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ABSTRACT

Generative Artificial Intelligence (GenAl) is reshaping higher education by expanding opportunities for
academic writing, feedback, tutoring, research support, and personalised learning. This systematic review
synthesised empirical evidence on GenAl use in higher education, focusing on the tools employed, reported
effects on student learning outcomes, and factors influencing integration. The review followed the PRISMA
2020 framework. Searches of PubMed, Web of Science, and Scopus covered peer-reviewed English-language
studies published from January 2021 to January 27, 2026. The search identified 20,671 records; 2,615 remained
after database filtering, 188 were sought for retrieval, and 170 full texts were assessed. Joanna Briggs Institute
appraisal classified 84 studies as high quality, 74 as medium quality, and 12 as low quality; the low-quality
studies were excluded, leaving 158 studies for synthesis. ChatGPT was the most frequently examined tool,
appearing in 112 studies (70.9%). Academic writing and essay support was the most common application area
(28 studies, 17.7%), followed by personalised tutoring and feedback (22 studies, 13.9%). Seventy-two studies
found positive effects on academic performance, while other studies reported non-significant or negative
outcomes. Digital and Al literacy findings were predominantly positive, whereas evidence on critical thinking,
creativity, and metacognitive skills was mixed. Effective integration was associated with individual readiness,
ethical and social considerations, institutional support, pedagogical design, and technical infrastructure. Overall,
outcomes depend on purposeful, supported, and critically engaged use. The review highlights the importance of
contextualised institutional guidance, professional development, ethical safeguards, and adequate infrastructure
for sustainable educational use. These findings suggest that access to GenAl tools alone does not guarantee
improved learning; educational value depends on how tools are integrated into pedagogy, assessment, learner
support, and critical engagement.
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INTRODUCTION

Generative Artificial Intelligence (GenAl) has become a significant development in higher education,
particularly since the public emergence of large language model applications such as ChatGPT. These systems
can generate and transform text, provide explanations, support academic writing, offer feedback, assist with
coding, and respond conversationally to learner questions. Their rapid uptake has therefore expanded the range
of activities through which artificial intelligence can participate in teaching and learning. At the same time, the
educational use of GenAl has raised questions about academic integrity, reliability, originality, bias, privacy,
assessment, and students’ capacity to remain active and critical learners (Bhullar et al., 2024). The growing
literature reflects both opportunities and concerns, but it is dispersed across disciplines, technologies, educational
purposes, and research designs.
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The emerging evidence suggests that GenAl can function as a form of learning support rather than simply as an
automated answer generator. Students may use conversational systems to obtain explanations, receive feedback,
brainstorm ideas, revise written work, practise problem solving, or obtain support during independent study.
Instructors may also use GenAl for assessment design, instructional materials, feedback, and other teaching tasks
(Gupta, 2024). Reviews of the field have reported a broad range of applications and have emphasised the need
to understand how these applications interact with pedagogical design and learner characteristics (Yusuf et al.,
2024; Mohebi, 2024; Cai et al., 2025). However, the availability of a GenAl tool does not itself establish a
learning benefit. The educational value of an Al response depends on whether students evaluate its accuracy,
connect it to disciplinary knowledge, and use it in ways that support rather than replace learning processes.

Learning outcomes are particularly important because GenAl can improve task efficiency while producing less
certain effects on deeper learning. Evidence in the reviewed literature includes improvements in academic
performance, knowledge acquisition, engagement, digital literacy, and self-regulated learning, but it also
includes mixed and negative findings. Fan et al. (2025), for example, identified risks of “metacognitive laziness”
when learners rely on GenAl without sufficient cognitive engagement. Similarly, Xu et al. (2025) showed that
metacognitive support can shape whether GenAl environments strengthen or weaken self-regulated learning.
These findings suggest that outcome differences are not adequately explained by the presence of Al alone. They
require attention to the nature of the task, the learner’s prior competence, the design of the learning activity, and
the type of support provided by teachers and institutions.

The literature also highlights the importance of responsible and context-sensitive integration. Ethical issues
include privacy, academic integrity, fairness, transparency, trust, and the reliability of generated information
(Omeh et al., 2025; Kodra et al., 2025). Institutional policies and professional development can influence how
educators perceive and use GenAl, particularly for assessment (Khlaif et al., 2024; Cabellos et al., 2024).
Technical conditions matter as well. Access to appropriate devices, connectivity, integrated platforms, and
usable tools can shape the feasibility of adoption, while students’ digital competence and Al literacy can
influence the quality of information they obtain and how critically they use it (Qi et al., 2024). Thus, GenAl
integration is better understood as an educational and institutional process than as a technology-adoption decision
alone.

Despite rapid growth in research, several gaps remain. First, much of the literature has concentrated on ChatGPT,
leaving newer systems such as Gemini, Claude, Copilot, DeepSeek, and other models less examined. Second,
quantitative studies dominate the evidence base, while qualitative studies that explore how students and
educators experience GenAl in particular contexts are less common (Haroud & Saqri, 2025). Third, the
geographical distribution of studies is uneven, with substantial evidence from China, the United States, Australia,
Turkey, and the United Kingdom, but comparatively less evidence from low-resource settings. These gaps limit
the extent to which findings can be transferred across institutional and socioeconomic contexts.

Relative to existing syntheses of GenAl in education (Yusuf et al., 2024; Mohebi, 2024; Cai et al., 2025), this
review makes three distinct contributions. First, it integrates tools and learning purposes, learning outcomes, and
integration factors within a single evidence base that passed explicit quality appraisal, whereas most prior
reviews address only one of these dimensions. Second, it reports outcome patterns by domain with explicit
denominators, distinguishing measured learning gains from self-reported perceptions. Third, it connects outcome
patterns to the individual, ethical, institutional, and technical conditions of implementation, thereby clarifying
not only what has been studied but under what conditions GenAl use appears educationally productive.

This systematic review responds to these gaps by bringing together evidence on three connected dimensions: the
GenAl tools being used in higher education and their educational purposes; their reported effects on student
learning outcomes; and the individual, ethical, institutional, pedagogical, and technical factors that influence
integration. The review addresses the following research questions:

RQ1: What Generative Al tools are being used in higher education, and for what learning purposes?

RQ2: What effects do Generative Al tools have on student learning outcomes, including academic
performance, engagement, and skill development?
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RQ3: What factors influence the effective integration of Generative Al tools in higher education?

By synthesising these dimensions within one evidence base, the review provides a structured account of what
has been studied, what outcomes have been reported, and what conditions appear important for educationally
meaningful use. The synthesis is intended to support researchers, educators, and institutions seeking to interpret
the rapidly developing GenAl literature without assuming that technological adoption automatically produces
educational improvement. The literature therefore calls for synthesis that connects tool use with outcomes and
implementation conditions. A review organised around these three dimensions can distinguish frequently studied
applications from less examined ones and can clarify where findings converge or diverge. It can also identify
methodological and geographical patterns that affect the strength and transferability of current evidence.

METHODOLOGY

The review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020
framework to identify, screen, assess, and synthesise relevant evidence (Page et al., 2021). The review protocol
was organised around the three research questions and focused on empirical research concerning GenAl in higher
education. The final database search was conducted on January 27, 2026.

Search strategy and information sources.

Systematic searches were conducted in PubMed, Web of Science, and Scopus. The search strategy combined
three concept blocks: GenAl higher education, and learning outcomes/integration factors. GenAl terms included
“generative artificial intelligence,” “generative AL” “GenAl,” “large language model,” “LLM,” “foundation
model,” “ChatGPT,” “GPT-3,” “GPT-4,” “Gemini,” “Claude,” “Copilot,” “chatbot,” “Al tutor,” “Al-generated
content,” and related terms. Higher education terms included ‘“higher education,” “tertiary education,”
“university,” “college,” “undergraduate,” “postgraduate,” and “graduate education.” Outcome and integration
terms included academic performance, learning outcomes, student achievement, skill development, critical
thinking, problem solving, creativity, engagement, motivation, academic integrity, plagiarism, assessment,
pedagogical strategy, curriculum integration, ethical implications, bias, fairness, digital divide, policy, and
guidelines. The three concept blocks were combined using AND, while terms within each block were combined
using OR. Citation searching was also used where additional relevant studies were identified.

29 ¢ 2 €6

Table 1a: Database-specific search strategies, search fields, and filters

Database | Search fields | Search string (combined as a AND b AND c¢) Filters applied Records (n)

PubMed | Title/Abstract | (“generative artificial intelligence”[Title/Abstract] | English; 1  Jan | 428
OR “generative AT”’[Title/Abstract] OR | 202127 Jan 2026;
GenAl[Title/Abstract] OR  “large  language | peer-reviewed

model”’[Title/Abstract] OR LLM]|Title/Abstract] OR | journal articles

ChatGPT][Title/Abstract] OR “GPT-
3”[Title/Abstract] OR “GPT-4”[Title/Abstract] OR
Gemini[Title/Abstract] OR Claude[Title/Abstract]

OR Copilot[Title/Abstract] OR
chatbot|[ Title/Abstract] OR “Al
tutor”[ Title/ Abstract]) AND (“higher
education”[Title/Abstract] OR “tertiary
education”[Title/Abstract] OR
university*[Title/Abstract] OR
college*[Title/Abstract] OR
undergraduate*[Title/ Abstract] OR

postgraduate*| Title/Abstract] OR “graduate
education”[Title/Abstract])

Web  of | Topic (TS=) TS=((“generative  artificial intelligence” OR | English; 1 Jan | 19,433
Science “generative AI” OR GenAl OR “large language | 2021-27 Jan 2026;
model” OR LLM OR ChatGPT OR “GPT-3” OR | article =~ document
“GPT-4” OR Gemini OR Claude OR Copilot OR | type

chatbot OR “Al tutor” OR “Al-generated content”)
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AND (“higher education” OR “tertiary education”
OR university* OR college* OR undergraduate* OR
postgraduate® OR “graduate education”))

Scopus TITLE-ABS- | TITLE-ABS-KEY((“generative artificial | English; 2021- | 810
KEY intelligence” OR “generative AI” OR GenAl OR | 2026; source type:
“large language model” OR LLM OR ChatGPT OR | journals

“GPT-3” OR “GPT-4” OR Gemini OR Claude OR
Copilot OR chatbot OR “Al tutor” OR “Al-generated
content”) AND (“higher education” OR “tertiary
education” OR university* OR college* OR
undergraduate® OR postgraduate* OR “graduate
education”))

The reduction from 20,671 identified records to 2,615 records screened reflects database-level filters applied at
the time of searching: English language, publication between January 2021 and January 27, 2026, and peer-
reviewed article document types. These filters removed 18,056 records before screening. Because filtering was
applied within each database, no additional duplicate-removal step was required before screening

Eligibility and screening.

We included peer-reviewed full research articles in English, published between January 2021 and January 27,
2026, indexed in at least one of the three databases, focused on higher education, and directly examined GenAl,
its educational use, student learning, academic performance, or factors influencing integration. We excluded
review articles, books, book chapters, editorials, meeting abstracts, data papers, dissertations, preprints,
conference abstracts, studies without retrievable full text, and studies outside the defined context. The initial
search produced 20,671 records. After database filters, 2,615 records remained for title and abstract screening.
Three researchers independently assessed the records and reported 95% agreement. A total of 188 reports were
sought for retrieval; 18 could not be retrieved, leaving 170 reports for full-text eligibility assessment and quality
appraisal.

Under these criteria, systematic reviews and conceptual or theoretical papers were not eligible for outcome
synthesis. Six systematic reviews and five conceptual or theoretical papers identified during screening were
retained in the corpus solely as background and contextual references; they are identified in Supplementary
Material S1 and were excluded from all outcome counts and from the thematic synthesis (see Results and the
note to Table 5).

Quality appraisal and synthesis.

Methodological quality was assessed with the Joanna Briggs Institute critical appraisal frameworks, selecting
the tool appropriate to each study design (Aromataris & Munn, 2020). Quality was operationalised as high when
at least 80% of applicable criteria were met, medium at 60—-79%, and low below 60%. The appraisal identified
84 high-quality, 74 medium-quality, and 12 low-quality studies. The 12 low-quality studies were excluded,
producing a final analytical corpus of 158 studies. Two researchers independently coded the extracted evidence,
harmonised their coding into themes, and used a third researcher to verify the themes. The synthesis combined
thematic analysis following Braun and Clarke’s (2006) approach with narrative synthesis to identify patterns
across studies and relate them to the three research questions (Popay et al., 2006).

Search Concepts and Boolean Operators

Methodological quality was assessed using the Joanna Briggs Institute (JBI) critical appraisal checklists, with
the instrument selected to match each study's design (Aromataris & Munn, 2020): cross-sectional surveys were
appraised with the JBI checklist for analytical cross-sectional studies; randomised trials with the JBI checklist
for randomised controlled trials; non-randomised experiments with the JBI checklist for quasi-experimental
studies; longitudinal designs with the JBI checklist for cohort studies; and qualitative studies with the JBI
checklist for qualitative research. Where a study design did not map directly onto one of these instruments, the
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most appropriate JBI checklist was applied, and the choice was recorded. Complete study-level JBI assessments,
the checklist applied, the items met, and the resulting rating for each of the 170 full-text reports assessed are
reported in Supplementary Material S1, so that every quality judgement underlying the synthesis is traceable to
item-level evidence.

Quality was operationalised as high when at least 80% of the applicable checklist items were met, medium when
60-79% were met, and low when fewer than 60% were met; items judged not applicable to a given study were
removed from the denominator. These thresholds were fixed a priori in the review protocol before screening or
appraisal began, so that no quality decision could be influenced by the results of the studies under review. They
are also consistent with the cut-offs used in recent systematic reviews of generative Al in education, in which
studies scoring below 60% were likewise excluded from synthesis. The 12 studies rated low quality were
therefore excluded from the analytical corpus (n = 158) to reduce the risk that weak designs would distort the
outcome patterns reported below.

Table 1: Search concepts, terms, and Boolean structure

Concept Principal search terms

Generative Al (GenAl) “Generative artificial intelligence” OR “generative AI” OR “GenAl”
OR “large language model” OR “LLM” OR “foundation model” OR
“ChatGPT” OR “GPT-3” OR “GPT-4” OR “Gemini” OR “Claude” OR
“Copilot” OR “chatbot” OR “Al tutor” OR “Al-generated content”

Higher Education “Higher education” OR “tertiary education” OR “university” OR
“college” OR “undergraduate” OR “postgraduate” OR “graduate
education”

Learning Outcomes and | “Learning outcome” OR “academic performance” OR “student

Integration achievement” OR “grade” OR “skill development” OR “critical

thinking” OR “problem solving” OR “creativity” OR “student
engagement” OR “motivation” OR “academic integrity” OR
“plagiarism” OR “assessment” OR “pedagogical strategy” OR “ethical
implication” OR “bias” OR “fairness” OR “policy” OR “guideline”

Note: The three concept blocks were combined as (a) AND (b) AND (c), with OR used between terms within
each block.

Eligibility Criteria

Table 2: Inclusion and exclusion criteria

Criterion Inclusion Exclusion
Language Research articles published in | Articles not published in English
English
Publication type Peer-reviewed full research articles | Reviews, books, chapters, editorials,

abstracts, data  papers, dissertations,
preprints, conference abstracts

Quality High- or medium-quality appraisal | Low-quality appraisal score
score
Full text Full text retrievable Full text unavailable
Database Indexed by PubMed, Web of | Notindexed by the selected databases

Science, or Scopus
Publication date January 2021 to January 27, 2026 | Before January 2021 or after January 27,

2026
Setting Higher education Other educational settings
Scope GenAl, higher education, learning, | Outside the review scope

outcomes, or integration factors
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Quality Appraisal and Synthesis

Table 3: Study selection and methodological quality appraisal

Stage Number of records/studies
Initial database records 20,671

After database filtering 2,615

Reports sought for retrieval 188

Full texts unavailable 18

Full texts assessed 170

High-quality studies 84

Medium-quality studies 74

Low-quality studies excluded 12

Final studies included 158

RESULTS AND DISCUSSION

The final synthesis included 158 studies. Only 17 included studies were published between 2021 and 2023,
compared with 80 in 2024 and 61 in 2025. No eligible study in the final corpus was dated up to January 27,
2026. The geographical analysis indicated that China and the United States contributed the largest numbers of
studies, followed by Australia, Turkey, and the United Kingdom, with research distributed across more than 30
countries.

RQ1: GenAl tools and learning purposes. ChatGPT was the dominant tool in the literature, occurring in 112
of the 158 studies (70.9%). Gemini/Bard appeared in eight studies (5.1%), Microsoft Copilot in six (3.8%),
Claude in four (2.5%), Llama in three (1.9%), DeepSeek in two (1.3%), and Perplexity Al in two (1.3%).
Eighteen studies (11.4%) referred to GenAl without identifying a specific platform. The predominance of
ChatGPT is consistent with earlier reviews that identify it as the most visible GenAl application in education
(Bhullar et al., 2024; Mohebi, 2024). The concentration also creates a research gap because evidence about newer
tools is still comparatively small.

Academic writing and essay support was the most frequently reported application area, accounting for 28 studies
(17.7%). Personalised tutoring and feedback followed with 22 studies (13.9%), while medical and health
professions education accounted for 18 studies (11.4%). Problem solving and clinical reasoning appeared in 14
studies (8.9%), STEM and mathematics in 10 (6.3%), language learning in eight (5.1%), assessment design and
feedback in seven (4.4%), programming and computer science in six (3.8%), and research support in five (3.2%).
These findings show that GenAl research has concentrated strongly on text-based and knowledge-intensive
activities. The smaller evidence base in programming, language learning, and STEM also points to the need for
further investigation of discipline-specific uses and limitations (Suh et al., 2025).

RQ2: Learning outcomes. The review identified 72 studies reporting positive effects on academic performance,
including grade improvement, knowledge retention, or task efficiency. This pattern is consistent with research
suggesting that GenAl can provide scaffolding and timely support when its use is aligned with learning tasks
(Pallant et al., 2025; Xia et al., 2025). However, the evidence was not uniformly positive. Nine studies reported
no significant difference, and seven reported negative effects. Fan et al. (2025) reported that students could
obtain higher short-term essay performance without corresponding gains in knowledge transfer or intrinsic
motivation, while Azeem and Abbas (2025) reported relationships between academic GenAl use, self-efficacy,
and learned helplessness. The findings therefore indicate that task performance and learning are not necessarily
equivalent outcomes.

In total, 88 of the 158 studies assessed academic performance as an outcome (72 positive, nine reporting no
significant difference, and seven negative); the remaining 70 studies did not assess academic performance and
are therefore not represented in these counts.
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Engagement and motivation showed a similar pattern. Thirty-four studies reported positive effects, four reported
mixed effects, and one reported a negative effect. Al-generated virtual instructors, for example, were associated
with increased affective engagement in one study (Chen et al., 2025). In contrast, Durgungoz and Durgungoz
(2025) observed that an initial increase in engagement with Al-generated gamified quizzes declined over time.
Skill-development evidence was also heterogeneous. Digital and Al literacy showed the most consistently
positive pattern, with 10 positive studies, one mixed/no-effect study, and no negative study in the extracted table.
Self-regulated learning included 12 positive, three mixed/no-effect, and four negative studies. Critical thinking
showed eight positives, six mixed/no-effect, and five negative studies; creativity showed four positives, five
mixed/no-effect, and three negative studies. Metacognitive awareness was the most concerning domain, with
three positive and six negative studies. These findings are consistent with the argument that explicit
metacognitive support can reduce risks of dependency and strengthen self-regulated learning (Xu et al., 2025;
Shomotova et al., 2026).

In total, 39 of the 158 studies assessed engagement or motivation (34 positive, four mixed, and one negative);
engagement or motivation was not assessed in the remaining studies.

RQ3: Factors influencing integration. Four broad categories emerged from the synthesis. Individual and
psychological factors were identified in 48 studies and included attitudes, digital self-efficacy, anxiety, prior
experience, perceived responsiveness, and enjoyment. Faculty anxiety and concerns about misuse were
associated with adoption intentions in one study (Verano-Tacoronte et al., 2025), while usability and enjoyment
were linked to student motivation and satisfaction in another (Kim et al., 2025). Ethical and social factors
appeared in 42 studies and included privacy, academic integrity, fairness, transparency, trust, and perceived
limitations. Institutional policies and support were identified in 35 studies, with evidence emphasising clear
guidelines, assessment redesign, administrative support, and training (Khlaif et al., 2024; Cabellos et al., 2024;
Xia et al., 2024. Technical infrastructure and design appeared in 28 studies, including accessibility, usability,
task-technology fit, and platform integration. Al-Emran et al. (2025) showed that task and technology
characteristics can shape task-technology fit, while Qi et al. (2024) highlighted the importance of critical
thinking, self-directed learning, and Al literacy in determining the quality of information students obtain from
GenAl

Methodologically, quantitative studies dominated the corpus (82; 52%), followed by mixed methods (35; 22%)
and qualitative studies (14; 9%). Of the 147 empirical studies, 16 used other or unspecified approaches (10%).
The six systematic reviews (4%) and five conceptual or theoretical papers (3%) were retained solely as
background and contextual references, consistent with the eligibility criteria; they are identified in
Supplementary Material S1 and were excluded from all outcome counts and the thematic synthesis. The
dominance of quantitative designs provides useful evidence about measurable outcomes but leaves less detailed
evidence about how educators and students experience GenAl in particular institutional and cultural contexts.
Geographical concentration similarly affects transferability. The strong representation of China and the United
States contrasts with the comparatively limited evidence from low-income settings, where infrastructure,
connectivity, institutional resources, and Al literacy may differ substantially.

Across the five skill domains, 70 domain assessments were reported: digital/Al literacy (11 studies), self-
regulated learning (19), critical thinking (19), creativity (12), and metacognitive awareness (9). Some studies
assessed more than one domain; a domain not assessed by a study is not represented in that study's counts.

The outcome evidence was also differentiated by evidential strength. Where findings relied on self-reported
perceptions (for example, perceived learning, confidence, or satisfaction) rather than measured learning gains
(for example, test performance or graded work), they are interpreted as perception evidence rather than
demonstrated learning effects; the evidential basis of each outcome is documented in Supplementary Material
S1. Interpretation of the outcome patterns also took account of sample size, study design, the presence or absence
of a comparator condition, and follow-up duration.

In addition, the association between digital competence and Al literacy reported by Shomotova et al. (2026) is
correlational and should not be interpreted as evidence that GenAl use itself improves these competencies; rather,
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pre-existing digital competence and critical thinking may shape both Al literacy and the quality of the
information students obtain from GenAl (Qi et al., 2024).

The findings summarised above constitute the verified results of the synthesis. The interpretive statements and
recommendations that follow are broader inferences drawn from these findings and are deliberately separated
here from the verified results.

Taken together, the findings indicate that GenAl integration is multidimensional. The evidence does not support
treating a particular tool as inherently educationally beneficial or harmful. Instead, outcomes vary with the
purpose of use, learner characteristics, pedagogical design, institutional support, ethical safeguards, and technical
conditions. The review is also subject to limitations. It included only English-language peer-reviewed studies
indexed in three databases, excluded grey literature, covered a rapidly changing period, and combined
heterogeneous study designs and outcome measures that did not permit a formal meta-analysis. Quality appraisal
involved researcher judgement despite the use of explicit JBI criteria. These limitations should be considered
when interpreting the scope and transferability of the synthesis.
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Figure 1:Prisma 2020 flowchart for study identification, screening, eligibility, and inclusion

Table 4: Annual distribution of included publications, 2021-2026

Year Number of publications Cumulative total
2021 3 3
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2022 10 13
2023 4 17
2024 80 97
2025 61 158
2026 (to Jan 27) 0 158
Total 158 —

Note: Publication output peaked at 80 studies in 2024 and then declined to 61 studies in 2025; the 2025 output
nevertheless remained substantially higher than the 17 studies published across 2021-2023. (Corrected: the
previous version of this note did not acknowledge the decline from 80 to 61 publications.)

Table 5: Distribution of methodological approaches

Methodological approach n Percentage
Quantitative 82 52%

Mixed methods 35 22%
Qualitative 14 9%
Systematic reviews 6 4%
Conceptual/theoretical 5 3%

Not specified/other 16 10%

Total 158 100%

Note: The corpus comprised 147 empirical studies contributing to the synthesis (quantitative, mixed methods,
qualitative, and other/unspecified approaches) and 11 background references (six systematic reviews and five
conceptual/theoretical papers) that were excluded from outcome counts and thematic synthesis.

Table Sa: Alignment of research questions, themes, and codes used in the thematic synthesis

Research question

Theme

Illustrative codes

RQ1: Tools and learning
purposes

GenAl tools in use

ChatGPT; Gemini/Bard; Microsoft Copilot; Claude;
Llama; DeepSeek; Perplexity AI; unspecified GenAl
tools

RQ1: Tools and learning
purposes

Learning purposes /
application areas

Academic writing and essay support; personalised
tutoring and feedback; problem-solving and clinical
reasoning; language learning; programming/computer
science; assessment design and feedback; research

psychological factors

support
RQ2: Learning outcomes | Academic Grade improvement; knowledge retention; task
performance efficiency; no significant difference; negative effects
RQ2: Learning outcomes | Engagement and | Affective, behavioural, and cognitive engagement;
motivation sustained motivation; engagement decline over time
RQ2: Learning outcomes | Skill development Digital/Al literacy; self-regulated learning; critical
thinking; creativity; metacognitive awareness
RQ3: Integration factors Individual and | Attitudes; digital self-efficacy; anxiety; prior experience;

perceived responsiveness; enjoyment

RQ3: Integration factors Ethical and social | Privacy; academic integrity; fairness; transparency; trust;
factors perceived limitations

RQ3: Integration factors Institutional and | Guidelines; assessment redesign; administration; training
support factors

RQ3: Integration factors Technical Accessibility; usability; task-technology fit; platform
infrastructure ~ and | integration
design
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Table 6: Generative Al tools represented in the included studies

GenAl tool Occurrences Percentage of studies
ChatGPT (GPT-3.5/GPT-4/GPT-40) 112 70.9%
Unspecified GenAl tools 18 11.4%
Gemini/Bard 8 5.1%
Microsoft Copilot 6 3.8%
Claude 4 2.5%
Llama 3 1.9%
DeepSeek 2 1.3%
Perplexity Al 2 1.3%
Other (single occurrence each) 3 1.9%
Total 158 100%

Table 7: Application areas of Generative Al in higher education research

Application area Studies Percentage
Academic writing and essay support 28 17.7%
Personalised tutoring and feedback 22 13.9%
Medical and health professions education 18 11.4%
Problem-solving and clinical reasoning 14 8.9%
STEM/mathematics education 10 6.3%
Language learning 8 5.1%
Assessment design and feedback 7 4.4%
Programming/computer science education 6 3.8%
Research support 5 3.2%
Other/not specified 40 25.3%
Total 158 100%

Note: Application areas were coded by primary educational purpose (for example, writing support, tutoring, or
assessment design). Categories are not mutually exclusive; where a study served more than one purpose, the
primary purpose reported by the study authors was coded. Disciplinary settings (for example, medical and health
professions education and STEM/mathematics education) are listed alongside purposes because a substantial
share of GenAl research is organised around professional disciplines.

Table 8: Reported effects of Generative Al on student skill development

Skill domain Positive Mixed/no effect Negative
Digital/Al literacy 10 1 0
Self-regulated learning 12 3 4
Critical thinking 8 6 5
Creativity 4 5 3
Metacognitive awareness | 3 0 6

Note: Denominators differ across domains because not all studies assessed every skill; the number of studies
contributing to each domain is reported in the text.

Table 9: Main factors influencing effective GenAl integration

Factor category Studies identifying | Examples of factors
the category
Individual and psychological 48 Attitudes, self-efficacy, anxiety, prior experience,
responsiveness, enjoyment
Ethical and social 42 Privacy, academic integrity, fairness, transparency, trust
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Institutional and support 35 Guidelines, assessment redesign, administration, training
Technical infrastructure and design 28 Accessibility, usability, task-technology fit, platform
integration

Note: Factor categories are not mutually exclusive; a single study could contribute to more than one category,
so the category counts do not sum to 158.

CONCLUSION

This systematic review synthesised 158 peer-reviewed studies on Generative Artificial Intelligence in higher
education published between January 2021 and January 27, 2026. GenAl was examined mainly through
ChatGPT, academic writing, personalised tutoring, feedback, and other text-based learning activities. ChatGPT
appeared in 112 studies (70.9%), while academic writing and essay support was the most frequently reported
application area. The literature has therefore concentrated on a narrow set of tools and uses even as the GenAl
landscape expands.

The evidence concerning learning outcomes is encouraging in some areas but heterogeneous. Seventy-two
studies reported positive effects on academic performance, and digital and Al literacy showed a predominantly
positive pattern. Engagement and motivation were also frequently positive, although some evidence indicated
that initial engagement may decline over time. Critical thinking, creativity, self-regulated learning, and
particularly metacognitive awareness produced more mixed findings. Several studies identified risks associated
with uncritical reliance, including reduced knowledge transfer, dependency, and weaker metacognitive
engagement. Thus, efficiency in completing an academic task should not automatically be treated as equivalent
to durable learning. GenAl may support learning when it is embedded in activities that require students to
question, verify, explain, compare, revise, and reflect on Al-generated content.

Effective integration also depends on conditions surrounding the technology. Individual readiness, attitudes,
confidence, prior experience, and anxiety influence use. Ethical and social concerns concerning privacy,
academic integrity, fairness, transparency, and trust shape adoption. Institutional policies, professional
development, assessment design, and administrative support provide an organisational framework, while
infrastructure, accessibility, usability, and task-technology fit determine practical feasibility. These factors are
interconnected. Training, for example, can strengthen users’ ability to evaluate Al outputs, while assessment
policies can influence whether GenAl becomes pedagogically productive or simply a shortcut.

The recommendations that follow are interpretive inferences derived from the synthesised evidence rather than
verified findings. For higher education institutions, the evidence supports a contextual approach. Institutions
should provide clear guidance on acceptable use, academic integrity, transparency, and verification of Al-
generated information. Professional development should include Al literacy, critical evaluation, ethical decision
making, and pedagogical design. Assessment practices can place greater emphasis on learning processes,
explanation, reflection, and application rather than final written products alone. Educators can provide
metacognitive scaffolding so that students use GenAl as a resource for thinking rather than a substitute for
thinking. Technology developers should also consider source transparency, reliability, citation support, and
features that encourage self-regulated learning (Bawn et al., 2026; Kodra et al., 2025).

Future research should include longitudinal studies, qualitative and mixed-methods research, comparisons of
emerging GenAl tools, and more evidence from low-resource contexts. Discipline-specific research and
intervention studies are also needed to determine which pedagogical approaches work, for whom, and under
what conditions. Research on sustained teaching and learning innovation can also help institutions understand
how GenAl-related practices become embedded over time (Bearman et al., 2024). Overall, the evidence presents
GenAl as a flexible educational technology whose effects depend on purpose, pedagogy, learner characteristics,
institutional support, ethical safeguards, and technical conditions. Its integration should therefore be guided by
explicit learning objectives, critical engagement, appropriate assessment, learner autonomy, and responsible use
rather than by technology access alone.
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