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Abstract
Generative artificial intelligence (GenAI) is increasingly used in culturally diverse 
workplaces and educational settings, yet its outputs may reproduce limited, 
stereotypical, or biased cultural assumptions. This review maps recent scholarship 
on metacognitive cultural intelligence (CQ), intercultural training, and GenAI-
assisted learning and translates the available evidence into a training framework. 
A descriptive bibliometric review and critical integrative synthesis were conducted 
for publications dated from January 1, 2021, to July 27, 2026. The final bibliography 
comprised 58 bibliographically verified sources: 48 topical publications formed the 
analytical corpus and 10 methodological or indexing sources supported review 
reporting, evidence appraisal, deduplication, screening transparency, or source 
verification. Annual publication output in the retained topical corpus increased from 
one publication in 2021 to 17 in 2024, and 29 of the 48 publications (60.4%) appeared 
from 2024 onward. Only four publications (8.3%) directly addressed the focal GenAI–
intercultural intersection. Accordingly, claims regarding specific training benefits 
should be interpreted as evidence-informed propositions derived primarily from 
adjacent CQ, AI-learning, metacognition, and cultural-bias literature rather than as 
established causal effects. The review proposes a five-component framework linking 
learner conditions, GenAI affordances, metacognitive regulation, developmental 
outcomes, and cross-cutting safeguards. It also specifies the evidential status of the 
proposed relationships, outlines training-design principles, provides an illustrative 
training scenario, and identifies priorities for testing culturally responsible human–AI 
learning systems.
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1. Introduction
Intercultural communication is now commonplace in intercultural project work, 
international assignments, education, migration, remote work, and digitally mediated 
collaboration. In these contexts, language practices, socialization, and institutional 
norms shape every aspect of interpretation. Intercultural competence, then, is not 
just acquiring static knowledge of national cultures; it means tolerating ambiguity, 
interpreting provisionally, considering alternatives, suspending judgment, and revising 
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one’s interpretation in light of new information. In 
recent cultural intelligence (CQ) studies, intercultural 
effectiveness is thus seen as a learned skill relevant to team 
performance, adaptation to intercultural environments, 
and international business (Davaei & Gunkel, 2024; 
Mammadov & Wald, 2025; Morin & Talbot, 2023).

This capability is underpinned by metacognitive CQ 
(self-regulation of cultural thinking before, during, and 
after the encounter). It involves predicting unfamiliar 
interactions, checking the efficacy of your predictions, 
noticing the assumptions you make, and changing your 
strategy as you receive new information. According to 
recent studies in the field of education and organization, 
the process of intercultural development is not a natural 
result of an encounter, but rather depends on reflection, 
previous experience, involvement, personality, and the 
quality of the encounter (Chedru & Ostapchuk, 2023; 
Iskhakova et al., 2022; McKay et al., 2022; Morin & Talbot, 
2024).

Intercultural training is increasingly dynamic, 
including not only disseminating cultural information but 
also active involvement, reflection, feedback, and transfer 
to new cultural contexts (Goldstein, 2022; Iskhakova & 
Bradly, 2022; Urgun et al., 2025). This study’s findings 
reinforce previous situated-learning studies showing 
that CQ is learned not only through teaching but also 
through relationships, routines, tensions, and unexpected 
experiences (Teixeira & Klein, 2024). From a systematic-
innovation perspective, training can be seen as continuous 
rather than standalone.

Generative artificial intelligence (GenAI) offers 
a versatile space for practice in this learning cycle. 
These systems can be used to produce cases, simulate 
conversations, translate, and offer instant feedback, 
with varying tones or politeness. These functions relate 
to personalization, content generation, explanation, 
formative feedback, and learner support in education, as 
described by Batista et al. (2024), Crompton and Burke 
(2023), Kasneci et al. (2023), and S. Wang et al. (2024). 
Meanwhile, issues of academic integrity, misinformation, 
dependency, access, governance, and others continue to be 
a concern (Chan, 2023; Cotton et al., 2024; Farrokhnia et 
al., 2024; Yusuf et al., 2024).

These can support intercultural training when scenario 
variety and practice time are limited. A GenAI system can 
modulate the same intercultural conflict by changing who 
is speaking, who has power, the language, and the context. 
Previous research has examined GenAI in serious games 
(Agarwala et al., 2024), professional communication (Dai 
et al., 2025), foreign-language learning (Y.M. Lee, 2025), 
and intercultural competence (H. Wang & Gao, 2025). 

However, these four direct publications make up only a 
small share of the retained publications, so the specific 
effects of intercultural training with GenAI are not yet 
established.

The same technology can also be detrimental to cultural 
learning. Model output can oversimplify culture as a set 
of rules, fail to account for cultural differences, or offer 
general recommendations with a false sense of security. 
Previous studies in cultural alignment and benchmarking 
indicate that language models do not always follow the 
same behavior in different cultures and might exhibit 
problems in understanding the implicit values or reasoning 
under different contexts (Kim et al., 2024; Liu et al., 
2025; Naous et al., 2024; Tao et al., 2024). Other broader 
criticisms include data imbalance, representational harm, 
and insufficient foundations and justification (Bender et 
al., 2021; Liu, 2024; Nyaaba et al., 2026).

Another factor of concern is cognitive substitution. 
GenAI can support reasoning, but it can also reduce learner 
effort. Evidence suggests that using AI-generated material 
may foster less critical engagement, while intentional 
verification and reflection can encourage critical thinking 
(H.P. Lee et al., 2025; Xiao et al., 2025). Research on self-
regulated learning thus suggests that planning, monitoring, 
and self-evaluation remain under the learner’s control 
rather than being taken for granted and transferred to the 
system (Anders & Dux Speltz, 2025; Xia et al., 2026). Not 
only should the question be whether AI should be used, 
but whether any of the reasoning steps might be supported 
by AI, and whether any part of the reasoning is to be left 
to the learner.

The literature lacks coherence on several related topics. 
Reviews of team intelligence and expatriate CQ primarily 
focused on academic studies within their respective fields 
(Davaei & Gunkel, 2024; Mammadov & Wald, 2025). 
The educational CQ reviews were more comprehensive, 
incorporating both academic papers and practice 
(Morin & Talbot, 2023), while the international business 
application reviews were more recent and centered on 
academic papers in the field (Soejanto et al., 2024). 
Reviews on AI in education focused more on its use in 
education, with implementation, teaching practice, ethics, 
and policy featured prominently (Lo, 2023; Mustafa et al., 
2024; Tlili et al., 2023). Much remains to be explored in 
the specific dialogue between GenAI and intercultural 
learning. Therefore, a focused bibliometric review helps 
distinguish the small body of direct GenAI–intercultural 
evidence from adjacent literature on CQ, GenAI–learning, 
metacognition, and cultural bias, and avoids treating them 
as the same.

The review answers four research questions. The first 
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research question (RQ1) concerns the growth of publication 
activity over time in the retained corpus. RQ2 identifies the 
main evidence streams in the literature and distinguishes 
between direct and adjacent evidence. RQ3 synthesizes the 
training mechanisms, risks, and safeguards shared across 
these streams. RQ4 focuses on how the evidence in the 
review can be applied to a systematic, testable framework 
for GenAI-supported metacognitive CQ training. Table 1 
illustrates how each research question is mapped onto an 
analytical procedure and what is intended by the research 
question.

This review makes four contributions. First, it describes 
the field without relying on volatile live citation counts and 
reconstructed database totals. Second, it separates four 
evidence-base publications that provide direct evidence 
on GenAI–intercultural evidence from the broader 
evidence base on related CQ development and training, 
GenAI learning and metacognition, and cultural bias 
and governance. Third, it translates these evidence bases 
into a five-component training architecture and identifies 
relationships that are explicit, adjacent, or proposed for 
testing. Fourth, it sees GenAI as a system to systematically 
vary, provide feedback on, and reflect on, rather than as a 
megaculturally powerful tool that tells right from wrong. 
Fourth, it sees GenAI not as a megaculturally powerful tool 
that tells right from wrong, but as a system to systematically 
vary, provide feedback on, and reflect on.

2. Data and methods
2.1. Review design and scope

This study used a focused descriptive bibliometric review 
combined with a critical integrative synthesis. The unit 
of analysis was the bibliographic publication rather than 

individual participant data. This design was selected 
because research specifically addressing metacognitive 
CQ training and GenAI remains recent and narrow, while 
adjacent literature is necessary to interpret the emerging 
direct evidence. The bibliometric component is descriptive: 
it reports publication-year distributions and organized 
evidence-stream counts rather than claiming a complete 
co-citation, co-word, collaboration, or bibliographic-
coupling network analysis.

Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) 2020 and PRISMA-S (Page et 
al., 2021; Rethlefsen et al., 2021) were used to guide the 
reporting structure, and the work by Donthu et al. (2021) 
was used to guide the bibliometric decisions. OpenAlex was 
used as an open discovery index and metadata check for 
scholarly sources (Priem et al., 2022). Other review process 
control items were based on recent guidance regarding 
transparent screening, deduplication, evidence synthesis, 
and evidence review auditability (Aromataris et al., 2024; 
Haddaway et al., 2022; McGuinness & Higgins, 2021; 
McKeown & Mir, 2021; Paul et al., 2021; van de Schoot et 
al., 2021). The publication eligibility cutoff was retained at 
July 27, 2026, and the retained-corpus audit was frozen on 
August 20, 2026. This latter audit verified the integrity of 
the retained bibliography with respect to the composition, 
uniqueness, coding, and evidence appraisal. It was not 
intended to create historical search-stage denominators 
that were not preserved.

The publication window was specified to capture the 
contemporary overlap among CQ, metacognitive learning, 
and rapidly developing GenAI applications. The 2021 
lower boundary provides a recent pre-ChatGPT baseline 
and covers the subsequent period in which GenAI became 

Table 1. Research questions, analytical procedures, and intended contributions

Research question Analytical procedure Intended contribution

RQ1. How has recent scholarship developed over 
time?

Annual publication counts and period 
comparison Shows the pace and recency of field development

RQ2. Which primary evidence streams organize the 
retained topical corpus, and how is direct GenAI–
intercultural evidence distinguished from adjacent 
evidence?

Mutually exclusive primary-stream coding 
with non-exclusive secondary thematic 
tags

Clarifies stream boundaries, prevents double 
counting, and separates direct from adjacent 
evidence

RQ3. Which mechanisms and safeguards are 
supported? Cross-stream critical synthesis Identifies defensible training functions, risks, and 

controls

RQ4. How can the evidence inform systematic 
innovation?

Framework construction and research-
agenda development

Translates the review into an implementable and 
testable training architecture

Abbreviations: CQ: Cultural intelligence; GenAI: Generative artificial intelligence; RQ: Research question.
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increasingly relevant to education, professional learning, 
communication, and intercultural research. This recency-
oriented window better reflects current technological, 
pedagogical, and governance conditions but does not 
capture the longer historical development of CQ or 
metacognition.

This recency-oriented window is intentionally selective 
rather than historically comprehensive. Seminal pre-2021 
work on CQ, intercultural learning, and metacognition 
was therefore excluded from the annual frequencies 
and evidence-stream proportions reported here. The 
bibliometric results should consequently be interpreted as 
a profile of recent GenAI-era scholarship relevant to CQ 
and metacognition, not as a complete historical account of 
either field.

2.2. Search architecture and source verification

Discovery was conducted using OpenAlex, Crossref/
DOI metadata, ACL Anthology, arXiv, discipline-specific 
repositories, publisher webpages, and backward and 
forward citation checking. Where supported by the 
interface, searches were conducted across titles, abstracts, 
and keywords. Three conceptual query families guided 
discovery:

(i)	 Query family 1: (“cultural intelligence” OR 
“metacognitive cultural intelligence” OR “cultural 
metacognition” OR “intercultural competence”) AND 
(training OR learning OR education OR development 
OR simulation OR reflection).

(ii)	 Query family 2: (“cultural intelligence” OR 
“metacognitive cultural intelligence” OR “cultural 
metacognition” OR “intercultural competence”) AND 
(“generative AI” OR ChatGPT OR “large language 
model*” OR “AI-assisted learning”).

(iii)	Query family 3: (“generative AI” OR ChatGPT OR 
“large language model*” OR “AI-assisted learning”) 
AND (culture OR cultural OR intercultural) AND 
(bias OR alignment OR competence OR training OR 
learning).

These query families represent the conceptual search 
logic rather than a claim that an identical executable syntax 
was used across all platforms. Because database interfaces 
differed in field structure, phrase searching, wildcard 
support, and Boolean syntax, the queries were adapted to 
the requirements of each source while preserving the same 
conceptual blocks. Table S1 records the query families, 
discovery sources, eligibility criteria, and available 
screening-audit information.

Retained records were checked against a publisher 
page, DOI record, institutional repository, ACL Anthology 
record, or arXiv record. Bibliographic validation covered 

the author, year, title, outlet, volume or article number 
(where available), and DOI or another stable identifier. 
Search-result snippets were not treated as evidence. Where 
multiple versions of the same work were available, duplicate 
versions were consolidated, and the most complete scholarly 
version was retained. For recent technical contributions 
without an identifiable peer-reviewed version at the time 
of review, the available preprint was retained.

The frozen bibliography comprises 58 bibliographically 
verified sources: 48 topical publications and 10 
methodological or indexing sources. Bibliographic 
verification establishes source identity and metadata; it 
does not constitute a methodological quality appraisal. A 
retained-bibliography deduplication audit based on DOI 
matching, normalized-title matching, and first-author/
year inspection found no duplicate DOI/title records 
among the 58 frozen records (McKeown & Mir, 2021). This 
zero-duplicate value reflects quality control for the retained 
bibliography and should not be interpreted as the number of 
duplicates removed during the original search. Because the 
initial iterative discovery log did not consistently preserve 
retrieval, duplicate-removal, title/abstract-screening, or 
full-text denominators, those historical values cannot be 
reconstructed. Figure 1 therefore distinguishes unavailable 
historical screening stages from the auditable frozen 
retained-corpus counts.

Table 2 summarizes the search architecture, eligibility 
criteria, source-verification procedure, and analytical 
denominator.

2.3. Coding and quality control

Each of the 48 topical publications was categorized into one 
of the four mutually exclusive primary evidence streams: 
(i) CQ development and training; (ii) GenAI learning 
and metacognition; (iii) cultural bias and governance; 
and (iv) direct GenAI–intercultural applications. For this 
review, the publication’s main substantive contribution 
is an evidence stream, not each theme it covers. Thus, 
the four primary-stream counts sum to 48, and no 
publication was counted more than once in the primary-
stream percentages. Content that was cross-cutting was 
also collected separately by non-exclusive secondary 
thematic tags for learning setting, AI role, metacognitive 
mechanism, outcome, and risk. Secondary tags were 
used only in the integrative synthesis, not in calculating 
frequency in the main stream. The first three streams 
were treated as adjacent evidence for developing the 
framework, while the fourth was treated as direct evidence 
on the focal GenAI–intercultural intersection. Primary-
stream assignment was made on the basis of a three-tiered 
hierarchy that was previously determined: (i) the main RQ 
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses-informed retained-corpus audit. Historical retrieval, duplicate removal, 
title/abstract screening, and full-text denominators were not preserved and cannot be reconstructed. The frozen retained bibliography contains 58 unique 
bibliographic records, of which 10 methodological/indexing references were excluded from topical frequencies and 48 topical publications form the 
analytical corpus. The zero-duplicate value refers only to the frozen retained bibliography, not to the original search-stage duplicate-removal count.
Abbreviations: CQ: Cultural intelligence; GenAI: Generative artificial intelligence.

Table 2. Search, eligibility, and verification protocol

Component Operational decision Reason for the decision

Review date and period Search finalized on July 27, 2026; publication window 
January 1, 2021–July 27, 2026

Defines the exact review interval: approximately five 
years and seven months spanning six publication 
years

Cultural-capability block Cultural intelligence, metacognitive CQ, cultural 
metacognition, intercultural competence

Captures the focal capability and closely related 
training outcomes

Development block Training, learning, education, development, simulation, 
reflection Identifies studies with a developmental mechanism

Technology block GenAI, ChatGPT, large language models, AI-assisted 
learning Captures direct and adjacent technological evidence

Eligible outputs Peer-reviewed articles and reviews; selected conference 
papers, guidance, and recent preprints

Balances scholarly quality with coverage of a rapidly 
changing field

Exclusions Unrelated uses of culture or intelligence, non-scholarly 
commentary, unverifiable metadata, duplicate versions Protects topical relevance and traceability

Verification Publisher/DOI page, ACL Anthology, institutional 
repository, arXiv, or other traceable scholarly record Prevents reliance on unverified search snippets

Analytical denominator 48 topical records; 10 methodological/indexing sources 
excluded from topical frequencies

Keeps methods, search-reporting, deduplication, 
evidence-appraisal, and indexing references from 
distorting topical results

Abbreviations: CQ: Cultural intelligence; GenAI: Generative artificial intelligence.
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or objective of the publication, (ii) the main outcome or 
object of analysis of the publication, and (iii) the principal 
substantive contribution of the publication.

Only publications that fulfilled two requirements were 
included in the direct GenAI–intercultural applications 
stream: (i) GenAI was a central component of the 
intervention, explanatory framework, or system studied; 
and (ii) the primary focus or outcome of the intervention 
was intercultural communication, cultural competence, 
CQ, or a closely related intercultural construct. For 
example, the direct stream was used when AI was the 
focus and intercultural communication competence 
was the focal outcome. In contrast, Tao et al. (2024) was 
categorized under cultural bias and governance because 
the study’s main contribution focused on the cultural 
alignment of language models rather than intercultural 
learner development.

A second substantive coding pass was conducted on the 
entire text, using the same hierarchy for the coding, and 
focusing on borderline records. An automated sensitivity 
analysis based on rules applied to the metadata available 
was then used to generate 47 of the 48 mainstream 
assignments, or 97.9%. One discordant case was resolved 
using the pre-specified hierarchy. This check was not an 
independent second human coding check, so it is viewed 
as a classification-stability check, and no Cohen’s κ statistic 
is reported. The coding of the records and the comparison 
process is documented in the frozen audit workbook.

The process of bibliographic verification and evidence 
appraisal was separated. The validity of the sources and 
metadata was checked by a DOI, a publisher page or a 
repository record, rather than methodological quality. Due 
to the variation of study designs within the topical corpus, 
a design-aware, more nuanced, evidential-weight appraisal 
was used instead of one numerical quality score. Records 
were classified into higher, moderate, and contextual/
emerging evidential weight based on peer-review status, 
study design, relevance to the review question, and 
claim supported. Of the 48 topical records, 13 (27.1%) 
were classified as higher, 15 (31.3%) as moderate, and 20 
(41.7%) as contextual/emerging. These categories were 
used to define the interpretation and are not intended 
to be interpreted as a common numerical quality scale. 
Judgements and limitations for records are provided in 
Table S2.

2.4. Descriptive analysis and synthesis

Annual publication counts were calculated directly from 
the 48 topical records, and 48 is the denominator for all 
reported topical percentages. These frequencies describe 
the retained corpus and should not be interpreted as 

prevalence estimates for the entire scholarly literature. To 
strengthen the descriptive bibliometric component without 
claiming a complete citation-network analysis, a retained-
title term co-occurrence analysis was also conducted. 
All 48 titles were processed using a prespecified concept 
dictionary; normalized concepts appearing in at least 
two titles were retained, and an edge was defined when 
two concepts occurred in the same title. This procedure 
provides a reproducible check of the conceptual structure 
of the frozen corpus. It is explicitly not an author-keyword 
co-word analysis, co-citation analysis, collaboration 
analysis, or bibliographic-coupling analysis. The frozen 
dictionary, frequencies, and edges are provided in the 
audit workbook and Table S4; the corresponding map is 
shown in Figure S1. The thematic synthesis compared 
claims within and across evidence streams, with particular 
attention to convergence, tension, and evidence gaps. 
Importantly, the review distinguished an AI affordance 
from a demonstrated learning effect: the capacity of a 
system to generate dialogue or feedback does not, by itself, 
demonstrate improvement in metacognitive CQ.

An evidence-to-design process was used to develop the 
framework. Recurring learner conditions, AI functions, 
metacognitive processes, developmental outcomes, 
and safeguards were organized into five components. 
Three evidential levels were used when interpreting 
the framework: direct evidence from the four focal 
GenAI–intercultural publications; adjacent evidence 
from CQ, AI-learning, metacognition, and cultural-bias 
studies; and proposed relationships that remain to be 
tested. Accordingly, arrows in the framework represent 
theoretically plausible directional relationships rather 
than demonstrated causal effects. No inferential test of 
publication growth or causal training effect was conducted.

3. Results
3.1. Publication development and corpus profile

The topical corpus contained 48 publications: one from 
2021, four from 2022, 14 from 2023, 17 from 2024, 10 from 
2025, and two from the partial 2026 period. Overall, 29 
publications (60.4%) appeared from 2024 onward, while 43 
(89.6%) appeared from 2023 onward. Publication counts 
increased descriptively from four in 2022 to 14 in 2023 and 
17 in 2024 (Figure 2). Because no inferential temporal-
trend test was conducted, this pattern is described as an 
increase in the retained corpus rather than as a statistically 
significant trend. The 2026 count is partial and includes 
publications available through July 27.

The annual pattern largely reflects the recent expansion 
of GenAI-related scholarship rather than a decline in 
traditional CQ research. The 2021 count is low by design 
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because the review uses a recent publication window. 
Records from 2023 and 2024 span study-abroad and 
intercultural-development research, CQ mapping, cultural-
bias benchmarks, direct applications, and GenAI studies in 
education; the 2025 and partial 2026 records place greater 
emphasis on metacognition, professional communication, 
and AI-supported assessment of cultural competence.

The corpus includes journal articles, reviews, conference 
papers, selected technical preprints, and policy or guidance 
documents. Peer-reviewed sources support most training 
and education claims, whereas preprints are concentrated 
in rapidly changing technical areas. Preprints are therefore 
used mainly to identify emerging directions and feasibility, 
not to establish training effectiveness.

Table 3 presents the descriptive profile of the retained 
topical corpus.

3.2. Evidence-stream structure

The primary evidence stream with the most publications 
was GenAI learning and metacognition (20/48; 41.7%), 
followed by CQ development and training (14/48; 29.2%), 
cultural bias and governance (10/48; 20.8%), and, finally, 
direct GenAI–intercultural applications (4/48; 8.3%). The 
four main categories are mutually exclusive and sum to the 
full analytical body of 48 publications. These percentages 
are all based on n = 48. Secondary thematic tags were not 

exclusive; they were applied only to show cross-stream 
relevance and thus do not appear in the primary-stream 
counts in Figure 3. The first three streams provide evidence 
neighboring the proposed framework, while the fourth 
offers publications directly related to the focal intersection 
of GenAI and intercultural.

No distribution was found, suggesting an emerging 
intersection rather than a stand-alone field. While direct 
evidence is still limited, the four streams highlighted 
complement each other: CQ research sets the developmental 
goal; GenAI learning research and metacognition research 
help identify the learning functions and cognitive risks; 
cultural bias and governance research focus on the 
reliability and cultural validity of the model-mediated 
environment; and the direct stream focuses on how these 
elements are beginning to converge. The key findings and 
questions are summarized in each of the four streams in 
Table 4.

There is limited consistency in outcome evidence within 
streams. Attitudes, system performance, and perceived 
usefulness were common themes in GenAI studies, while 
competence, adaptation, learning, and performance were 
common themes in intercultural studies. There were 
relatively few publications that used CQ-related measures 
that were validated and observed behavior, interaction 
traces, or delayed transfer. It is therefore more plausible 

Figure 2. Annual publication distribution of the 48-record topical corpus. The 2026 value includes publications available through July 27.
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that the proposed mechanisms explain the findings than 
durable training effects.

This is corroborated by the design-aware evidence 
appraisal. Of the 48 topical publications, 13 received higher 
evidential weight, 15 received moderate weight, and 20 
received contextual/emerging weight. Conceptual articles, 
policy or guidance sources, prototypes, and preprints were 
more prevalent in the contextual/emerging category, while 
systematic syntheses were more prevalent in the higher 
category. These categories were used only to standardize 
interpretation across designs that vary in the number of 
categories (Table S2).

The concept map retained is another descriptive 
bibliometric check. Normalized concepts were most 
prevalent for education (29 titles), GenAI (23), and CQ 
(15) across all 48 titles. The highest number of same-
title co-occurrences were in the education–GenAI (15), 
CQ–education (6), education–higher education (5), CQ–
study abroad (4), education–governance/ethics (4), and 
cultural bias–GenAI (4) categories. The relationships are 
presented in Figure S1, and the frequencies of the strongest 
co-occurrences are provided in Table S4. The map shows 
the conceptual structure at the title level and should not be 
used to interpret a citation or collaboration network.

3.3. Cultural intelligence development as the 
learning target

The CQ development literature provides strong evidence 
on which behaviors to develop and how to develop them. 
Research on study abroad (SAB) shows that successful SAB 
experiences depend on program design, prior international 

preparation, cultural distance, reflective practice, and 
learner engagement (Goldstein, 2022; Iskhakova & Bradly, 
2022; Iskhakova et al., 2022). Literature and longitudinal 
evidence also indicate that international experience can be 
used as a support for the development of CQ, but that the 
trajectory of change is not consistent between learners and 
contexts (Chedru & Ostapchuk, 2023; McKay et al., 2022; 
Morin & Talbot, 2024).

Complementary research approaches to intercultural 
development, such as situated-learning research, can be 
used alongside classroom-based approaches. CQ can 
emerge in everyday social interaction, group activities, 
unexpected events, and the identification of tensions 
(Teixeira & Klein, 2024). Rather than presenting training 
with one response as the “culturally correct” response, one 
should try to avoid doing so. A better design encourages 
students to recognize knowledge gaps, make tentative 
interpretations, identify contextual evidence, and revise 
interpretations as new evidence emerges.

The recent literature that has been related to CQ has 
included the aspects of team processes and the adaptation 
of expatriates (Davaei & Gunkel, 2024), the international 
activities of firms (Mammadov & Wald, 2025), the well-
being of professionals working with migrants (Puzzo et 
al., 2024), and cultural competence in nursing education 
(Ahmadi Forg et al., 2025). These applications are not 
limited to international mobility; they also support a 
broader understanding of training outcomes and the 
principles of strategic adaptation, cultural humility, 
respect, and power awareness.

Mapping and training reviews conducted in educational 

Table 3. Descriptive profile of the topical corpus.

Indicator Verified result Interpretation

Topical publications 48 All frequency results use this denominator

Method/indexing references 10
Used for reporting, bibliometric design, search transparency, 
deduplication, evidence appraisal, and indexing; not included in 
topical counts

Publication period 2021–July 27, 2026 Review interval from January 1, 2021 to July 27, 2026

Publications from 2024 onward 29 (60.4%) The corpus is strongly weighted toward current work

Publications from 2023 onward 43 (89.6%) Generative artificial intelligence scholarship drives recent expansion

Largest annual count 17 in 2024 Peak year for combined educational and cultural-bias research

Direct generative artificial intelligence–
intercultural studies 4 (8.3%) The exact intersection remains small

Use of live citation counts None Avoids age bias and unstable metrics
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settings vary widely in approach, population, and setting 
(Soejanto et al., 2024; Urgun et al., 2025). This diversity 
expands the evidence base, but makes measurement more 
difficult. Observed behaviors, interaction quality, transfers 
to novel cases, and maintenance over time are less frequently 
measured. Process traces that could be generated within 
GenAI environments are more comprehensive; however, 

they are meant to be analyzed for reasoning and revision 
and not linguistic fluency.

3.4. Generative artificial intelligence as a learning 
environment

Adjacent GenAI education research identifies functions 
relevant to CQ training, including personalized 

Figure 3. Evidence-stream composition of the 48-record topical corpus. Each publication was assigned to one primary stream for descriptive analysis. 
Abbreviations: CQ: Cultural intelligence; GenAI: Generative artificial intelligence.

Table 4. Evidence streams, central findings, and unresolved questions

Evidence stream Recent evidence Unresolved question

CQ development and training Experience is more developmental when it includes 
reflection, feedback, engagement, and transfer

Which training activities produce durable change in 
metacognitive CQ rather than short-term self-report 
gains?

GenAI learning and 
metacognition

AI can personalize dialogue and feedback, but may reduce 
independent effort or create overtrust

What timing and level of assistance preserve self-
regulation and critical thinking?

Cultural bias and governance Model outputs can privilege dominant cultural values and 
miss context-sensitive or implicit norms

How should cultural validity, uncertainty, and within-
culture variation be audited?

Direct GenAI–intercultural 
applications

Early systems support scenarios, role-play, feedback, and 
intercultural communication practice

Do these systems improve behavioral transfer, cultural 
humility, and ethical judgment?

Note. Each topical publication contributes to one primary evidence stream only. Secondary thematic tags may occur across streams and are not included 
in stream-frequency counts. The first three streams are treated as adjacent evidence; only direct GenAI–intercultural applications are treated as focal 
direct evidence. 
Abbreviations: AI: Artificial intelligence; CQ: Cultural intelligence; GenAI: Generative artificial intelligence.
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explanation, rapid feedback, content generation, dialogue, 
and learner support (Batista et al., 2024; Kasneci et al., 
2023; Lo, 2023; Mustafa et al., 2024; S. Wang et al., 2024). 
Learner-perception studies also report concerns about 
accuracy, dependency, equity, and assessment (Chan & Hu, 
2023; Yusuf et al., 2024). These findings identify candidate 
affordances and risks; they do not directly demonstrate 
that GenAI improves metacognitive CQ.

Drawing on adjacent AI-learning and self-regulation 
research, the functions most relevant to metacognitive CQ 
are likely non-prescriptive. A system can ask the learner 
to predict an interlocutor’s intended meaning, explain the 
evidence supporting that prediction, generate alternative 
explanations, and identify what additional information 
would reduce uncertainty. It can then reveal further 
context and require the learner to revise the interpretation. 
This sequence uses generation to structure inquiry rather 
than to provide a supposedly correct cultural answer.

This design is consistent with self-regulated learning 
research. Anders and Dux Speltz (2025) conceptualize 
GenAI literacy in relation to self-perception and self-
regulation. Xia et al. (2026) similarly show how GenAI can 
support forethought, performance, and reflection while 
poorly designed scaffolds may displace these processes. 
Xiao et al. (2025) illustrate how learners can become 
more aware of metacognitive processes related to AI use. 
Together, these adjacent studies support including AI 
literacy and reflective monitoring in CQ training design, 
but they do not establish a causal effect on metacognitive 
CQ.

An important risk is also cognitive substitution. In their 
study, H.P. Lee et al. (2025) reported that higher trust in 
GenAI-generated answers is related to lower self-reported 
critical effort, highlighting the importance of maintaining 
learners’ reasoning. Educational opportunities and 
disruptions due to GenAI have been discussed by 
Farrokhnia et al. (2024), Grassini (2023), Lim et al. (2023), 
and Rahman and Watanobe (2023); and research into 
academic integrity indicates that AI-generated output 
may be easy, but not necessarily learning (Cotton et al., 
2024). Therefore, the ability to respond fluently cannot be 
interpreted as a sign of a learner’s awareness of cultural 
ambiguity or a change in an underlying assumption.

Governance scholarship also refutes unchecked 
adoption and blanket rejection. Dwivedi et al. (2023) view 
GenAI governance as a multi-sectoral challenge, and Tlili 
et al. (2023) see the technology as both an ally and a threat. 
Designers should therefore be able to articulate which 
aspects of human capability they want AI to support, 
which aspects of reasoning they want the learner to own, 
and how they will be evaluated without the model’s help.

3.5. Direct generative artificial intelligence and 
intercultural applications

Only four publications met the criteria for the direct 
GenAI–intercultural applications stream. Agarwala et al. 
(2024) describe CultureVo, a serious-game environment 
for cultural learning and interaction using GenAI. 
Dai et al. (2025) examine GenAI-assisted professional 
communication training in intercultural contexts. Y.M. 
Lee (2025) discusses GenAI and intercultural competence 
in foreign language education. H. Wang and Gao (2025) 
report associations among AI utilization, enjoyment, trust, 
instructor competence, and intercultural communication 
competence among Chinese students.

These publications provide the most directly relevant 
evidence, but the inferences they support depend on 
study design. Design and prototype studies can establish 
technical feasibility; conceptual or review papers can 
identify pedagogical conditions; and cross-sectional 
models can estimate associations. None of these designs 
alone establishes sustained improvement in metacognitive 
CQ. Stronger tests would include pretest-posttest designs, 
observed interaction, process traces, delayed transfer, and 
comparisons among AI-only, human-facilitated AI, and 
conventional-training conditions.

The proposed framework should therefore be 
interpreted as an evidence-informed theoretical extension 
rather than as a training model whose effectiveness has 
already been established. The framework includes scenario 
diversity, source grounding, uncertainty signaling, and 
within-culture variation as design requirements because 
they address risks documented in adjacent evidence; their 
effects on learning outcomes still require direct testing.

3.6. Cultural bias, model evaluation, and 
governance

Generative AI should not be treated as a neutral source of 
cultural knowledge. Tao et al. (2024) identify differences 
between language-model outputs and cultural value 
profiles. Naous et al. (2024) show how culturally specific 
prompts can expose model bias, while Kim et al. (2024) 
demonstrate the importance of language- and culture-
specific benchmarking. Liu (2024) synthesizes sources of 
cultural bias and mitigation strategies. Collectively, these 
studies indicate that factual recall or English-language 
fluency alone is insufficient evidence of a model’s cultural 
reliability.

Cultural intelligence–bench extends assessment to 
implicit cultural values and contextual interpretation 
(Liu et al., 2025), and Dev et al. (2026) propose a broader 
framework for evaluating the CQ of AI systems. These 
studies are relevant to training because an AI-assisted 
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learning environment contains two objects of evaluation: 
the human learner and the model-mediated environment. 
Claims about learner progress are difficult to interpret 
when the system generating scenarios and feedback is itself 
poorly calibrated to cultural context.

Governance sources add further requirements for 
responsible use. UNESCO (2023) emphasizes human-
centered design, inclusion, privacy, and institutional 
accountability. Nguyen et al. (2023) review ethical 
principles for AI in education, including transparency, 
privacy, accountability, and human oversight. Nyaaba et 
al. (2026) warn that dominant languages and knowledge 
systems can be reproduced as universal, reinforcing forms 
of digital neocolonialism. Bender et al. (2021) similarly 
highlight how scale can amplify data and representation 
problems.

These findings support a cautious design approach 
to intercultural training. Systems should communicate 
uncertainty, avoid presenting generated personas as 
representatives of an entire culture, document the 
provenance of scenarios, incorporate local review, and 
represent variation within cultural settings. Learners 
should also be encouraged to challenge model outputs. 
When disagreement with the system requires evidence 
gathering, comparison, and explicit revision, even model 
error can become an opportunity for metacognitive 
learning.

4. Discussion
4.1. From cultural information to regulated cultural 
inquiry

The synthesis shows that more available cultural 
information does not necessarily improve intercultural 
learning with GenAI. More defensible, perhaps, is its 
ability to manipulate contexts and to encourage multiple 
questioning. The same problematic issue can arise across 
different power dynamics, social roles, language choices, 
time pressures, and/or prior experiences. These differences 
can reveal what may have been taken for granted, yet they 
are not necessarily part of cultural reality.

Metacognitive regulation is thus the central process of 
the framework. Learners should plan and predict, monitor 
interpretations, compare evidence and revise judgments. 
Some of these can be facilitated by using GenAI to pose 
questions, generate alternatives, or uncover additional 
information, but cannot be entirely completed by GenAI. 
This interpretation is partially supported by CQ research 
on reflective experiences and by self-regulated learning 
research on learner autonomy, and a few studies involving 
the sequence of improving metacognitive CQ are directly 

supportive.

This position also rejects cultural essentialism. A fixed 
cultural profile treats group membership as sufficient to 
explain behavior, whereas a metacognitive approach treats 
cultural knowledge as a hypothesis to be tested against the 
person, relationship, and context. GenAI can support this 
approach by generating within-culture and non-cultural 
variation, but it can also reinforce stereotypes when it 
produces confident generalizations. Its pedagogical value 
therefore depends heavily on the safeguards built around 
its use.

4.2. A systematic innovation framework for training 
design

Based on the reviewed literature, Figure 4 presents a five-
component framework for GenAI-assisted metacognitive 
CQ training. The framework is evidence-informed, not a 
confirmed causal model. Four publications provide direct 
evidence at the focal GenAI–intercultural intersection, 
while adjacent CQ, GenAI-learning, metacognition, 
and cultural-bias research informs the remaining design 
relationships. Layers 1–4 describe the proposed learning 
pathway, and safeguards and governance operate across 
the full pathway rather than as a final step.

Layer 1 represents learner conditions. Baseline 
CQ, motivation, language repertoire, AI literacy, bias 
awareness, and prior intercultural experience may shape 
training needs and susceptibility to error. Evidence for 
prior experience and learner characteristics comes mainly 
from CQ-development research, whereas AI literacy and 
overtrust are supported by adjacent GenAI research.

Layer 2 includes GenAI affordances such as adaptive 
cases, role-play, multilingual rehearsal, perspective 
variation, feedback, and process analytics. These 
affordances are technically feasible and are supported by 
adjacent AI-learning and direct design studies, but their 
effects on sustained metacognitive CQ have not been 
established.

Layer 3 represents metacognitive regulation: planning, 
prediction, monitoring, assumption checking, evidence 
comparison, strategy revision, and transfer. Adjacent 
self-regulated learning and AI-metacognition research 
supports these processes as plausible learning mechanisms. 
The proposed causal link between AI-supported regulation 
and improved metacognitive CQ remains to be tested 
directly.

Layer 4 comprises developmental outcomes. The 
primary outcome of interest is metacognitive CQ, 
alongside cultural humility, adaptive communication, 
calibrated trust, and ethical judgment. CQ research 
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supports adaptation and competence as outcomes, but 
sustained change after GenAI-supported CQ training 
remains unestablished.

Layer 5 is cross-cutting rather than sequential. Human 
facilitation, source grounding, within-culture variation, 
privacy protection, uncertainty signaling, and auditability 
should operate throughout scenario generation, interaction, 
feedback, and assessment. Cultural-bias and governance 
research supports the need for these safeguards, whereas 
the effects of particular safeguards on learning outcomes 
remain empirical questions.

Table 5 maps each framework component to the reviewed 
evidence and distinguishes directly supported findings 
from adjacent evidence and proposed relationships.

4.3. Worked example: managing ambiguous 
feedback in a global virtual team

Imagine that a learner is attending a virtual project 
meeting that is being conducted in a different country. 

A colleague responds, “Let’s reconsider this.” The learner 
writes an initial interpretation, a confidence level, and 
the evidence supporting the judgment before reviewing 
AI-generated suggestions. This step makes the learner’s 
confidence and starting assumptions explicit before AI 
support is introduced. GenAI then serves as a scripted 
scenario generator, not a cultural arbiter. The system 
invites the learner to develop two or more interpretations, 
at least one of which is non-cultural. Then the context 
changes, for instance by altering the relative rank, the 
project’s time frame, previous conflicts, or the method of 
communication. The functions organize inquiry, without 
suggesting that the model has a “right” answer that is 
culturally correct.

Layer 3 is stated explicitly by metacognitive prompts: 
“What did I originally think?”, “What evidence would 
support that interpretation?”, “What alternative 
interpretation seems plausible in the new circumstances?”, 
and “What additional information would I need before 
responding?” Learner revises interpretation and proposed 

Figure 4. Generative artificial intelligence-enabled metacognitive cultural intelligence training framework. Layers 1–4 describe the proposed learning 
pathway, while Layer 5 operates as a cross-cutting governance envelope. Direct evidence is limited; adjacent evidence informs the design; causal 
relationships remain proposed until tested. 
Abbreviations: AI: Artificial intelligence; CQ: Cultural intelligence.
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communication response; explains basis of revisions.

Layer 5 applies to the entire exercise. The system is not 
a constructed image representing a nation’s culture. Factual 
cultural claims are source-grounded and presented with 
the appropriate level of uncertainty, and a facilitator can 
intervene when identity or power issues and/or potentially 
harmful stereotyping become relevant. These safeguards 
are design features based on governance and cultural-
bias evidence from the adjacent setting; their impact on 
learning outcomes has yet to be tested.

Finally, the learner performs a similar but new 
intercultural ambiguity task without AI support. 
Assessment emphasizes observation and inference, 
alternatives, contextually relevant evidence, revision of 
judgements as needed, and an adaptive response. This 
unaided transfer task operationalizes layer 4 and assesses 
the ability to implement the regulatory process without AI 
support.

4.4. Training design principles

Six design principles follow from the synthesis, and each is 
presented as an evidence-informed recommendation rather 
than a proven training effect. First, capture the learner’s 

judgment before AI assistance. Second, require the learner 
to explain the evidence behind that judgment. Third, require 
multiple plausible interpretations, including at least one 
non-cultural explanation. Fourth, vary contextual features 
such as relationships, roles, generations, communication 
channels, and power. Fifth, ground feedback in evidence 
by distinguishing fact, inference, and hypothesis, signaling 
uncertainty, and linking factual cultural claims to sources. 
Sixth, assess a novel case through an unaided transfer task 
after feedback. Successful performance with AI assistance 
alone is not sufficient evidence that regulatory competence 
has been acquired.

These principles are summarized in an operational 
design matrix in Table 6, which assigns a failure mode to 
each AI function and a related control. The controls are 
precautionary design requirements based on the reviewed 
evidence; their comparative effectiveness has yet to be 
tested.

4.5. Theoretical implications

The framework is based on three principles from previous 
CQ research. First, it creates a virtual space to develop 
and systematically vary intercultural scenarios. Second, 

Table 5. Evidence base and evidential status of the five-component framework

Framework component Main supporting literature What the literature directly supports Evidential status in the 
framework

Layer 1: Learner conditions
Chedru & Ostapchuk (2023); 
Iskhakova et al. (2022); McKay et al. 
(2022); Morin & Talbot (2024)

Prior experience, learner characteristics, 
cultural distance, and engagement 
are associated with variation in CQ 
development

Partly empirical; extension to AI 
literacy and bias awareness is based 
on adjacent evidence

Layer 2: GenAI affordances

Batista et al. (2024); Kasneci et al. 
(2023); Lo (2023); S. Wang et al. 
(2024); Agarwala et al. (2024); Dai et 
al. (2025); Lee (2025)

GenAI can provide dialogue, content 
generation, feedback, adaptation, and 
multilingual support

Technical affordances are 
demonstrated; effects on sustained 
metacognitive CQ are largely 
untested

Layer 3: Metacognitive 
regulation

Anders & Dux Speltz (2025); Xiao et 
al. (2025); Xia et al. (2026)

AI use can involve planning, 
monitoring, reflection, and awareness of 
the learner’s own AI-use process

Mechanisms are supported by 
adjacent evidence; a causal effect 
on metacognitive CQ remains 
proposed

Layer 4: Developmental 
outcomes

H. Wang & Gao (2025); Chedru & 
Ostapchuk (2023); McKay et al. (2022)

Some studies link intercultural 
competence and CQ-related outcomes 
to AI use or intercultural experience

Direct testing is needed to assess 
sustained metacognitive CQ 
improvement, cultural humility, 
and durable transfer

Layer 5: Cross-cutting 
safeguards and governance

Tao et al. (2024); Naous et al. (2024); 
Liu (2024); Nguyen et al. (2023); 
UNESCO (2023); Nyaaba et al. (2026)

Cultural bias, representational 
limitations, privacy, accountability, and 
governance risks are documented

The need for safeguards is 
supported; the effects of specific 
safeguards on learning outcomes 
remain proposed

Abbreviations: AI: Artificial intelligence; CQ: Cultural intelligence.
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it specifies that metacognitive CQ is a set of regulatory 
processes that, in principle, can be studied by analyzing 
process traces rather than relying only on self-report. 
Third, it distinguishes cultural adaptation from uncritical 
conformity: it means purposeful, revisable judgment 
rather than conforming to an assumed cultural norm.

The framework conceives metacognition as a possible 
learning goal in GenAI education research and cultural 
validity as a quality aspect of education. Learning 
environments can be misrepresentative or untrustworthy 
if the intercultural scenarios or feedback present narrow 
cultural assumptions. Cultural validation should therefore 
be treated as an operational design and evaluation 
requirement, not just an ethical principle.

The framework also relates model evaluation to human 
learning. Responsible learning training can be assessed 
using cultural assessment tools and CQ-related measures. 
Poor model calibration to a learner’s cultural context 
can undermine the learning context, and good model 
performance does not imply human learning. Therefore, 
studying learners’ validation, questioning, or refutation 
of the interpretation(s) produced by the model is worth 
further research.

4.6. Practical and ethical implications

It should start with a small use case that has been reviewed 

by trainers. For instance, a pilot could tackle an incorrect 
assumption in a global virtual team. For designers, the 
target population, scenario boundaries, reasoning steps, 
the facilitator’s role, the rules governing data retention, 
and the scenario’s outcome measures should be specified 
beforehand. This makes decisions more auditable and 
reduces uncontrolled variation in learning and governance.

In high-stakes situations, such as medical treatment, 
movement, conflict, or disciplinary matters, human 
facilitation may be essential. Facilitators can elicit 
emotional issues, power dynamics, and contextual factors 
in the community that are not represented by the system. 
While AI can increase practice opportunities, it should not 
be the ultimate authority on cultural appropriateness.

Institutions should also clearly distinguish between 
learning support and monitoring. Interaction traces can 
show how the learner’s interpretation has evolved, but they 
can also be highly sensitive regarding identity, conflict, 
or performance. Thus, data minimization, informed 
consent, access limitations, storage time limits, and clearly 
defined, non-punitive aims are important. Confidentiality 
and cross-border data transfer should be considered if a 
commercial system is employed.

Plural review of scenarios, labels, and assumptions 
is also important for cultural responsibility. Any single 
reviewer should be regarded not as an all-seeing eye, but 

Table 6. Design matrix for generative artificial intelligence-enabled metacognitive cultural intelligence training

Training function Metacognitive mechanism Main failure mode Required control

Adaptive critical incidents Prediction, monitoring, strategy 
revision

Cultural details become 
stereotyped or fabricated

Use reviewed scenario libraries, source 
notes, and variation within groups

Conversational role-play Perspective taking and behavioral 
rehearsal

The model is treated as an 
authentic representative of a 
culture

Disclose simulation status and include 
multiple personas and contexts

Alternative explanation 
generation

Assumption checking and 
cognitive flexibility

False equivalence or unlimited 
speculation

Require evidence and rank 
explanations by support and 
uncertainty

Immediate feedback Rapid reflection and error 
correction Confident but inaccurate guidance Use rubrics, citations, uncertainty 

labels, and facilitator review

Multilingual rehearsal Pragmatic awareness and language 
adaptation

Translation bias or loss of social 
meaning

Validate high-stakes cases with 
proficient local speakers

Process analytics Detection of repeated assumptions 
and revision patterns

Privacy loss, surveillance, or 
simplistic scoring

Minimize data, obtain consent, restrict 
access, and audit interpretations

Unaided transfer task Independent strategy use and 
retention

Learner remains dependent on AI 
support

Delay assistance and assess a novel case 
without the model

Abbreviations: AI: Artificial intelligence; CQ: Cultural intelligence.
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rather as a single voice. A single-bias review needs to be 
replaced with regular reviews, local or community-based 
reviews and transparency on how to challenge negative 
results.

4.7. Research agenda

Stronger causal evidence is needed. Where feasible, 
randomized or quasi-experimental studies should compare 
AI-only, human-facilitated AI, conventional training, and 
appropriate control conditions. Outcomes should include 
validated CQ measures, process indicators, interaction 
traces, and delayed transfer. Preregistration can reduce 
selective reporting, and multisite designs can test whether 
findings extend across languages and settings.

Research on processes is also required. Learners’ prompt 
logs and think-alouds could reveal whether learners 
question a claim, check evidence, refine an assumption, or 
simply restate an AI-generated interpretation at the surface 
level. The cultural validity of a model can be examined 
through review by culturally diverse experts and within-
culture comparisons. Language coverage, disability access, 
cost, infrastructure, and local control over training content 
should also be considered when assessing equity.

Table 7 summarizes the research agenda. The 

propositions are not conclusions of the current review 
but testable pathways or directions, based on evidence 
synthesis, that link innovative design, learning theory, and 
governance.

4.8. Limitations

Unlike a preserved export of the original, multi-source 
discovery, the review focuses on a topical corpus collected 
from a focused topic and verified using sources. The 
strengths of this retained-corpus audit are that the final 
bibliography is traceable, the frozen corpus contains no 
duplicate DOI/title records, and evidence is coded and 
appraised at the record level. However, the denominators 
for retrieval, duplicate elimination, title/abstract screening, 
and full-text screening were not maintained. PRISMA 
2020 and PRISMA-S do not indicate that this review is 
a traditional systematic review with a fully reproducible 
screening history.

The publication period (January 1, 2021 to July 27, 2026) 
deliberately focuses on more recent scholarship that is 
relevant to modern CQ development and the introduction 
of GenAI-based learning. This option makes the review 
more relevant to the present and less comprehensive, as 
pre-2021 seminal works of CQ and metacognition were 

Table 7. Future research agenda and testable propositions

Research problem Example study Testable proposition

Reflective prompting Randomized pretest-posttest study with 
delayed transfer

P1: Reflective prompting will improve metacognitive CQ 
more than access to unstructured AI dialogue

Assistance timing Micro-randomized trial varying when hints are 
released

P2: Delayed AI support will produce stronger unaided 
transfer than immediate answer provision

Human facilitation Compare AI-only, facilitator-only, and blended 
conditions

P3: Human-facilitated AI training will improve ethical 
judgment and error detection more than AI-only training

Cultural validity Cross-cultural expert and community review of 
generated cases

P4: Within-culture variation and source grounding will 
reduce stereotyping without reducing learner engagement

AI literacy Measure overtrust, verification behavior, and 
learning outcomes

P5: AI literacy will moderate training effects by improving 
calibration and reducing cognitive offloading

Behavioral transfer Longitudinal field study using observed 
intercultural interactions

P6: Gains in metacognitive CQ will predict adaptive behavior 
only when learners demonstrate independent strategy 
revision

Equity and access Multi-site mixed-methods study across 
languages and resource settings

P7: Benefits will vary with language coverage, access quality, 
and local control over training content

Governance Evaluate privacy, audit, and user-challenge 
mechanisms

P8: Transparent uncertainty and contestability will increase 
trust calibration and reduce harmful reliance

Abbreviations: AI: Artificial intelligence; CQ: Cultural intelligence.
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not included in the bibliometric numbers. Therefore, 
the reported annual distributions and evidence-stream 
frequencies reflect not the complete literature on CQ or 
metacognition, but the retained corpus. The bibliometric 
component is descriptive, and the retained-title term 
map is a conceptual-structure check that is reproducible; 
no co-citation, citation-influence, collaboration, or 
bibliographic-coupling network is claimed due to the lack 
of the original cited-reference export.

The direct GenAI-intercultural evidence base is very 
small: only four publications met the direct-stream 
criterion, and conclusions about training effectiveness 
are provisional. Judgment also matters in primary-stream 
coding. The prespecified hierarchy, secondary tags, record-
level transparency, and deterministic sensitivity agreement 
(97.9%) minimize, but do not eliminate, subjectivity in 
classification. No second human coder was used, so no 
Cohen’s kappa statistic is reported. Finally, technical 
preprints can be revised prior to formal publication and 
must be rechecked at submission.

5. Conclusion
Direct evidence on GenAI-assisted intercultural learning 
remains limited. Only four of the 48 topical publications 
met the criteria for the direct GenAI–intercultural 
applications stream. These studies provide early evidence of 
feasibility for culturally relevant scenarios, communication 
practice, role-play, feedback, and intercultural learning 
activities. However, the direct evidence is too limited and 
heterogeneous to establish that GenAI-supported training 
produces sustained improvements in metacognitive CQ, 
cultural humility, behavioral transfer, or ethical judgment.

Adjacent literature provides stronger support for specific 
design mechanisms than for the overall framework’s 
effectiveness. Recent work across CQ development 
and training, GenAI learning and metacognition, and 
cultural bias and governance collectively underscores the 
importance of reflection, engagement, prior experience, 
context, learner agency, and cultural validity. These 
findings inform the design principles proposed in this 
review, but they should not be interpreted as evidence 
that the complete GenAI-enabled metacognitive CQ 
framework is effective.

The five-component framework should therefore be 
treated as an evidence-informed, testable design framework 
rather than a validated causal model. Relationships among 
learner conditions, GenAI affordances, metacognitive 
regulation, developmental outcomes, and cross-cutting 
safeguards remain propositions where direct empirical 
evidence is absent. Future preregistered, experimental 
or quasi-experimental, longitudinal, and cross-cultural 

studies should test these relationships using validated 
CQ measures, process indicators, observed interaction, 
and unaided transfer. The value of culturally responsible 
human–AI training will depend on whether it strengthens 
independent intercultural judgment while preserving 
learner agency, cultural humility, and human accountability.
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