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Abstract 
 

The increasing integration of artificial intelligence (AI) in educational contexts 
calls for measurement instruments that adequately capture learners’ experiences 
from a neuroinclusive perspective. This study examines the conceptual structure 
of recent AI-in-education research to inform early phases of scale development. 
A systematic Scopus search identified 411 peer-reviewed journal articles pub-
lished between 2020 and 2025, which were analysed using Latent Dirichlet Al-
location topic modelling. Four latent domains were identified, reflecting general 
educational discourse on AI, analytical research perspectives, measurement and 
assessment, and medical or clinical training contexts. Lexical frequency analyses 
further indicated a limited representation of emotional and epistemic constructs.  

1 Irene Gianeselli contributed to conceptualization, methodology, formal analysis, and wri-
ting – original draft. Dario Ianes contributed to conceptualization. Rita Cosoli, Marco Ca-
davero, and Gaetano Scianatico contributed to conceptualization and writing – review & 
editing. Alessandro Oronzo Caffò contributed to methodology and writing – review & edi-
ting. Andrea Bosco contributed to methodology, writing – review & editing, and supervi-
sion.
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Keywords: Artificial intelligence; neurodiversity; topic modelling; scale deve-
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L’applicazione sempre più diffusa dell’intelligenza artificiale (IA) nei contesti 
educativi rende necessario disporre di strumenti di misurazione capaci di cogliere 
in modo preciso l’interazione degli studenti con tali strumenti in una prospettiva 
neuroinclusiva. Questo studio analizza la struttura concettuale della recente let-
teratura sull’IA in ambito educativo, con l’obiettivo di orientare le fasi iniziali 
dello sviluppo di una scala psicometrica. Attraverso una ricerca sistematica su 
Scopus sono stati individuati 411 articoli scientifici peer-reviewed pubblicati tra 
il 2020 e il 2025, analizzati mediante tecniche di topic modelling basate su Latent 
Dirichlet Allocation. Sono emersi quattro domini latenti, riferibili al discorso 
educativo generale sull’IA, alle prospettive analitiche della ricerca, alla misura-
zione e valutazione e ai contesti di formazione medica o clinica. L’analisi delle 
frequenze lessicali ha mostrato una presenza limitata di costrutti emotivi ed epi-
stemici.  
 
Parole chiave: intelligenza artificiale; neurodiversità; topic modelling; sviluppo 
di scala; psicologia dell’educazione. 

 
 
 

1. Introduction 
 

The expanding presence of Artificial Intelligence (AI) in education is reshaping 
how learners access information, receive feedback, and regulate cognitive pro-
cesses. Advances such as generative AI and intelligent tutoring systems have 
shifted AI from a peripheral technological aid to an interactive cognitive agent 
influencing learning behaviours and decision-making (Bosco, 2024). As AI be-
comes increasingly embedded in instructional environments, understanding 
learners’ cognitive, emotional, and behavioural experiences has become essential. 
Existing measurement instruments capture only part of this complexity. Vali-
dated scales, including the AI Attitude Scale (AIAS-4; Grassini, 2023), the Gen-
eral Attitudes toward Artificial Intelligence Scale (GAAIS; Schepman & 
Rodway, 2023), and the Threats of Artificial Intelligence Scale (TAI; Kieslich 
et al., 2021), primarily assess attitudes or perceived risks. However, they were 
not developed for educational contexts and do not capture the interplay among 
cognitive, emotional, and behavioural processes involved in learning with AI. 
Although research shows that AI can influence metacognition and socioemo-
tional engagement (Pacheco et al., 2025), emotional responses, as well as epis-
temic and affective–motivational states such as curiosity (Noordewier & 
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Gocłowska, 2024) and trust (McAllister, 1995), remain insufficiently measured. 
These gaps are particularly salient in neuroinclusive education (Dark, 2024). 
Learners who present distinct neurological profiles, including those associated 
with Autism Spectrum Disorders (ASD), Attention Deficit/Hyperactivity Dis-
order (ADHD), and dyslexia, as well as cognitive variations such as high intel-
lectual ability, may engage with AI differently due to variation in cognitive 
functioning (e.g., executive processing, attentional styles, sensory sensitivities, 
and metacognitive ability). A neurodiversity perspective suggests that AI tools 
may reduce cognitive load for some profiles while increasing uncertainty or emo-
tional discomfort for others (Hutson, 2024). Existing instruments do not ac-
count for neurological variability, which limits their suitability for 
neuro-inclusive educational research. A further limitation concerns emotional 
processes. Although AI has been associated with curiosity, motivation, explorato-
ry behaviour, anxiety, and error-related concerns (Montag & Elhai, 2025; Naiseh 
et al., 2025), these experiences are rarely operationalised in existing measures, 
constraining investigations of how affect interacts with learning outcomes and 
self-regulation. This study addresses these gaps by identifying the conceptual 
domains needed to assess the multidimensional impact of AI in neuroinclusive 
educational contexts. Through a systematic literature search and computational 
extraction of semantic patterns, it provides an evidence-informed foundation 
for developing a new measurement instrument and supports subsequent phases 
of scale development. 

 
 

2. Methods 
 
2.1 Literature Search and Corpus Preparation 

 
The Scopus search strategy was operationalised to retrieve peer-reviewed pub-
lications simultaneously addressing (a) artificial intelligence, (b) educational 
contexts, and (c) measurement or psychometric concepts. The search was con-
ducted on titles, abstracts, and keywords (TITLE-ABS-KEY), combining AI-
related terms (e.g., artificial intelligence, AI), educational terms (e.g., learning, 
student, teacher), and measurement-related terms (e.g., scale, instrument, vali-
dation, factor analysis). Specifically, records were included if their combined title, 
abstract, and keyword fields simultaneously contained terms related to (a) psy-
chometric measurement, (b) artificial intelligence, and (c) educational contexts, 
as operationalised in the Scopus query reported in Appendix A. Automatic fil-
tering was applied sequentially by publication year, document type, language, 
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and conceptual relevance inferred from text content. No manual screening was 
performed, ensuring full reproducibility of the document retrieval process. The 
search was restricted to journal articles published between 2020 and 2025 and 
written in English. This time frame was selected to capture the period in which 
AI systems (particularly generative and adaptive AI) became widely accessible 
in educational settings, leading to a substantive shift in both pedagogical prac-
tices and research on learner-AI interaction. Scopus was selected as the sole data 
source because its journal coverage is substantially broader than that of Web of 
Science, particularly in educational and technology-enhanced learning research 
(Mongeon & Paul-Hus, 2016), making it well suited to capturing recent devel-
opments in AI-mediated education. Records focusing exclusively on technical 
AI engineering without educational or psychological relevance were excluded. 
Titles, abstracts, author keywords, and index keywords of all eligible publications 
were extracted and concatenated into a unified text corpus. Conceptual inclu-
sion criteria were implemented exclusively through automated text-based filter-
ing rather than manual screening. After filtering, the final corpus consisted of 
411 publications, which were retained for text preprocessing and topic mod-
elling. 

 
 

2.2 Text Preprocessing and Topic Modelling 
 

All text-mining procedures were implemented in R (version 4.5.1) using the 
tidyverse, tidytext, slam, and topicmodels packages. Text preprocessing followed 
standard natural language processing procedures, including lowercasing, re-
moval of punctuation and stopwords (using the standard tidytext stop-word list), 
tokenisation into unigrams, removal of non-alphabetic tokens, and exclusion 
of tokens shorter than four characters. Tokens were aggregated into a document–
term matrix (DTM) using raw term counts as cell values. The resulting DTM 
exhibited high sparsity (98.45%), a pattern typical of scientific text corpora and 
consistent with the assumptions of probabilistic topic modelling. Latent Dirich-
let Allocation (LDA) was applied to identify latent semantic structures within 
the corpus. LDA is a hierarchical Bayesian model in which each document is 
represented as a mixture of latent topics and each topic as a probability distri-
bution over words (Blei, Ng, & Jordan, 2003). Prior research has shown that 
LDA can recover coherent conceptual structures in scientific corpora and edu-
cational research domains (Griffiths & Steyvers, 2004; Chen et al., 2021). Al-
though structural topic models allow the inclusion of document-level metadata 
(Roberts, Stewart & Tingley, 2019), classical LDA was considered appropriate 
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given the exploratory aim of identifying conceptual domains and the absence 
of theoretically relevant covariates. The number of topics was determined 
through combined inspection of perplexity trends and qualitative semantic co-
herence. Alternative solutions were examined. The k = 3 solution collapsed ed-
ucational, analytical, and measurement-related content into a single broad topic, 
whereas the k = 5 solution produced semantically overlapping domains with re-
duced interpretability. In contrast, the four-topic model provided clearer con-
ceptual separation while maintaining parsimony. 

 
 

2.3 Construct Identification and Model Adequacy Checks 
 

Construct identification involved interpretive examination of topic–word dis-
tributions. High-probability terms associated with each latent topic were in-
spected to identify semantically coherent patterns. Conceptual domains were 
derived solely from these semantic regularities and the terminology contained 
in the retrieved literature; no theoretical structures external to the dataset were 
imposed. Based on the identified domains, a preliminary set of item ideas was 
drafted to support later validation stages; items are not reported here as they re-
main in an early exploratory form. Model adequacy, stability, and interpretability 
were evaluated through multiple diagnostic procedures, drawing on recommen-
dations from probabilistic topic modelling (Blei et al., 2003; Griffiths & 
Steyvers, 2004), educational applications (Chen et al., 2021), and text-mining 
quality assurance in systematic reviews (O’Mara-Eves et al., 2015). First, sparsity 
of the document-term matrix (DTM) was examined. The corpus exhibited high 
sparsity (0.98), a pattern typical of natural-language educational corpora and 
consistent with LDA’s generative assumptions. Second, model fit across alter-
native values of k was assessed using perplexity. Inspection of the perplexity curve 
indicated diminishing improvements beyond the selected four-topic solution, 
supporting its adequacy relative to more complex models. Third, semantic co-
herence was calculated to evaluate the co-occurrence reliability of high-proba-
bility terms using log co-occurrence scores. For the retained four-topic solution, 
topic-level coherence values ranged from −70.10 to −33.64, reflecting substantial 
lexical sparsity and thematic dispersion typical of large educational corpora. Log 
co-occurrence-based coherence metrics produce negative values because they 
rely on the logarithm of word co-occurrence probabilities. In sparse natural-lan-
guage corpora, such probabilities are necessarily smaller than 1, resulting in neg-
ative log values. Fourth, topic stability was examined through nonparametric 
bootstrap resampling (50 replications). Stability was evaluated by inspecting the 
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consistency of high-probability terms across bootstrap solutions, which showed 
substantial overlap in the most salient terms within each topic. This procedure 
was intended as a qualitative robustness check rather than a formal inferential 
test. Finally, interpretability of document–topic distributions was assessed by 
examining posterior  values, which indicated clear dominant-topic probabilities 
(γ = .39–1.00) and relatively balanced topic prevalence across the four topics. 

 
 

3. Results 
 

The LDA model identified four latent topics with distinct semantic profiles, 
as indicated by topic–term probability distributions. One topic primarily cap-
tured general educational discourse around AI, characterised by terms such as 
education, learning, teachers, students, artificial, and intelligence. A second 
topic reflected research and analytical perspectives, with prominent terms in-
cluding analysis, research, factor, and study. A third topic centred on measure-
ment and assessment, featuring terms such as scale, factor, chatgpt, and students. 
Finally, a smaller yet distinct topic was characterised by medical and clinical 
terminology, including medical, health, clinical, study, and training. Document-
topic posterior distributions (γ) indicated that Topics 1, 2, and 3 accounted 
for most documents, whereas Topic 4 represented a smaller cluster. Each doc-
ument showed a dominant topic assignment (γ range = .39–1.00), supporting 
the interpretability of the four-topic solution and a clear dominant-topic struc-
ture across documents. Analysis of lexical frequencies revealed a strong con-
centration of terms related to educational, analytical, and AI-related content. 
The most frequent tokens in the corpus were education, analysis, artificial, in-
telligence, students, and learning, each occurring over one thousand times in the 
pre-processed text. In contrast, emotionally relevant terms occurred at substan-
tially lower frequencies. Tokens such as anxiety, engagement, emotional, trust, 
confidence, and fear together accounted for less than 0.2% of all tokens, as con-
firmed by aggregate frequency counts, indicating that emotional terminology 
constituted a marginal proportion of the lexical content in the analysed corpus. 
Emotional terminology was operationalised as a predefined set of affect-related 
tokens identified a priori. Relative frequencies were calculated as the proportion 
of total post-preprocessing tokens in the corpus, based on raw term counts 
rather than weighted measures. 
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4. Discussion 
 

This study mapped the conceptual structure of recent literature on artificial in-
telligence in educational contexts with the aim of informing the early phases of 
developing a neuroinclusive measurement instrument. The topic-modelling re-
sults delineate a field that is currently structured around a limited set of domi-
nant conceptual domains, with a clear emphasis on cognitive, analytical, and 
instructional aspects of AI use. These findings are consistent with accounts de-
scribing AI tools as cognitive partners that influence information processing, 
feedback interpretation, and self-regulatory demands in learning environments 
(Bosco, 2024; Pacheco et al., 2025). As such, the domains identified here provide 
an empirically grounded starting point for defining candidate constructs to be 
operationalised in subsequent scale-development phases. At the same time, the 
analysis revealed a marked underrepresentation of emotional terminology across 
the corpus. Although affective responses such as anxiety, trust, curiosity, and 
confidence are frequently discussed in conceptual and empirical work on hu-
man–AI interaction (Montag & Elhai, 2025; Naiseh et al., 2025), these con-
structs did not emerge as a coherent latent domain in the topic model and 
accounted for only a minimal proportion of lexical content. This pattern sug-
gests that emotional processes are not systematically foregrounded within the 
Scopus-indexed literature captured by the present search strategy, despite their 
documented relevance for engagement, persistence, and help-seeking. From a 
measurement perspective, this gap highlights the need for future instruments 
to explicitly incorporate affective dimensions rather than relying solely on cog-
nitively oriented constructs. A related observation concerns the absence of topics 
explicitly reflecting the involvement of different neurotypes in learning. Despite 
growing attention to neurodiversity in educational research (Dark, 2024), the 
corpus did not bear topics centred on neurodivergent learners or neurocognitive 
variability. This absence is more plausibly attributable to the current empirical 
focus of AI in education research rather than to a lack of theoretical relevance. 
Given established differences in executive functioning, attentional regulation, 
and uncertainty processing across neural profiles (Hutson, 2024), the exclusion 
of such perspectives may constrain understanding of how learners differentially 
experience and interpret AI-supported learning environments. Addressing this 
limitation represents an important direction for future research and measure-
ment development. The topic structure also included a domain characterised 
by medical, clinical, and professional training terminology. This topic is best in-
terpreted considering the disciplinary composition of the retrieved literature 
and the broad biomedical coverage of Scopus, rather than as a core educational 
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construct. Similar domain-dependent effects of corpus composition on text-
mining outputs have been noted in large-scale methodological studies (O’Mara-
Eves et al., 2015). While this domain is peripheral to the primary focus on 
educational and psychological measurement, its presence underscores the im-
portance of contextualising topic-modelling outputs within the characteristics 
of the source database and exercising caution when generalising conceptual 
structures beyond the retrieved corpus. Findings portray a research landscape 
in which cognitive and analytical dimensions of AI use are well represented, 
whereas emotional, neurodiversity-relevant, and practice-oriented educational 
constructs remain comparatively underdeveloped. By systematically identifying 
these imbalances, the present study contributes an evidence-informed basis for 
subsequent stages of scale development. In particular, the results support a mea-
surement agenda that moves beyond predominantly cognitive framings to in-
corporate affective processes and neuroinclusive considerations, thereby better 
capturing the multidimensional impact of AI in educational contexts. In the 
subsequent phase of scale development, the empirically derived domains will 
be translated into theoretically bounded constructs, which will guide item gen-
eration through a combined inductive–deductive procedure. Item formulation 
will be refined through expert content validation prior to formal psychometric 
testing. 

 
 

5. Conclusion 
 

The present study offers an evidence-based overview of the conceptual domains 
shaping current research on AI in education, providing a starting point for de-
veloping a novel neuroinclusive measurement instrument. The results highlight 
areas of conceptual concentration along with gaps (particularly in emotional, 
confidence-related, neurodiversity-relevant, and practice-oriented educational 
dimensions) that will require integration during item generation. The four iden-
tified domains will serve as an initial scaffold for constructing the exploratory 
item pool. The next steps include refining items, conducting expert content val-
idation, and examining dimensionality, reliability, and measurement invariance 
to ensure that the emerging tool can adequately capture the multifaceted impact 
of AI on learning across diverse learner profiles. 
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Appendix A. Operational Scopus Search Strategy 
 

The Scopus search strategy was operationalised to identify peer-reviewed journal articles 
addressing the intersection of artificial intelligence, educational contexts, and measure-
ment or psychometric constructs. The search was conducted using the TITLE-ABS-
KEY field to ensure coverage of titles, abstracts, and both author and index keywords. 
The operational search string was: 
TITLE-ABS-KEY( 
  scale OR questionnaire OR instrument OR psychometric OR validation 
  OR “item development” OR “factor analysis” OR CFA OR EFA OR measure 
) 
AND 
TITLE-ABS-KEY( 
  “artificial intelligence” OR AI OR “intelligent system” 
) 
AND 
TITLE-ABS-KEY( 
  education OR learning OR student OR teacher OR school OR “higher education” 
) 
AND (PUBYEAR > 2019 AND PUBYEAR < 2026) 
AND (LIMIT-TO(LANGUAGE, “English”)) 
AND (LIMIT-TO(DOCTYPE, “ar”)) 
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