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As artificial intelligence (AI) becomes increasingly embedded in higher education, it is 
simultaneously transforming how interdisciplinary education is conceived, delivered and 
evaluated. This study presents a systematic review of 59 recent studies to investigate the 
evolving relationship between AI and interdisciplinary education in higher education. 
Guided by four research questions, we examined (a) the forms of interdisciplinary education 
emerging in the AI context; (b) the main research focuses within this intersection; (c) the 
functional roles AI plays in interdisciplinary settings; and (d) the impact of AI on different 
educational stakeholders. Findings indicate that AI-supported interdisciplinary education 
includes the integration of science, technology, engineering and mathematics (STEM) and 
science, technology, engineering, art and mathematics (STEAM); non-STEM applications; 
cross-disciplinary curricula; and diverse student backgrounds. The literature search 
identified three primary research focuses: AI system and tool development, AI-empowered 
curriculum transformation and AI-based learning analysis and evaluation. Functionally, AI 
acts as an evaluator, agent, monitor and assistant, reshaping how knowledge is constructed 
and assessed across disciplines. Finally, this study developed an interdisciplinary human-AI 
interactive learning model, providing a conceptual reference framework for AI-supported 
interdisciplinary teaching and outlining five directions for future research. This review offers 
critical insights for researchers, educators and policymakers seeking to navigate the 
challenges and opportunities at the intersection of AI and interdisciplinary higher 
education. 
 
Implications for practice or policy: 

• Course instructors can embed AI-supported activities that promote interdisciplinary 
problem-solving. 

• Institutions should establish policies on AI ethics, bias, transparency and student data 
privacy. 

• Educators need sustained training to build practical AI literacy. 

• Policymakers should ensure equitable access to AI tools for all learners. 

• Programmes should align AI use with sustainability and global citizenship goals. 
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Introduction 
 
Interdisciplinary education in higher education is an instructional paradigm that transcends traditional 
disciplinary boundaries, integrating knowledge, methods and epistemologies from multiple fields to 
address complex, real-world challenges (Cai et al., 2025). With the rising intricacy of global issues, the 
need for learners who can navigate and synthesise knowledge across domains has become increasingly 
urgent. Interdisciplinary education cultivates such competencies, equipping students with the ability to 
think critically across disciplines and apply integrated knowledge to solve multifaceted problems (Spelt et 
al., 2009). As such, it is vital to enhancing educational quality, fostering innovation and preparing students 
for diverse professional futures (Markauskaite et al., 2024). 
 
Artificial intelligence (AI) refers to digital systems that simulate human cognitive functions such as 
learning, reasoning and language processing (Banh & Strobel, 2023; Haenlein & Kaplan, 2019). AI has 
emerged as a transformative force in this context, both enabling and reshaping interdisciplinary teaching 
and learning in higher education. AI technologies offer personalised learning experiences, expanded 
access to educational resources and advanced platforms for integrating cross-domain knowledge (Bond 
et al., 2024; Chiu et al., 2023; Xia et al., 2024; Xia et al., 2025). However, integrating AI into interdisciplinary 
education often requires navigating complex technological infrastructures, managing heightened 
cognitive demands, addressing methodological inconsistencies and confronting ethical concerns such as 
data privacy and algorithmic bias. For example, while the development of AI has provided a broader range 
of technological options and AI is expected to play an increasingly significant role in interdisciplinary 
teaching and learning processes (Cai et al., 2025), teachers and students often lack the knowledge to 
select the most suitable AI tools for their specific needs to enhance teaching and learning efficiency. These 
limitations underscore the need for a more nuanced understanding of how AI functions in interdisciplinary 
contexts, particularly regarding its pedagogical roles and effects on learning processes. 
 
Recent reviews have highlighted AI's role in adaptive systems, personalisation (Bond et al., 2024; Yusuf et 
al., 2024) and its applications in interdisciplinary learning through models, robots, systems and 
frameworks (Cai et al., 2025), with noted impacts on learning outcomes, argumentation, experience and 
teaching. However, key gaps remain: (a) limited understanding of AI's support across different 
interdisciplinary models (e.g., science, technology, engineering, art and mathematics [STEAM] vs non- 
STEM [science, technology, engineering and mathematics]); (b) lack of holistic analysis of AI's influence 
on curriculum, interaction and assessment (Heeg & Avraamidou, 2023); (c) fragmented discussion on AI's 
functional roles (Caratozzolo et al., 2022; Schmitt & Beneder, 2024); and (d) insufficient attention to 
stakeholder-specific impacts on cognitive and behavioural dimensions (Spelt et al., 2009). 
 
To address these gaps, this systematic literature review aimed to synthesise and critically analyse current 
research on AI-supported interdisciplinary education in higher education, while advancing conceptual 
development by attempting to construct an interdisciplinary learning model suited to human-AI 
collaborative contexts. Specifically, it is guided by the following research questions (RQs): 
 

• RQ1: In the context of AI, in what forms is interdisciplinary education conducted in higher 
education? 

• RQ2: What are the main research focuses of interdisciplinary education in higher education 
under the AI context? 

• RQ3: What roles does AI play in interdisciplinary education in higher education, and what are its 
effects? 

• RQ4: How does AI impact different stakeholders in higher education? 
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Methodology 
 
Literature search 

 
This study followed the PRISMA 2020 guidelines (Page et al., 2021) to ensure transparency and rigor. The 
search strategy, informed by previous reviews (Bond et al., 2024; Cai et al., 2025; Zawacki-Richter et al., 
2019), was conducted in January 2025, across Web of Science, Scopus, ERIC, ProQuest and PsycINFO. The 
full search strings are presented in Table 1. Concepts such as multidisciplinary, interdisciplinary, cross-
disciplinary and transdisciplinary learning are closely related, although scholars distinguish them by 
varying degrees of integration and boundary crossing (Davies et al., 2010; Stember, 1991). In practice, 
however, these distinctions often blur in educational contexts, where interactions among multiple 
disciplines rarely align neatly with theoretical categories. Therefore, this review adopted a broader usage 
of interdisciplinary to refer generally to dialogue or interaction among two or more disciplines (Moran, 
2010, pp. 13–16). 
 
Table 1 
Search strings 

AI Interdisciplinary Higher education 

AI OR GenAI OR “generative AI” OR 
“generative artificial intelligence” OR 
“Large Language Model” OR LLMs OR 
ChatGPT OR GPT OR Chatbot OR 
Claude OR “Deep learning” OR 
“virtual assistants” OR “natural 
language processing” OR NLP OR 
“learning analytics” 

interdisciplinary OR 
cross-disciplinary OR 
multidisciplinary OR 
“multiple disciplines” OR 
trans-disciplinary OR 
transdisciplinary OR 
“hybrid disciplines” OR 
STEAM OR STEM 

“higher education” OR 
university OR college OR 
undergraduate OR graduate OR 
“tertiary education” OR “post-
secondary education” OR 
postgrad* OR “university 
student” OR “graduate 
education” OR “graduate 
school” 

 
Inclusion and exclusion criteria and screening 
 
A total of 2,950 records were retrieved (see Figure 1) and imported into EndNote 21 for management. 
Following both automated and manual deduplication, 666 duplicates were removed, resulting in 2,284 
articles for title and abstract screening. All of us collaboratively screened an initial set of 75 records to 
ensure coding consistency. The remaining articles were independently screened by the first two of us, 
with the third conducting verification. After excluding 1,976 articles, 308 full-text articles were assessed 
for eligibility, of which 249 were excluded. Ultimately, 59 studies met the criteria and were included in 
the final review. The inclusion and exclusion criteria are as shown in Table 2. 
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Figure 1. Study selection process 
 
Table 2 
Inclusion and exclusion criteria 

Inclusion criteria Exclusion criteria 

The research subjects and domains 
pertain to higher education. 

Studies focusing on K–12, special education or other non-
higher education contexts are excluded. 

The studies should report the 
application of AI technologies in 
educational contexts. 

Some studies present AI as a learning topic rather than a 
teaching tool in interdisciplinary education. 

The research topic must fall within the 
scope of interdisciplinary domains. 

Articles that discuss the relationship between AI and 
education but do not engage with the topic of 
interdisciplinary education are excluded. 

 
Quality evaluation 

 
This review included quantitative, qualitative and mixed methods studies; accordingly, a hybrid quality 
assessment framework was developed by integrating standards from both paradigms. Drawing on the 
medical education research study quality instrument and previous studies (Hooshyar et al., 2024), six 
evaluation criteria were applied to each study type. Each criterion was scored from 0 (not mentioned) to 
3 (well addressed). A total of 59 studies were assessed, with scores ranging from 8 to 15 (see the 
Appendix). No studies were excluded based on quality scores. 
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Data coding 
 
We (the first three of us authors: two independent coders and one moderator) collaboratively conducted 
the data coding. A coding framework was developed and refined through a pilot test on 20 articles, 
drawing on established classification approaches (Cai et al., 2025; Xia et al., 2025; Xia et al., 2026). Coding 
was conducted collaboratively by the three of us; ambiguities were resolved through discussion, with 
unresolved cases adjudicated by the last of us authors. Final results were compiled in a structured table 
(see Table 3), with an inter-coder reliability of 0.85. 
 
Table 3 
Coding results (N = 59) 

Author (year) Regiona Interdisciplinary 
formb 

AI 
formc 

Role 
of AId 

Research 
focuse 

Impacted 
objectf 

Impacted 
dimensiong 

Adeika et al. 
(2024) 

USA STEM TEF EVL,  
AST 

CTT TCR BHV 

Akser et al. 
(2017) 

UK STEAM EDU AST TSD STU, TCR COG, BHV, 
EMO 

Akula et al. 
(2024) 

India NS, CSB EDU AGN, 
AST 

CTT STU COG, BHV, 
EMO 

Alenezi 
(2024) 

Spain IS, CSB EDU, 
TEF 

EVL, 
AGN, 
MNT, 
AST 

ALE STU, 
TCR, SAF 

COG, BHV, 
EMO 

Algahtani 
(2024) 

Saudi 
Arabia 

IS EDU EVL,  
AGN, 
MNT, 
AST 

ALE STU, 
TCR, SAF 

COG, BHV, 
EMO 

Ali et al. 
(2023) 

Germany STEM EDU AGN TSD STU COG, BHV, 
EMO 

Almahdi & 
Sharef (2023) 

Bahrain STEM EDU MNT ALE STU BHV 

Ayanwale 
(2024) 

South 
Africa 

CSB GRL MNT ALE STU COG, BHV 

Baghel et al. 
(2024) 

USA CSB GRL AGN ALE TCR COG, BHV 
 

Bertolini et al. 
(2023) 

USA STEM TEF EVL ALE TCR COG, BHV 

Borges et al. 
(2024) 

Switzerland STEM EDU EVL, 
AST 

ALE STU, TCR COG, BHV 

Calderón et 
al. (2024) 

Spain STEM EDU EVL, 
MNT, 
AST 

TSD STU, TCR COG, BHV 

Caratozzolo 
et al. (2022) 

Mexico STEM EDU EVL CTT STU COG, BHV 

Chen et al. 
(2023) 

USA NS EDU AGN CTT STU, TCR COG, BHV, 
EMO 

Chen et al. 
(2024) 

Mainland 
China 

CLC GRL AST CTT STU, TCR COG, BHV 

Chiang (2021) Taiwan IS EDU EVL, 
AST 

TSD STU COG, BHV 

Chu & Liu 
(2024) 

Mainland 
China 

NS GRL AST CTT STU, TCR COG, BHV 

Chun & Elkins 
(2023) 

USA NS GRL AST ALE STU COG, BHV 
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Author (year) Regiona Interdisciplinary 
formb 

AI 
formc 

Role 
of AId 

Research 
focuse 

Impacted 
objectf 

Impacted 
dimensiong 

Deng et al. 
(2024) 

Mainland 
China 

CLC GRL AST CTT STU, 
TCR, SAF 

COG, BHV 

Eaton (2017) USA CSB RBT AGN, 
AST 

TSD STU COG, BHV 

Fareed et al. 
(2024) 

UAE CSB, CLC GRL AST TSD STU COG, BHV 

Feng & 
Magana 
(2021) 

USA STEM EDU AGN TSD STU COG 

Hsu et al. 
(2025) 

Taiwan IS, CSB EDU AGN, 
AST 

CTT STU, TCR COG, BHV, 
EMO 

Jendreiko 
(2024) 

Germany IS, CSB, CLC EDU AST CTT STU COG, BHV, 
EMO 

Ji et al. (2024) Mainland 
China 

STEM GRL AST ALE STU COG 

Kalthoff et al. 
(2022) 

Germany CSB TEF EVL, 
AST 

CTT STU COG, BHV 

Kamukapa et 
al. (2024) 

South 
Africa 

NS GRL EVL CTT STU, 
TCR, SAF 

COG, BHV 

Keating 
(2019) 

USA STEAM, CSB, 
CLC 

EDU, 
RBT 

AGN, 
MNT, 
AST 

CTT STU COG, EMO 

Khan et al. 
(2020) 

USA STEM TEF AST CTT STU COG, BHV 

Khan et al. 
(2020) 

USA STEM TEF AST CTT STU COG, BHV 

Kovari et al. 
(2024 

Hungary CLC GRL AST CTT STU COG 

Lee (2023) USA STEM TEF AST ALE STU, TCR BHV 
Lee et al. 
(2021) 

USA STEM RBT AGN, 
AST 

ALE STU BHV 

Li (2017) Macao SAR NS GRL AST CTT STU, TCR BHV 
Li (2021) Mainland 

China 
NS EDU EVL, 

AST 
TSD STU, TCR BHV 

Li, Lloyd et al. 
(2023) 

USA STEM TEF EVL TSD STU, TCR COG 

Li, Wang et al. 
(2023) 

USA STEM EDU AST CTT STU COG 

Lin et al. 
(2021) 

Taiwan STEM EDU MNT, 
AST 

CTT STU COG, BHV, 
EMO 

Loukatos et 
al. (2022) 

Greece STEM RBT AST CTT STU COG 

Lünich et al. 
(2024) 

Germany IS EDU EVL, 
AST 

ALE STU COG, BHV, 
EMO 

McInnis-
Dominguez 
(2023) 

USA NS, CSB, CLC GRL AST ALE STU COG, BHV 

Mehrabi et al. 
(2024) 

Iran STEM TEF AGN CTT STU, TCR BHV 

Menkhoff & 
Teo (2022) 

Singapore NS RBT AST CTT STU COG 
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Author (year) Regiona Interdisciplinary 
formb 

AI 
formc 

Role 
of AId 

Research 
focuse 

Impacted 
objectf 

Impacted 
dimensiong 

Miao et al. 
(2020) 

Mainland 
China 

STEM TEF EVL ALE STU, TCR BHV 

Okoye & Ja 
(2024) 

USA STEM EDU EVL,  
MNT, 
AST 

TSD STU COG, BHV 

Oprea (2020) Romania STEM EDU, 
TRF 
RBT 

AST TSD STU COG, BHV 

Ortega et al. 
(2024) 

USA STEM EDU EVL, 
AGT 

ALE STU COG, BHV 

Orthaber et 
al. (2020) 

Austria STEM TEF EVL TSD STU, TCR BHV 

Ou (2024) Mainland 
China 

NS GRL AST ALE STU COG 

Phummapooti 
et al. (2024) 

Thailand CLC TEF AST ALE STU BHV 

Pupic et al. 
(2023) 

Canada IS EDU MNT, 
AST 

CTT STU, TCR COG, BHV, 
EMO 

Stadelmann 
et al. (2021) 

Switzerland CLC EDU AST CTT STU, TCR COG 

Su (2022) Taiwan CLC EDU, 
RBT 

EVL, 
AST 

CTT STU COG 

Tan & Lim 
(2023) 

Malaysia STEM TEF EVL ALE STU, TCR COG, BHV 

Xiang et al. 
(2024) 

Mainland 
China 

CSB EDU AST ALE STU COG, BHV 

Yao et al. 
(2020) 

Taiwan STEM RBT AST TSD STU COG, BHV, 
EMO 

Yu & Yang 
(2024) 

Mainland 
China 

STEM TEF EVL ALE STU COG 

Zhong et al. 
(2024) 

Singapore CSB GRL AST CTT STU COG 

Zönnchen et 
al. (2024) 

Germany STEM EDU, 
TEF 

EVL, 
AST 

CTT STU COG, BHV 

aUSA: United States of America; UK: United Kingdom; UAEL United Arab Emirates; Macao SAR: Macau Special 
Administrative Region. 
bSTEM; STEAM; NS: non-STEM; IS: inter-STEM; CSB: cross-disciplinary student backgrounds; CLC: cross-
disciplinary learning content. 
cGRL: general AI; EDU: educational AI; TEF: technical framework; RBT: robot. 
dEVL: evaluate; AGN: agent; MNT: monitor; AST: assistant. 
eTSD: AI tools and system development; CTT: AI-empowered curriculum and teaching transformation; ALE: the 
application of AI in learning analysis and educational evaluation. 
fSTU: student; TCR: teacher; SAF: staff. 
gCOG: cognition; BHV: behaviour; EMO: emotion. 

 

Results 
 
RQ1: In the context of AI, in what forms is interdisciplinary education conducted in 
higher education? 
 
Six forms of interdisciplinary education were identified, as shown in Figure 2. Within STEM (n = 26), 
intelligent tutoring systems and AI-driven models enhanced understanding in domains such as electrical 
circuits and biology by linking engineering, physics and data science (Bertolini et al., 2023; Feng & Magana, 
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2021). Computer vision and personalised learning platforms further supported adaptive, experiment-
based instruction across STEM disciplines (Adeika et al., 2024; Ali et al., 2023), while AI tools such as 
ChatGPT were integrated into teacher training alongside cultural themes and hardware design to promote 
interdisciplinary pedagogy (Ji et al., 2024). 
 
Firstly, within STEAM (n = 2), arts integration into AI-related education combined technical skills with 
human-centred inquiry. For example, SceneMaker, an AI-based storytelling platform, engaged students 
in computing, drama and music, linking emotional expression with technical design (Akser et al., 2017). 
Similarly, Carnegie Mellon's AI and Humanity course integrated robotics with philosophy, literature and 
ethics to examine AI's social implications (Keating, 2019).  
 
Secondly, within non-STEM fields (n = 10), AI advanced interdisciplinary teaching and curriculum 
innovation towards social and cultural goals. In journalism, AI-driven storytelling frameworks promoted 
data literacy with attention to ethics and communication (Chen et al., 2023). In design, machine learning 
analysed cultural motifs to inform curriculum reform in ethnic minority regions (Chu & Liu, 2024). Public 
administration integrated AI for digital governance education and the reduction of the digital divide 
(Kamukapa et al., 2024), while theatre education adopted mobile AI tools to enrich performance-based 
learning (Li, 2017). 
 
Thirdly, within inter-STEM education (n = 8), AI integrated multiple STEM domains to foster system-level 
thinking and ethical awareness. Studies have demonstrated technical integration through smart home 
modules, natural language processing-supported mathematics assessments and adaptive e-notebooks 
that connected engineering content with learning theory (Okoye & Ja, 2024; Tan & Lim, 2023; Yao et al., 
2020). Other research has emphasised ethical and human-centred considerations, examining fairness in 
AI prediction systems, radiology training aligned with policy and evaluations of AI tools in terms of 
interface, pedagogy and ethics (Lünich et al., 2024; Pupic et al., 2023; Algahtani, 2024). Project-based 
learning further linked AI, robotics, mechatronics and design thinking to support collaboration and 
innovation (Hsu et al., 2025; Schmitt & Beneder, 2024). 
 
Fourthly, within cross-disciplinary student backgrounds (n = 14), AI education integrated diverse 
disciplines that shape students' engagement and understanding. STEM and non-STEM students have 
shown different adoption patterns (Ayanwale, 2024), and subfields affected how gender bias appears in 
reflective writing (Baghel et al., 2024). At the curricular level, programmes have accommodated 
heterogeneous cohorts, including healthcare, law, informatics and speech therapy (Kalthoff et al., 2022) 
and mixed groups in business, humanities, science and engineering engaging in AI ethics debates (Zhong 
et al., 2024). Furthermore, cross-field collaboration and peer learning have strengthened AI literacy and 
research application (Alenezi, 2024; Xiang et al., 2024). 
 
And lastly, within cross-disciplinary content (n = 10), AI integrated learning across domains to promote 
synthesis and practice-oriented learning. For example, ChatGPT has facilitated projects combining 
finance, mathematics and programming (Chen et al., 2024) and has enhanced nuclear medicine education 
by connecting biology, chemistry, ethics and clinical practice (Deng et al., 2024). Similarly, real-world AI 
applications like facial recognition have promoted scientific reasoning and technological literacy (Su, 
2022). 
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Figure 2. Interdisciplinary education in higher education 
 
RQ2: What are the main research focuses of interdisciplinary education in higher 
education under the AI context? 

 
As shown in Figure 3, a central focus of interdisciplinary AI research in higher education is the 
development of customised AI tools and platforms (n = 14). One theme advanced intelligent instructional 
and assessment systems, including teaching platforms, automated constructed-response assessment 
models, algorithmic grading systems and hybrid evaluation frameworks based on the Internet of Things 
and deep learning (Li, 2021; Li, Wang et al., 2023; Orthaber et al., 2020). A second theme focused on 
applied system design, such as robotics-based instruction, robot operating system-supported AI 
engineering courses and edge-based AI platforms (Eaton, 2017; Oprea, 2020; Schmitt & Beneder, 2024). 
A third theme developed domain-specific tools, including AI-generated imagery in architectural 
education, adaptive e-notebooks and predictive assessment platforms like Codex (Calderón et al., 2024; 
Fareed et al., 2024; Okoye & Ja, 2024). 
 
Within curriculum and pedagogy, AI has driven interdisciplinary transformation to foster ethical, practical 
and cross-disciplinary competencies (n = 25). Studies have shown that AI supports project-based and 
hands-on learning across multiple fields, including engineering, STEM education, agriculture and the arts, 
while encouraging sustainability and ethical reflection (Jendreiko, 2024; Khan et al., 2020; Kovari et al., 
2024; Lin et al., 2021; Loukatos et al., 2022). Moreover, AI has reshaped teaching through personalised 
delivery, natutal language processing-based competency assessment, AI-supported classroom 
observation and hybrid learning models that promote critical engagement with AI's societal role (Adeika 
et al., 2024; Caratozzolo et al., 2022; Mehrabi et al., 2024; Stadelmann et al., 2021). 
 
Within learning analytics and educational evaluation, AI has supported predictive modelling and 
assessment redesign to enhance academic support and personalisation (n = 20). Much of the research has 
focused on prediction, using machine learning to forecast performance, detect at-risk students, identify 
key graduation courses and guide the selection of majors (Almahdi & Sharef, 2023; Lee, 2023; Ortega et 
al., 2024; Phummapooti et al., 2024). Other studies have extended this support through conversational AI 
for advising and career planning, as well as engagement detection tools for real-time analytics (Lee et al., 
2021; Yu & Yang, 2024). At the same time, some scholars have critically examined AI's pedagogical and 
evaluative implications, integrating it into digital humanities and questioning its performance on 
standardised assessments (Borges et al., 2024; Chun & Elkins, 2023; McInnis-Dominguez, 2023). 
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Figure 3. Interdisciplinary research focuses in higher education 
 
RQ3: What roles does AI play in interdisciplinary education in higher education, and 
what are its effects? 
 

 
Figure 4. Role of AI in facilitating interdisciplinary education 
 
As shown in Figure 4, studies have positioned AI as evaluators (n = 22): 
 

• Evaluating interdisciplinary education with general AI (n = 1): Kamukapa et al. (2024) offered a a 
curriculum-level evaluation approach to diagnose missing interdisciplinary AI preparedness and 
guide cross-departmental curricular redesign. 

• Evaluating interdisciplinary learning with educational AI (n = 13): Studies have shown that AI can 
enable more efficient, unbiased and comprehensive assessments by capturing both performance 
and process (Adeika et al., 2024; Caratozzolo et al., 2022) and use performance data to scaffold 
collaboration, problem-solving and targeted support (Borges et al., 2024; Lünich et al., 2024). 
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• Evaluating interdisciplinary education with AI-powered frameworks (n = 10): Studies have shown 
that AI can strengthen interdisciplinary education through personalised, scalable, adaptive 
assessment and feedback, including predictive analytics for instructional adjustment and 
automated scoring that captures disciplinary reasoning (Bertolini et al., 2023; Li, Lloyd et al., 
2023). Similarly, language- and code-focused systems can grade open-ended work with targeted 
feedback and detect domain-specific errors, such as programming errors, in real time (Miao et 
al., 2020; Tan & Kim, 2023). 

• Evaluating interdisciplinary learning with AI-powered robots (n = 1): Su (2022) demonstrated a 
replicable AI-supported project-based learning evaluation model using real-world robots to 
structure interdisciplinary tasks and triangulate learning through rubric-scored pretest and post-
test open-ended assessments, attitude measures and interviews. 

 
Next, studies have positioned AI as agents (n = 14): 
 

• General AI as an agent (n = 1) supported interdisciplinary education by processing diverse 
student reflections to enhance feedback and reduce bias (Baghel et al., 2024). 

• Educational AI as an agent (n = 10) provided adaptive, real-time support tailoring scaffolds to 
proficiency and sustaining engagement in technical domains (Ali et al., 2023; Feng & Magana, 
2021). It also supported complex interdisciplinary workflows such as data handling and 
storytelling and advanced design thinking through feedback and generative outputs (Chen et al., 
2023; Hsu et al., 2025). 

• AI as a technical framework (n = 3) leveraged educational data to enable personalised learning 
and inform delivery decisions (e.g., predicting course modality preferences), integrating diverse 
disciplinary inputs to support learning across contexts (Alenezi, 2024; Mehrabi et al., 2024). 

• AI-powered robots as interactive agents (n = 3) catalysed cross-disciplinary dialogue and 
prompted ethical, social and cultural reflection alongside technical learning. They also provided 
interactive guidance aligned with learners' goals and decisions (Keating, 2019; Lee et al., 2021). 

 
Furthermore, studies have positioned AI as monitors (n = 9): 
 

• General AI as monitors (n = 1):  Ayanwale (2024) examined cross-disciplinary uptake of AI 
chatbots by comparing STEM and non-STEM students' adoption drivers, such as relative 
advantage, compatibility and complexity, through survey-based multi-group modelling, 
identifying discipline-specific barriers and supports. 

• Educational AI as monitors (n = 8):  AI monitered learning patterns and used predictive analytics 
to identify risks and gaps early, enabling timely support for diverse learners (Almahdi & Sharef, 
2023; Lin et al., 2021). Interactive systems also provided real-time feedback and guidance during 
STEM and other cross-disciplinary tasks, enabling instructors to adapt instructional support 
based on learners' ongoing performance (Lin et al., 2021; Pupic et al., 2023). 

• AI as a monitor through technical frameworks (n = 1):  AI provided real-time feedback and 
insights; in Alenezi's (2024) example, machine learning and analytics monitored emotional 
intelligence and e-learning outcomes to customise support across disciplines. 

• AI-powered robots as a monitor (n = 1): Carnegie Mellon University has used robots to monitor 
student engagement so as to make interdisciplinary learning more interactive and participatory, 
while prompting cross-disciplinary discussion of AI's ethical and technological impacts (Keating, 
2019). 

 
Finally, studies have positioned AI as assistants (n = 43): 
 

• General AI tools like ChatGPT have served as versatile learning assistants (n = 11), generating 
instructional resources, explanations and personalised feedback while broadening access to 
cross-disciplinary knowledge that supports creativity and innovation (Chen et al., 2024; Chu & 
Liu, 2024; Deng et al., 2024). They have also advanced ethical and global aims by making complex 
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concepts accessible and prompting value reflection (e.g., eco-humanism), strengthening 
collaboration and perspectives for challenges such as sustainability (Kovari et al., 2024). 

• Educational AI have acted as an interdisciplinary learning assistant (n = 22) by automating 
technical work so students can focus on creative, analytical, cross-domain thinking (Akser et al., 
2017; Li, Lloyd et al., 2023). Tools blending computing with artistic or non-technical applications 
have fostered collaboration and creativity, while logic-oriented approaches (e.g., Prolog) have 
linked formal reasoning with aesthetics (Akser et al., 2017; Jendreiko, 2024). AI has also 
streamlined literature review and data analysis to support interdisciplinary graduate work (Xiang 
et al., 2024). 

• AI has acted as an interdisciplinary learning assistant through technical frameworks (n = 9) by 
enabling data-driven, scalable personalisation that supported hands-on application and tailored 
guidance across domains (Khan et al., 2020; Lee, 2023). For instance, Phummapooti et al. (2024) 
used machine learning to match students with suitable digital majors based on learning styles. 
Supporting this, infrastructure for AI-enabled robotics and experimentation has facilitated cross-
disciplinary implementation in higher education (Oprea, 2020). 

• AI-powered robots have acted as assistants in interdisciplinary learning (n = 8) by providing real-
time scaffolds for exploration, data interpretation and complex problem-solving in authentic 
settings (Loukatos et al., 2022; Yao et al., 2020). Alongside embodied robotics in domains such 
as smart homes and agriculture, natural language processing-based chatbots have guided 
experiential workshops and prototyping, sustaining engagement and offering immediate 
feedback during iterative design (Menkhoff & Lydia, 2022; Yao et al., 2020). 

 
RQ4: How does AI impact different stakeholders in higher education? 

 
As shown in Figure 5, this review first identified studies that revealed AI's impact on students in 
interdisciplinary education (n = 57): 
 

• From the affect perspective (n = 14), AI tools can elicit motivation, curiosity, anxiety and 
scepticism, especially when perceived as useful, trustworthy and compatible with learning needs 
(Ayanwale, 2024; Fareed et al., 2024). Structured AI programmes and interdisciplinary platforms 
can also reduce anxiety while strengthening confidence, self-efficacy and motivation through 
applied learning and real-time outcomes (Kalthoff et al., 2022; Schmitt & Beneder, 2024; 
Zönnchen et al., 2024). 

• AI can benefit student behaviour (n = 43) by leveraging behavioural or interaction data (e.g., 
engagement, decision-making) to predict outcomes, personalise guidance, support early 
intervention and better align learners' preferences with disciplinary pathways (Almahdi & Sharef, 
2023; Ayanwale, 2024; Lee et al., 2021; Li, 2021; Phummapooti et al., 2024). In classroom and 
hands-on contexts, AI can further strengthen participation and iterative problem-solving through 
interactive teaching systems programming and engineering feedback tools, and authentic design 
scenarios (Fareed et al., 2024; Kalthoff et al., 2022; Li, 2017; Miao et al., 2020; Orthaber et al., 
2020; Schmitt & Beneder, 2024; Zönnchen et al., 2024). AI also reshapes learning relationships 
by influencing student strategies and teacher practices, including tutoring and predictive 
supports and assessment adaptations to generative AI and integrity concerns (Algahtani, 2024; 
Borges et al., 2024). 

• AI can enhance students' cognition (n = 47) by supporting higher-order thinking, problem-solving, 
and cognitive load management across disciplines, helping learners tackle complex STEM tasks, 
strengthen scientific reasoning and decision-making and extend creativity and analytical skills 
(Fareed et al., 2024; Ji et al., 2024; Su, 2022; Yu & Yang, 2024; Zhong et al., 2024; Zönnchen et 
al., 2024). Adaptive platforms can also promote metacognition and deep engagement via 
personalised feedback and structured exploration (Calderón et al., 2024; Li, Lloyd et al., 2023; 
Stadelmann et al., 2021), empowering students and teachers to engage critically with disciplinary 
knowledge and advanced problem-solving across contexts (Alenezi, 2024; Algahtani, 2024; 
Ayanwale, 2024; Kalthoff et al., 2022; Schmitt & Beneder, 2024). 
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This review then identified studies that revealed AI's impact on teachers in interdisciplinary education (n 
= 26): 
 

• AI integration can shape teachers' affect (n = 7) by influencing trust, confidence and professional 
pressure, especially when reflective summaries or predictive analytics require teachers to 
interpret outputs and respond to at-risk flags (Baghel et al., 2024; Bertolini et al., 2023). AI 
environments can also generate renewed purpose and emotional complexity as educators 
navigate mentoring opportunities alongside enthusiasm, scepticism and concerns about loss of 
control or integrity challenges with tools like ChatGPT (Algahtani, 2024; Borges et al., 2024; 
Schmitt & Beneder, 2024). 

• AI can reshape teacher behaviour (n = 24) by shifting educators from knowledge deliverers to 
adaptive facilitators who use real-time analytics and feedback (e.g., computer vision, e-
assessment, explainable AI) to adjust instruction, support formative assessment and automate 
routine tasks, freeing attention for student-centred learning and higher-order thinking (Adeika 
et al., 2024; Li, 2017, 2021; Miao et al., 2020; Orthaber et al., 2020). It can also affect classroom 
dynamics via emotional-intelligence supports in gamified learning and assessment redesigns 
prompted by generative AI (Alenezi, 2024; Borges et al., 2024). 

• AI can enhance teachers' cognition (n = 18) by supporting information processing, instructional 
customisation, and critical thinking through guided exploration and reflection frameworks and 
learning analytics that provide real-time progress insights for shared teacher–student decision-
making (Algahtani, 2024; Bertolini et al., 2023; Calderón et al., 2024; Schmitt & Beneder, 2024; 
Stadelmann et al., 2021). AI can further reduce cognitive load and sharpen pedagogical judgment 
by identifying misconceptions, synthesising reflections and generating actionable indicators for 
timely feedback and data-informed adjustment, including in interdisciplinary project-based 
collaboration (Algahtani, 2024; Baghel et al., 2024; Bertolini et al., 2023; Li, Lloyd et al., 2023; 
Schmitt & Beneder, 2024). 

 
Lastly, this review identified studies that revealed AI's impact on staff in interdisciplinary education (n = 
4): 
 

• AI integration can shape staff's affect (n = 2) by automating administrative and library workflows 
and enabling satisfaction and sentiment monitoring, while change pressures and ethical risks can 
heighten anxiety and resistance (Alenezi, 2024; Algahtani, 2024). 

• AI can reshape staff behaviour (n = 4) by shifting clinical and academic staff towards AI-assisted 
research and document and assessment production with added verification, prompting 
curriculum staff to audit programs and pursue AI upskilling and automating routine library work 
to reallocate effort to higher-value services (Alenezi, 2024; Deng et al., 2024; Kamukapa et al., 
2024). 

• AI can enhance staff's cognition (n = 4) by boosting sensemaking (rapid literature synthesis and 
writing support), strengthening governance judgement (ethics and risk evaluation, human 
oversight of AI outputs and interpretation of analytics/UX evidence) and guiding curriculum and 
workforce reasoning (mapping AI competencies, diagnosing gaps and targeting upskilling for AI-
ready work) (Algahtani, 2024; Deng et al., 2024; Kamukapa et al., 2024). 
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Figure 5. Influences of AI on disciplinary development in higher education 
 

Discussion and conclusion 
 
This study has synthesised how AI is reshaping interdisciplinary education in higher education. First, with 
regard to RQ1, interdisciplinary learning is shifting towards dynamic, convergence-driven configurations. 
Second, with regard to RQ2, research increasingly emphasises practical innovations in tools, curricula and 
assessment, while raising concerns about ethics and equity. Third, with regard to RQ3, AI functions as 
evaluator, agent, monitor and assistant, reshaping instructional interactions and power dynamics. Fourth, 
with regard to RQ4, AI affects not only academic outcomes but also learners' cognitive and emotional 
experiences, underscoring the need for human-centred integration that sustains pedagogical agency. 
 
Despite rapid development, AI-supported interdisciplinary learning research reveals three major 
challenges. First, interdisciplinary design often lacks depth and contextual grounding. Many studies rely 
on short interventions, small samples or tasks that do not require genuine interdisciplinary integration, 
limiting sustained and meaningful learning experiences (Mehrabi et al., 2024; Zhong et al., 2024). 
Institutional constraints further restrict integration with authentic cultural and industry-linked contexts 
(Chu & Liu, 2024). Second, AI integration introduces technological, ethical and learner-related risks. Tool-
centred studies continue to face issues of accuracy, bias, misuse and immature assessment instruments 
(Fareed et al., 2024; Feng & Magana, 2021), while AI-computer vision applications raise concerns about 
privacy and transparency (Adeika et al., 2024). Limited differentiation by AI literacy (Lin et al., 2021) and 
risks of overreliance or disengagement (Algahtani, 2024; Borges et al., 2024) further complicate 
implementation. Third, human-centred AI implemented curricular models face challenges of scalability 
and generalisability. Although they acknowledge emerging AI risks, their reliance on context-specific 
adaptation limits broader applicability across institutions (Chun & Elkins, 2023). 
 
Based on these findings, we propose an interdisciplinary human-AI interactive learning model to guide 
balanced and context-sensitive implementation. As illustrated in Figure 6, AI-supported interdisciplinary 
education can be conceptualised as a distributed human-AI collaboration system structured across four 
interrelated dimensions: 
 

• Boundary mediation and knowledge integration: At the core of the model, AI supports the 
progression from interdisciplinary knowledge to thinking and action. By facilitating content 
integration across varying levels of complexity, AI mediates disciplinary boundaries and enables 
deeper cognitive expansion beyond single-domain expertise, guiding scaffolded cross-domain 
learning tasks. 
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• Role and capability distribution: The framework highlights differentiated AI roles (agent, 
assistant, evaluator and monitor) that align with task allocation and capability development. This 
orchestration allows AI to support collaboration and reasoning while preserving meaningful 
human agency through adaptive task allocation. 

• Ethical and equity governance: The outer system layer emphasises balance among efficiency, 
affective regulation, ethical oversight and capability expansion. This reflects concerns about bias, 
overreliance and unequal access, suggesting that AI integration must be institutionally guided 
rather than technologically driven, with embedded monitoring mechanisms. 

• Teacher agency and sustainable design: By redistributing cognitive and evaluative functions, the 
model underscores the need for sustained professional development and co-design practices, 
ensuring that AI supports long-term curricular goals such as sustainability, inclusion and global 
responsibility in authentic classroom implementation. 

 

 
Figure 6. Interdisciplinary human-AI interactive learning model 
 

Limitations and future directions 
 
This study has three limitations. Firstly, the search strategy excluded grey literature and was conducted 
only once, which may have led to the omission of recent studies in this rapidly evolving field. Secondly, 
the review did not include meta-analytical procedures or report effect sizes, limiting the practical 
applicability of the findings. Thirdly, generalisability is constrained by geographic concentration, as most 
included studies originated from technologically advanced regions, with limited representation from 
under-resourced educational contexts. 
 
Five key themes emerged from this study: 
 

• AI acts as a mediator of disciplinary boundaries, reshaping curriculum structures, faculty roles 
and student competencies by enabling both integration and pedagogical differentiation. 

• AI integration raises ethical and pedagogical concerns, including bias, overreliance and academic 
integrity, requiring critical institutional governance. 

• Issues of access, digital literacy and equity must be addressed to prevent new disparities in 
interdisciplinary programmes. 

• Teachers' professional development and agency are essential, as educators must move from 
passive users to active co-designers of AI-supported learning. 

• AI integration should align with sustainability, social justice and global citizenship, embedding 
ethical reflection alongside technical training. 
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Finally, future research may benefit from integrating agent-based active dialogue techniques, together 
with automated text-mining and bibliometric methods, to support more precise assessment and proactive 
intervention in AI-supported interdisciplinary learning. 
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