience,
certifications or prior coursework) to grant
credit or place learners in appropriate
courses.

Al can also evaluate digital portfolios and
experiential narratives to recognise informal
learning.

3. Readiness to learn
and Al-driven
just-in-time
learning

Adults learn best when they
see immediate relevance to
their personal or professional
goals.

Al-driven tools provide just-in-time learning,
offering micro-learning modules, on-
demand courses and chatbots that support
learners at the moment of need.

4. Problem-centred
learning and
Al-powered
simulations

Adults prefer problem-solving
approaches over rote
memorisation, engaging best
with real-world applications.

Al supports scenario-based learning
through simulations, virtual laboratories and
intelligent tutoring systems that offer
real-world problem-solving experiences.
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KEY PRINCIPLES OF ADULT LEARNING PRINCIPLES | AI-DRIVEN

ALIGNMENT

5. Intrinsic Adults are intrinsically Al enhances motivation through
motivation and motivated, learning for career | gamification, adaptive learning paths and
Al-driven advancement, personal Al-generated feedback that encourages
engagement development or lifelong continuous progress.
strategies learning goals.

6. Need for practical | Adults prefer learning that is Al-powered learning analytics track learner
and immediate immediately applicable to their | progress, provide predictive insights and
application and careers and daily lives. recommend next steps to ensure skills are
Al-based learning applied in real-world contexts.
analytics

Source: This table was created by the author for the analysis and discussion of this study.

Conclusion

The integration of Al into RPL presents transformative opportunities for adult learners,
enabling greater access to higher education through more efficient, transparent and equitable
assessment processes. Al-driven tools offer a range of benefits, from automating portfolio
evaluations to providing personalised learning pathways. However, the successful
implementation of Al in RPL depends on balancing technological efficiency with ethical
practice and human-centred andragogy. Transformative tools, digital support, student
empowerment and academic upskilling emerged as key themes in this study, highlighting the

motion model’s relevance in framing AT’s role in inclusive adult learning.

Importantly, while generative Al offers promising applications for scaffolding, reflection and
personalising learning, challenges regarding hallucinations — where Al generates inaccurate
or fabricated outputs when data is missing — pose a significant concern. Such inconsistencies
emphasise the need for rigorous human oversight and transparent vetting processes to ensure
the integrity and accuracy of Al-enhanced assessments. As this discussion has shown, the
intersection of Al and RPL holds significant promise for adult learners who navigate lifelong
learning pathways, but it also demands careful, critical implementation to avoid reinforcing
biases or compromising educational standards.

Future research should prioritise empirical evaluations of Al's impact on adult learner
outcomes, particularly in marginalised communities, and explore the ways in which
frameworks such as GenAI-ALE (Adarkwah, 2024) can be adapted to ensure equitable RPL
practices. Collaborative innovation among educators, Al developers and policymakers will be
essential to realising AD’s transformative potential — ensuring that RPL processes become
more inclusive, transparent and empowering for a diverse range of adult learners worldwide.
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