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ABSTRACT

The development of soft skills is crucial in higher education and professional training, yet traditional
assessment methods often struggle to provide personalized and scalable solutions. This narrative re-
view explores the potential of Large Language Models (LLMs), specifically GPT-based models, in
generating multiple-choice questions (MCQs) aimed at soft skills development. A structured analysis
of recent adjacent literature suggests that LLMs may offer considerable promise for automating the cre-
ation of diverse, contextually relevant, and construct-specific MCQs across various domains, including
psychological assessments, medical training, and educational settings. Key techniques such as prompt
engineering, model fine-tuning, and retrieval-augmented generation are identified as effective methods
for enhancing the accuracy and relevance of Al-generated questions. However, challenges such as bi-
ases, factual inaccuracies, and the need for human oversight remain significant concerns. The reviewed
studies consistently highlight the importance of integrating human expertise to ensure the validity,
fairness, and quality of the generated content. Despite these challenges, the use of LLMs could stream-
line the creation of personalized learning tools, offering scalable solutions for soft skills assessment.
Future research should focus on refining Al techniques, developing robust evaluation frameworks, and
exploring the impact of Al-generated MCQs on learners’ skill development. This review emphasizes
the need for a hybrid approach, combining AT’s efficiency with expert validation, to fully realize the
potential of LLMs in soft skills education.
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1. Introduction

nurture and assess them [3]. One promising approach
is the use of multiple-choice questions (MCQs), which

The development of soft skills, such as communication,
critical thinking, teamwork, and problem-solving, has
become increasingly crucial in today’s fast-paced and
dynamic workforce [1]. Unlike hard skills, which are
specific, teachable abilities or knowledge, soft skills are
more intangible and harder to quantify [2]. However,
they are essential for effective collaboration, leadership,
and adaptability in various professional settings [2]. As
organizations recognize the value of these competencies,
there is a growing demand for innovative methods to
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can be strategically designed to promote reflection and
learning [4]. With advancements in artificial intelligence
(AI), particularly in Large Language Models (LLMs),
there is potential to generate these MCQs using auto-
matic item generation (AIG), creating personalized and
effective tools for soft skills development [5].

Despite the recognized importance of soft skills, tra-
ditional methods of developing and assessing these com-
petencies often fall short in both engagement and effec-
tiveness [6]. Existing literature highlights several ap-
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proaches to soft skills development, including experien-
tial learning, role-playing, and self-assessment [4], yet
there remains a persistent challenge in creating scal-
able and personalized learning experiences [5]. Foun-
dational work has emphasized the necessity of integrat-
ing emotional intelligence and interpersonal skills into
professional training programs [3]. However, these ap-
proaches often rely on human-mediated interventions,
which can be resource-intensive and may lack consis-
tency [2]. More recent research has explored the po-
tential of using technology-based solutions, such as e-
learning platforms and virtual simulations [4], but these
too have limitations in adaptability and real-time feed-
back [7]. Notably, there is a limited body of research
examining the automatic MCQ generation specifically
aimed at soft skills development, particularly leveraging
advanced AI models like LLMs [5]. This gap presents
an opportunity to explore innovative approaches that
can bridge the existing limitations and provide scalable,
personalized solutions for soft skills acquisition [4].

The objective of this Short Narrative Review (SNR)
is to explore the potential of leveraging artificial in-
telligence, specifically LLMs, to automatically gener-
ate MCQs that facilitate the development of soft skills,
hereafter referred to as soft skills MCQs. By addressing
the identified gaps in the existing literature, this review
aims to provide insights into the capabilities and limi-
tations of LLMs in creating personalized, engaging, and
effective soft skills MCQs. The guiding research ques-
tion for this review is: “Can LLMs be utilized to auto-
matically generate MCQs that help individuals develop
specific soft skills?” Through a comprehensive analysis
of current AT methodologies, practical applications, and
case studies, this review seeks to uncover innovative ap-
proaches that can bridge the existing limitations in soft
skills development and offer scalable, technology-driven
solutions.

Given the vast landscape of research on soft skills,
Al, and assessment, this review adopts a focused ap-
proach, prioritizing the analysis of the most critical and
high-quality contributions to the field. To ensure a
rigorous and impactful synthesis, the selection process
involved a targeted search using Google Scholar, fol-
lowed by a meticulous screening of results. Only origi-
nal research articles indexed in the Journal Citation Re-
ports (JCR) and belonging to the top two quartiles (Q1
and Q2) were included. This deliberate strategy allows
for a concentrated examination of influential and peer-
validated studies, enabling a deeper and more insightful
appraisal of the current state of knowledge regarding
the automatic generation of soft skills assessment tools
using LLMs.

This review systematically explores the potential of
leveraging LLMs for the automated generation of soft
skills MCQs. Section 2, Methodology, outlines the liter-
ature review process, detailing the databases searched,
keywords utilized, and selection criteria applied to en-
sure a transparent, replicable, and credible approach.
Section 3, Thematic Ouverview, synthesizes the main
findings, identifying emergent themes, trends, and pat-
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terns in the use of LLMs for MCQ generation, while crit-
ically analyzing their applicability to soft skills devel-
opment and highlighting gaps in the existing literature.
Section 4, Discussion, interprets these findings, exam-
ining their implications for the use of Al in educational
contexts, particularly in designing soft skills MCQs, and
addresses limitations through comparative analysis. Fi-
nally, Section 5, Conclusion, consolidates the key in-
sights, underscores their significance for Al-driven edu-
cational tools, and proposes future research directions
to advance the development of LLM-generated soft skills
MCQs. Through this structured approach, the review
aims to contribute to the growing discourse on Al’s role
in enhancing educational methodologies for skills devel-
opment.

2. Methodology

The methodological framework for this review follows
a structured and transparent approach to synthesize
recent and relevant research in the field. While this
is not a systematic review, the study selection pro-
cess aligns with key principles of the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA) methodology to ensure clarity, rigor, and
replicability [8]. PRISMA guidelines provide a struc-
tured approach to literature identification, screening,
and inclusion, which enhances the reliability of narra-
tive reviews by minimizing selection bias [8]. Given the
SNR format, the focus is not on comprehensive cov-
erage but on curating a targeted subset of impactful
studies that provide valuable insights into the research
topic [9]. To achieve this, a systematic selection process
was implemented, emphasizing recent publications from
high-quality, peer-reviewed sources while maintaining
transparency in inclusion and exclusion criteria. This
methodological rigor ensures that the findings are based
on a well-defined and reproducible literature selection
process, strengthening the credibility of the review [9].

The identification phase involved a structured
search strategy to retrieve relevant studies on the re-
search topic. The search was conducted using Google
Scholar, a widely used academic search engine that
provides broad access to peer-reviewed journal articles
across various disciplines [10]. This platform was se-
lected for its comprehensive coverage of scholarly liter-
ature and its ability to index recent and high-impact
research in artificial intelligence and computing [11]. A
predefined search query, “intitle:(“soft skills” OR “so-
cial skills” OR “21st century skills” OR “interpersonal
skills” OR “skills” OR “skill”) AND intitle:(generation)
AND intitle: (“multiple choice questions” OR, “Multiple-
choice questions” OR “automated item generation” OR
“MCQs” OR “AIG”) AND intitle:(LLM OR GPT OR
LLMs)”, was applied to ensure consistency in retrieval.
To maintain relevance, the search was restricted to stud-
ies published from 2020 onward, thereby focusing on re-
cent advancements in the field. This process yielded a
total of 184 records, which were subsequently assessed
through a multi-stage selection process to ensure that
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only high-quality and thematically relevant studies were
included in the review.

The screening phase aimed to refine the dataset by
eliminating studies that did not meet the relevance and
quality criteria [8]. The initial filtering process was
conducted through title and abstract screening, where
studies that were unrelated to the research topic were
excluded. Additionally, works not published in peer-
reviewed scientific journals were removed to ensure that
only rigorously vetted research was considered. Re-
view articles were also excluded to maintain a focus
on primary research studies that present original find-
ings rather than secondary analyses. As a result of
this screening process, 153 studies were excluded, leav-
ing 31 studies for further evaluation in the eligibility
phase. This step ensured that the remaining literature
was directly relevant, high-quality, and methodologi-
cally sound, aligning with the objectives of this Short
Narrative Review [9].

The eligibility phase involved a comprehensive full-
text assessment of the remaining studies to ensure their
alignment with the review’s objectives [12]. This stage
applied stricter exclusion criteria to further refine the
selection [13]. Studies were excluded if they were not
written in English, as language consistency is essential
for accurate interpretation and synthesis [14]. Addi-
tionally, articles that were outside the defined scope of
the review were removed to maintain thematic relevance
[15]. To ensure scientific rigor, only studies published in
journals indexed in the JCR within the first two quar-
tiles were retained [16]. Furthermore, studies with fewer
than nine citations per year were excluded to prioritize
research with established impact. As a result of this
assessment, 23 studies were excluded, leaving a final se-
lection of 8 studies for inclusion. These additional filters
ensured that the final dataset consisted of highly rele-
vant, peer-reviewed, and impactful research, strength-
ening the validity of the review’s findings [17].

Following the multi-stage selection process, a final
set of 8 studies was identified for inclusion in this re-
view. These studies represent recent, high-impact, and
thematically relevant contributions to the field, ensur-
ing that the review reflects the latest advancements. An
overview of the selected articles, including their titles,
journal names, and publication years, is provided in Ta-
ble 1. To enhance transparency, the study selection
process is visually summarized in Figure 1 (PRISMA
diagram), detailing the number of records screened, ex-
cluded, and retained at each stage. While this method-
ology ensures rigor and relevance, certain limitations
must be acknowledged. The exclusive use of Google
Scholar may have restricted the comprehensiveness of
the search, as other databases could yield additional
relevant studies [10]. Furthermore, the focus on recent
publications may have excluded historically significant
research, and the exclusion of lower-quartile or non-
indexed journals might have omitted valuable contri-
butions from emerging scholars or specialized domains
[18]. Additionally, the citation-based filtering may in-
troduce a bias favoring well-established studies while
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potentially overlooking influential newer research [19].
Despite these limitations, the structured selection pro-
cess ensures a transparent, replicable, and methodolog-
ically rigorous approach to identifying the most impact-
ful literature for this review [12].

3. Thematic Overview

This section organizes and synthesizes the key findings
from the selected literature, grouping them into themes
that reflect the major topics, trends, and areas of con-
sensus or debate within the field. The focus is on the use
of LLMs such as different versions of GPT to automat-
ically generate soft skills MCQs. The selected articles
demonstrate the potential of LLMs to transform AIG
across various domains, including psychological assess-
ments, education, and medical training. By structuring
the discussion around these themes, we aim to provide
a cohesive narrative that highlights significant contribu-
tions, contradictions, and gaps in the literature.

The use of LLMs for automatic MCQ generation
has been explored in multiple contexts. For instance,
[20] demonstrates how GPT-3 can generate personality
test items with psychometric properties comparable to
human-authored items. Similarly, [21] introduces the
Psychometric Item Generator (PIG), which uses GPT-
2 to create diverse and high-quality psychological scale
items. These studies highlight the scalability and effi-
ciency of LLMs in generating diverse and contextually
relevant questions. The implementation of prompt tech-
niques on large language models can facilitate the gener-
ation of soft skills MCQs. This is supported by findings
from [23], which demonstrate that prompt engineering
significantly enhances the quality of Al-generated ques-
tions.

The psychometric properties of Al-generated MCQs
have been rigorously evaluated in several studies. For
example, [22] demonstrates that fine-tuned GPT-2 mod-
els can generate construct-specific personality test items
with high psychometric quality. Similarly, [24] evaluates
the difficulty and discrimination levels of ChatGPT-
generated medical questions, showing that they meet
acceptable psychometric standards. These findings un-
derscore the importance of construct-specificity in gen-
erating MCQs that align with specific soft skills, such as
communication, teamwork, and problem-solving. The
role of fine-tuning models and prompt engineering is
critical for ensuring that generated questions are both
relevant and effective for soft skills development.

The practical implications of using LLMs to gener-
ate soft skills MCQs are significant. For instance, [25]
provides actionable guidance for educators to use Chat-
GPT in generating high-quality medical questions, re-
ducing their workload and enabling personalized learn-
ing. Similarly, [26] demonstrates how LLMs can au-
tomate the creation of reading comprehension assess-
ments, saving time and resources. However, challenges
such as potential biases, factual inaccuracies, and the
need for human oversight are consistently highlighted
across studies. For example, [27] emphasizes the impor-
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Table 1. The final list of articles used in this review, including information for title, journal, year of
publication and citation.

Title

Journal

Year

Citation

A Paradigm Shift from “Human Writing”

Journal of Business and Psychology

2023

[20]

to “Machine Generation” in Personality
Test Development: an Application of State-
of-the-Art Natural Language Processing
Let the algorithm speak: How to use neural
networks for automatic item generation in
psychological scale development
Transformer-based deep neural language
modeling for construct-specific automatic
item generation

Few-shot is enough: exploring ChatGPT
prompt engineering method for automatic
question generation in english education
ChatGPT for generating multiple-choice
questions: evidence on the use of artifi-
cial intelligence in automatic item genera-
tion for a rational pharmacotherapy exam
Twelve tips to leverage Al for efficient and
effective medical question generation: a
guide for educators using Chat GPT

The interactive reading task: Transformer-
based automatic item generation
Biomedical knowledge graph-optimized
prompt generation for large language
models

Psychological Methods

Psychometrika

Education and Information Technologies

FEuropean Journal of Clinical Pharmacology

Medical Teacher

Frontiers in Artificial Intelligence

Bioinformatics

2023

2022

2023 [23]

2024 [24]

2024 [25]

2022 [26]

2024 [27]

tance of integrating knowledge graphs with LLMs to
improve accuracy and reduce biases in generated con-
tent.

The importance of Al-human collaboration is a re-
curring theme in the literature. The need for educators
to guide LLMs in generating high-quality questions is
highlighted in [25], ensuring scientific validity and con-
textual relevance. Similarly, [26] emphasizes the role
of human review in ensuring fairness and bias-free con-
tent in Al-generated reading comprehension tasks. Eth-
ical considerations, such as ensuring fairness, avoiding
biases, and maintaining transparency in Al-generated
content, are also critical. For instance, [27] discusses
the ethical implications of relying on LLMs for gener-
ating biomedical text and the need for domain-specific
knowledge to enhance accuracy.

The themes discussed in this section collectively
demonstrate the potential of LLMs to generate high-
quality soft skills MCQs. Areas of consensus include
the scalability and efficiency of LLLMs, the importance of
construct-specificity, and the value of AI-human collab-
oration. However, ongoing debates about biases, factual
inaccuracies, and the need for human oversight high-
light the challenges that must be addressed to fully re-
alize the potential of Al in this domain. These findings
set the stage for the next sections of the review, which
will explore the implications of these insights for soft
skills development and future research directions. By
leveraging the strengths of LLMs while addressing their
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limitations, we can create innovative and effective tools
for soft skills MCQ generation.

4. Discussion

The reviewed literature indicates a significant potential
for LLMs, including various GPT versions and Chat-
GPT, to enhance the efficiency of AIG across diverse
assessment domains such as personality testing, psycho-
logical scales, medical examinations, and language edu-
cation [20, 21, 22, 23, 24, 26, 25]. Key AI techniques
identified include prompt engineering, ranging from
few-shot learning to structured protocols and practical
tips [20, 23, 25], and the fine-tuning of pre-trained mod-
els for specific constructs [22]. Furthermore, approaches
like Knowledge Graph-enhanced Retrieval-Augmented
Generation (KG-RAG) are emerging to specifically ad-
dress the critical challenge of factual accuracy in LLM
outputs [27]. Evaluating the effectiveness of these
Al-generated items involves various methods, notably
quantitative psychometric analyses focusing on proper-
ties like factor structure, reliability, difficulty, and dis-
crimination [20, 22, 24|, as well as qualitative expert
and user reviews assessing content validity, relevance,
fairness, and overall quality [23, 26, 25]. Despite the
promise, a consistent theme across the studies is the
necessity of expert review to address challenges such
as potential inaccuracies [24, 27, 25], biases inherited
from training data [20, 21, 26], and ensuring the over-
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all quality and appropriateness of the generated items
[22, 24, 26, 25]. The purpose of this discussion is there-
fore to interpret these findings in the specific context
of generating effective soft skills MCQs, consider the
broader implications, compare the observed methodolo-
gies, acknowledge limitations, and propose pertinent di-
rections for future research.

Interpreting these findings for the generation of
soft skills MCQs reveals both opportunities and
significant challenges. The identified AI tech-
niques—prompt engineering, fine-tuning, and poten-
tially RAG—demonstrate clear pathways for generating
assessment content using models like GPT-2, GPT-3,
and ChatGPT [20, 22, 23, 24, 25]. Methods empha-
sizing construct-specificity through fine-tuning [22] or
requiring precise, detailed instructions via prompt en-
gineering [23, 25] appear particularly relevant for align-
ing generated MCQs with specific, often nuanced, soft
skills competencies. Defining “effectiveness” for soft
skills MCQs, based on the reviewed literature, likely ne-
cessitates a hybrid approach; quantitative psychometric
properties like item difficulty and discrimination [24] are
important for assessment utility, but qualitative expert
judgment focusing on construct validity, contextual rel-
evance, fairness, and potential bias [23, 26, 25| is ar-
guably indispensable for ensuring the questions mean-
ingfully address soft skills. The primary challenge lies
in translating success from domains focused on cogni-
tive abilities or stable traits [20, 22, 21, 23, 24, 26] to
the dynamic, context-dependent, and often behavioral
nature of soft skills like communication, teamwork, or
problem-solving. It remains an open question how ef-
fectively the current methods can generate soft skills
MCQs beyond surface-level knowledge. Techniques en-
hancing factual accuracy, such as KG-RAG [27], might
prove valuable for creating reliable scenario-based ques-
tions common in soft skills training. Ultimately, the
consistent finding across diverse studies [22, 24, 26, 25]
that manual validation is essential underscores the in-
terpretation that current Al technologies serve as pow-
erful assistants rather than autonomous creators, par-
ticularly for complex and sensitive tasks like generating
materials for soft skills development.

The implications of leveraging AI for soft skills
MCQ generation are potentially far-reaching. Practi-
cally, the most significant implication, echoed across
nearly all reviewed studies, is the potential for sub-
stantial efficiency gains, saving educators, trainers,
and instructional designers considerable time and re-
sources in developing practice materials and assess-
ments [25, 26, 23, 22, 20]. This efficiency could facil-
itate the creation of larger, more diverse item banks
[22], enabling personalized learning pathways or adap-
tive testing systems tailored to individual soft skills
development needs. For the field of educational tech-
nology, these findings can guide the development of
more sophisticated authoring tools, perhaps integrat-
ing user-friendly interfaces similar to the PIG tool con-
cept [21] with robust back-ends for prompting, gener-
ation, and validation workflow support. Furthermore,
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this line of research has implications for AI develop-
ment itself, highlighting the need for models with im-
proved capabilities in handling nuance, context, ethi-
cal considerations, and bias mitigation — all critical as-
pects when dealing with soft skills. Regarding readi-
ness for application, while studies show promise, such as
achieving acceptable psychometric properties for medi-
cal MCQs [24], the strong emphasis on mandatory ex-
pert review [26, 25, 24, 22] suggests that Al-generated
soft skills MCQs should perhaps be initially deployed in
lower-stakes formative assessment or practice contexts,
rather than high-stakes summative evaluations, pending
further validation. The potential beneficiaries include
learners gaining more practice opportunities, educators
saving valuable time, and organizations obtaining more
scalable tools for training and development.

Comparing the findings of the eight reviewed ar-
ticles with the broader AIG landscape described by
recent reviews [28, 29] highlights both continuity and
rapid evolution. While [29] demonstrated that earlier
AIG methods could produce high-quality MCQs com-
parable to traditional ones, even for assessing higher-
order application of knowledge, the studies in this re-
view predominantly showcase the capabilities of newer
LLMs [20, 21, 22, 23, 24, 26, 25]. This focus aligns with
the trend towards advanced Natural Language Process-
ing (NLP) techniques noted [28]. Although these LLM-
based approaches demonstrate significant potential for
generating diverse items efficiently across various do-
mains, the consistent emphasis across multiple articles
[22, 24, 26, 25] on the necessity of rigorous expert vali-
dation due to concerns about accuracy [24, 27, 25] and
bias [20, 21, 26] suggests that achieving the quality par-
ity shown by [29] requires careful human-AT collabora-
tion. The diverse evaluation methods employed in the
reviewed articles—spanning psychometrics [20, 22, 24]
and expert judgment [23, 26, 25]—reflect the varied
evaluation landscape described by [28], reinforcing the
importance of expert review also highlighted by [29]
and underscoring the need for continued refinement of
these powerful but still maturing AT techniques for op-
erational use.

It is crucial to acknowledge the limitations present
both within the reviewed studies and in this narrative
review itself. A frequently reported limitation across
the primary studies is the indispensable need for human
expert review to ensure the quality, validity, fairness,
and accuracy of the Al-generated items [22, 24, 26, 25].
Concerns regarding factual inaccuracies or “hallucina-
tions” produced by LLMs were also noted [24, 27, 25],
alongside the potential for inherent biases present in
the models’ training data influencing the generated con-
tent [20, 21, 26]. Specific studies reported issues like
semantic redundancy or poor item quality [22], faced
constraints due to small sample sizes or limited scope
[24], or highlighted dependency on particular AT models
or knowledge graphs [27]. Furthermore, many studies
focused on domains other than soft skills or generated
item formats other than MCQs (e.g., [20] focused on
Likert-scale personality items). This review is also lim-


http://maikron.org/jaica

Journal of Artificial Intelligence and Computing Applications (2026) 4(1)

ited by its narrative nature and the small sample size of
eight articles, which, despite the PRISMA methodology,
may not capture the full breadth of research. Key ques-
tions pertinent to the research objective remain largely
unanswered by this specific set of literature, including
how to reliably generate MCQs that assess higher-order,
context-dependent soft skills; how best to evaluate the
effectiveness of these soft skills MCQs; and how to sys-
tematically mitigate biases in Al-generated content tai-
lored for soft skills.

Based on the synthesis of findings and the iden-
tified limitations, several directions for future re-
search emerge. There is a clear need for research
directly comparing the efficacy of different AI tech-
niques—prompt engineering, fine-tuning, RAG, or hy-
brid approaches—specifically tailored for the complexi-
ties of generating soft skills MCQs, potentially building
upon the methods explored by [23, 22, 27]. Concur-
rently, robust evaluation frameworks must be developed
for this specific context, integrating appropriate psycho-
metric analyses with rigorous expert reviews that ex-
plicitly assess construct validity, contextual relevance,
fairness, and potential biases, going beyond the general
quality checks used in studies like [24, 26, 23]. Crucially,
future empirical studies should move beyond evaluating
item quality to investigating the actual impact of inter-
acting with Al-generated soft skills MCQs on learners’
skill development, ideally through longitudinal research
designs. Addressing the persistent challenges of bias
and inaccuracy is paramount; research should focus on
developing and testing methods for proactively mitigat-
ing bias in soft skills content generation and enhanc-
ing the factual consistency of scenario-based questions,
perhaps by refining KG-RAG techniques [27]. Finally,
future work could explore the generation of diverse item
formats suitable for soft skills, such as situational judg-
ment test items (as suggested by [20]), investigate the
integration of these tools into adaptive learning systems,
and develop specific ethical guidelines for the responsi-
ble use of Al in soft skills assessment and development.

Overall, the reviewed studies suggests that LLMs
offer considerable potential for streamlining MCQ gen-
eration, a potential that could, in principle, be extended
to the domain of soft skills development. Techniques
such as sophisticated prompt engineering, model fine-
tuning, and retrieval-augmented generation represent
key methodological avenues explored in related fields
[23, 22, 27, 25]. However, the reviewed literature con-
sistently underscores that realizing this potential effec-
tively and responsibly hinges upon careful implementa-
tion and, critically, the integration of human expertise.
Achieving desired levels of quality, accuracy, validity,
and fairness currently necessitates a hybrid approach,
with Al serving as a powerful assistant requiring human
guidance, refinement, and validation [22, 24, 26, 25].
Significant challenges remain, particularly concerning
the reliable generation and evaluation of content for nu-
anced soft skills and the mitigation of potential inaccu-
racies and biases. Addressing these challenges through
focused future research on tailored techniques, robust
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evaluation methodologies, impact studies, and ethical
frameworks will be essential to fully harness the capa-
bilities of Al for soft skills MCQ generation. This re-
view contributes by synthesizing the current state, high-
lighting both the promise and the necessary precautions
based on recent studies investigating Al-driven AIG.

5. Conclusion

This narrative review examined the use of LLMs, par-
ticularly GPT-based architectures, for the automated
generation of soft skills MCQs. The synthesis of eight
recent studies identified core methodological trends,
including prompt engineering, model fine-tuning, and
RAG, primarily applied in domains such as cognitive
assessment, medical testing, and language education.
While these approaches demonstrate clear potential,
their direct application to soft skills remains underex-
plored and methodologically challenging due to the in-
herently contextual and behavioral nature of such com-
petencies.

Evidence from the reviewed literature suggests that
LLMs can significantly increase the efficiency of AIG,
particularly when integrated with structured prompt-
ing strategies or domain-specific fine-tuning. However,
ensuring the quality, relevance, and fairness of gener-
ated items necessitates rigorous human oversight. Eval-
uation frameworks that combine psychometric analysis
with expert review are essential, particularly when as-
sessing content aimed at complex constructs like com-
munication, teamwork, or ethical reasoning.

The primary implications concern both the scalabil-
ity of Al-assisted assessment development and the lim-
itations of current models. LLMs offer opportunities to
expand item banks and support adaptive learning envi-
ronments, but concerns about factual inaccuracies, se-
mantic redundancy, and embedded biases highlight the
importance of human-in-the-loop design. Current sys-
tems should therefore be deployed cautiously, preferably
in formative or low-stakes contexts pending further val-
idation.

This review is constrained by its limited sample size
and the narrative synthesis methodology, which may not
capture the full scope of relevant research. Additionally,
most studies reviewed focus on domains other than soft
skills or employ formats other than MCQs, limiting di-
rect generalizability. Key gaps remain regarding the re-
liable generation of context-sensitive items, the empiri-
cal evaluation of learning outcomes, and the mitigation
of Al-induced biases.

Future research should prioritize the development
of specialized generation and evaluation frameworks for
soft skills assessments. Comparative analyses of Al
techniques, longitudinal impact studies, and bias miti-
gation strategies are particularly needed. As LLMs con-
tinue to evolve, their effective integration into soft skills
development will depend on sustained interdisciplinary
collaboration, combining advances in Al with domain-
specific pedagogical and ethical expertise.
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