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ABSTRACT
Aim/Purpose This systematic review synthesises 69 primary studies (2020—2025) to map how

contemporary automatic question generation (AQG) research operationalises
cognitive control, quality validation, and language inclusivity, and to identify
where the field still needs to make progress.
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While large language models (LLMs) have resolved the fluency challenge in au-
tomatic question generation (AQG), they have not resolved the harder peda-
gogical challenge. The field must now shift from “fluent question generation”
to “pedagogically valid question generation,” creating assessments that strictly
align with cognitive frameworks such as Bloom’s Taxonomy and possess verifi-
able docimological quality.

A systematic literature review (SLR) was conducted across Scopus, IEEE
Xplore, and SpringerLink, filtering 775 initial records to 69 primary studies
(2020-2025) using PRISMA-guided inclusion/exclusion and quality assessment
criteria.

Unlike prior AQG reviews that address technical performance or single peda-
gogical dimensions in isolation, this review is the first to systematically integrate
three concerns: (1) Bloom-aligned cognitive control, (2) pedagogical validation
beyond automated metrics, and (3) language inclusivity. By synthesising these
pillars, the study provides a taxonomy of control methods, establishes expert
evaluation as the validation reference standard, highlights the low-resource lan-
guage gap (e.g., Indonesian), and proposes a Pedagogical Alighment Frame-
work.

The review reveals a clear architectural divide between prompt-based flexibility
and fine-tuning precision. The data show that 88.4% of the studies addressed
cognitive control and that all 69 studies (100%) applied some form of quality
validation beyond n-gram metrics. However, only 24.6% did so with full
docimological rigour. In addition, 87.0% of the studies focused exclusively on
English-language contexts. The review also establishes that automated metrics
such as BLEU and ROUGE are inadequate for measuring pedagogical quality.

To ensure docimological quality, practitioners must mandate subject matter ex-
pert (SME) validation. Furthermore, institutional deployment should strategi-
cally align the AI architecture with the learning goal: choosing parameter-effi-
cient fine-tuning (PEFT) for strict cognitive compliance (e.g., high-stakes ex-
ams) or LLM prompting for flexible, exploratory tasks.

Researchers and developers are encouraged to focus on creating datasets for
non-English and low-resource languages to address equity gaps in educational
technology.

By addressing the cognitive and validation challenges in AQG, this review pro-
motes the development of more reliable, pedagogically sound, and equitable Al-
supported assessment tools for diverse learner populations.

Future research should focus on empirically validating the proposed Pedagogi-
cal Alignment Framework, developing automated assessors to relieve the valida-
tion bottleneck, and expanding AQG applications in culturally contextualised
and low-resource languages.

automatic question generation, large language models, Bloom’s Taxonomy,
quality validation, systematic literature review
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INTRODUCTION

The main obstacle in automatic question generation (AQG) today is no longer linguistic fluency. It is
the generation of assessments that satisfy the requirements of pedagogical validity and of specific ed-
ucational needs (Bulathwela et al., 2023; Navas et al., 2025). L. Wang et al. (2025) and Winata et al.
(2025) describe the development of high-quality assessment items as a demanding, time-consuming,
and inherently creative pedagogical task. In practice, assessment creation represents a significant and
recurring burden for educators working across learning management systems, adaptive tutoring sys-
tems, and classroom environments, a burden that AQG systems are well-positioned to reduce, pro-

vided that the questions generated are not only fluent but pedagogically sound (Arunnehru et al.,
2025; Van Campenhout et al.,, 2021).

The field has progressed from inflexible rule-based systems to sophisticated deep learning frame-
works, moving from the early application of transfer learning (Liao & Koh, 2020) to more recent
Transformer-based models and large language models (LLMs) (Agarwal et al., 2022; Suhartono et al.,
2024). These advances largely resolved the early challenge of fluency and made it far easier to gener-
ate multiple-choice questions (MCQ)s) with plausible distractors (Kauchak et al., 2024; Yin & Li,
2025). They also redirected the research agenda. The goal is no longer grammatical correctness alone,
but rather questions that carry genuine educational value, and reaching that goal entails overcoming
three interrelated barriers: cognitive demand (Elkins et al., 2023; Zichao Wang et al., 2022), pedagogi-
cal validation, and linguistic inclusivity for low-resource languages.

Cognitive control is the first of these challenges. Standard AQG systems produce simple, factual
questions (Scaria et al., 2024). In practice, however, assessment must span the full cognitive domain,
particularly higher-order thinking skills. For this reason, Bloom’s Taxonomy has become the default
educational framework for guiding and constraining LL.M outputs (Jadhav et al., 2025; Timosh et al.,
2025). This systematic literature review (SLR) found that most primary studies apply this control on
two fronts: (1) prompt engineering applied to general-purpose LLMs, which is the more flexible op-
tion and requires no additional training (Bahti & Oueslati, 2025; Lee et al., 2024), and (2) fine-tuning
of encoder—decoder models such as T5, which offers tighter control because the cognitive target can
be tuned through the model parameters (Atmajaya et al., 2025; Suhartono et al., 2024).

Quality validation is the second challenge and no less important. The task is to establish the validity
of questions generated by LLMs, at least with respect to their cognitive demand, factual relevance,
and educational appropriateness. Our review indicates a consensus that BLEU, ROUGE, and similar
fully automated metrics do not capture pedagogical quality (Elkins et al., 2023; Grévisse, 2024). This
explains why evaluation by subject matter experts (SMEs) is considered the reference standard (Van
Campenhout et al., 2021; Wréblewska et al., 2025). Such evaluations focus on assessment validity
(Grévisse et al., 2024) and are sometimes supplemented by psychometric models such as Item Re-
sponse Theory (IRT) to predict difficulty levels (J. Feng & Mostow, 2021; Tomikawa & Uto, 2024).

Despite rapid technological advancements, the benefits of controlled and validated AQG remain un-
evenly distributed because of severe inclusivity gaps. Research to date has centred on English and on
high-stakes, resource-intensive professional fields such as medicine and computer science (Maity et
al., 2024; Mulla & Gharpure, 2023). This linguistic gap is not merely a matter of coverage; it also ex-
tends to the control and validation challenges identified above: low-resource languages lack both the
annotated corpora needed for Bloom-level fine-tuning and the subject-matter expert pools needed
for pedagogical validation. Only a few pioneering studies have investigated this intersection by imple-
menting cognitive control and quality validation for AQG in Indonesian (Atmajaya et al., 2025; Fuadi
& Wibawa, 2022; Suhartono et al., 2024; Vincentio & Suhartono, 2022) and other non-English lan-
guages such as Thai (Wiwatbutsiri et al., 2022) and Vietnamese (D. H. Nguyen et al., 2025). This re-
view synthesises 69 primary studies (2020-2025) to map the current state of the art in AQG. Specifi-
cally, the main contributions of this review are to: (1) map the landscape of low-resource language
research with a focus on the Indonesian gap, (2) classify advanced cognitive control methods aligned
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with Bloom’s Taxonomy, (3) examine pedagogical quality validation practices beyond automated
metrics, (4) identify dominant generative models and application domains, and (5) synthesise these
findings into a comprehensive Pedagogical Alignment Framework.

RELATED WORK

To ensure conceptual clarity, several foundational terms are defined here. Cognitive control refers to
the mechanism for steering the Al generation process to produce questions at targeted levels of cog-
nitive complexity, as defined by Bloom’s Taxonomy. Assessment validity denotes the extent to which
an assessment instrument accurately measures the specific learning constructs it is intended to evalu-
ate (Messick, 1995). Docimological quality, a central concept in the science of educational examina-
tion, is defined here as the overall quality of an assessment item in terms of its validity, fairness, clar-
ity, distractor plausibility, and appropriateness for the intended cognitive level. Finally, pedagogical
alignment refers to the essential congruence among the generated assessment items, the learning ob-
jectives, and the instructional framework.

Before turning to recent advances in generative Al, it is important to situate AQG within its founda-
tional pedagogical and technical frameworks. The cognitive goals of contemporary AQG systems can
be mapped onto the original taxonomy by Bloom et al. (1956) and its extension by Anderson and
Krathwohl (2001). The current focus on the pedagogical value of LLM outputs aligns closely with
the early concerns of educational measurement, specifically construct validity, which requires that test
items be representative of the learning goals (Messick, 1995). Early efforts in computer science to au-
tomate the assessment process, primarily from heuristic and rule-based perspectives, constitute the
technical point of departure before the Transformer era (Kurdi et al., 2020). Although these early sys-
tems established the foundations of the field, their limited semantic flexibility highlighted the need
for deep learning models to achieve pedagogical alignment.

The first wave of AQG research after the advent of the Transformer architecture combined linguistic
feature extraction with early neural approaches, thereby confirming the efficacy of deep learning in
producing MCQs and plausible distractors (Agarwal et al., 2022; Suhartono et al., 2024). Attention
then turned to larger, more scalable pre-trained language models (PLMs) and prompt learning, which
accelerated the generation process (Bulathwela et al., 2023; Wu et al., 2023). Subsequent success,
however, created a problem of a different order: control. Recent studies have highlighted the diffi-
culty of shaping an LLM’s output to meet specific educational objectives (L. Wang et al., 2025). Fig-
ure 1 maps the keyword co-occurrence structure of the retrieved literature (map parameters are re-
ported in the Methodology section). The dense core of the field comprises generation-oriented terms
such as semantics, natural language generation, and language models, whereas terms denoting peda-
gogical control and validation occupy peripheral positions. This imbalance is the point of departure
for the present review.

The first pedagogical integrations began to address this control issue. Bloom’s Taxonomy became the
dominant framework for steering LLLM output, as it was the most widely used scheme for eliciting
questions across the cognitive levels, from C1 (remembering) to C6 (creating) (Jadhav et al., 2025;
Scaria et al., 2024; Timosh et al., 2025). Quality validation emerged as a second-order challenge. Once
controlled generation became feasible, researchers turned to the question of whether the resulting
items were usable in practice. Early evaluations found that LLLM-generated questions were consist-
ently fluent, but fluency proved to be a poor proxy for pedagogical soundness: items that read well
frequently failed to address the intended educational construct. A consensus, therefore, emerged that
conventional automated measures are insufficient for judging question quality (Grévisse, 2024), and
subsequent work shifted towards purpose-built evaluation procedures centred on assessment validity,
a property that only domain specialists can reliably establish (Grévisse et al., 2024).
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Figure 1. Keyword co-occurrence map of the AQG literature,
centred on the focal term “automatic question generation” (VOSviewer)

To bring together the scattered analyses on technical architectures, assessment constraints, and cog-
nitive frameworks, we synthesise the core literature in Table 1. Whereas earlier analyses typically ex-
amine studies individually, this comparison groups the most advanced AQG methodologies by gen-
eration mechanism (e.g., fine-tuning, prompting), by reliance on n-grams versus docimological assess-
ment, and by incorporation of Bloom’s Taxonomy. The comparison undetlines the need for an inte-
grated pedagogical and technical framework.

Table 1. Critical synthesis of state-of-the-art AQG approaches

AQG. Cognitive Q-u ah'ty Representative Critical synthesis
generation control validation . B St
studies and limitations
approach strategy method
Fine-tuning  |Implicit or Automated Agarwal etal.  |Produces high syntactic fluency

(pre-trained  |data-driven  [surface-level (2022); and grammatical correctness.
language (no explicit  |metrics (BLEU, [Lamsiyah etal. |However, n-gram metrics fail to
models) taxonomy) ROUGE, (2024); capture construct validity, so
METEOR) Suhartono et al. |the pedagogical utility of the
(2024) questions remains uncertain.
Prompt-based |Heuristic Mixed Bulathwela et al. | Accelerates generation and
LLMs (zero- |constraints (automated and | (2023); L. Wang |offers broad domain coverage.
shot and few- |(prompt limited human  |et al. (2025); Wu |It suffers, however, from
shot) engineering) |review) et al. (2023) significant control problems:

models frequently hallucinate
or fail to adhere strictly to the
requested cognitive level
without structured fine-tuning.
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AQG. Cognitive Q-u ah-ty Representative Critical synthesis
generation control validation : A
studies and limitations
approach strategy method
Taxonomy- |Explicit Human expert  |Grévisse etal. | Achieves strong pedagogical
aligned and  |mappingto |and (2024); Jadhav  |alignment and verifies
adaptive Bloom’s docimological et al. (2025); educational value. However,
systems Taxonomy validation; IRT  [Scaria et al. human validation is resource-
(2024); Timosh |intensive, and such control
et al. (2025) mechanisms remain
underexplored for low-resource
languages.

Beyond architectural advancements, the literature highlights a core shift in how AQG is understood
within educational systems. To bring the current state of the art together, we group the literature into
three dimensions.

1. AQG as a driver for active learning. The literature indicates that AQG has evolved from a
tool for efficiency into a tool for engagement. Van Campenhout et al. (2021) demonstrated
the “doer effect,” in which embedding automatically generated questions in reading materials
converted passive reading into active learning: students showed higher engagement and
greater persistence than students who read the same material without embedded questions.
Arunnehru et al. (2025) extended this line of work by integrating AQG into intelligent learn-
ing assistants that generate personalised study plans and support self-regulated learning.

2. Effects of question quality on learning outcomes. L. Wang et al. (2025) show that what
matters for learning outcomes is the pedagogical quality of questions, not their readability
alone: well-constructed items support comprehension and higher-order thinking, whereas
pootly constructed ones create confusion and depress performance. Steuer et al. (2021) like-
wise argue that grammatical well-formedness is not sufficient for validity. Whether an item
supports the self-assessment that is the goal of the learning activity depends on its educa-
tional substance rather than its surface form.

3. Towards a unified pedagogical and technical framework. The literature points to an
emergent framework in which technical architecture and pedagogical control must be
aligned. Susanti et al. (2020) were among the first to integrate AQG into computerised adap-
tive testing (CAT). They showed that technical accuracy (fine-tuning) enables a system to ad-
just dynamically to a learner’s ability level. This positions generative Al as an adaptive system
that modulates the complexity of assessment tasks in line with the learnet’s cognitive pro-
gression.

Taken together, these three dimensions — the motivational role of AQG in active learning, the link
between question quality and learning outcomes, and the technical imperative of pedagogical align-
ment — establish the theoretical foundation of this review. A study that maps both the control mech-
anisms and the validation practices used throughout the current literature is therefore not merely
timely but also theoretically necessary.

Three previous reviews provide useful points of comparison. First, Kurdi et al. (2020) provided an
extensive survey of AQG methods but predated the LLM era; thus, they did not address Bloom-
aligned cognitive control or pedagogical validation. Second, Pan et al. (2019) focused on the underly-
ing architecture of question generation strictly as a natural language processing (NLP) task, without
considering educational validity frameworks. Finally, while Elkins et al. (2023) assessed LLM-gener-
ated questions and their use in teaching, they addressed neither cognitive control mechanisms nor
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low-resource languages. The present review is the first to examine the integration of cognitive con-
trol, pedagogical validation, and linguistic inclusivity within the post-Transformer (2020-2025) pe-
riod.

The primary studies reviewed here confirm that this research focus has matured. Although control
has been identified as a significant challenge (L. Wang et al., 2025) and validation as the correspond-
ing requirement (Grévisse et al., 2024), no systematic literature review has yet synthesised both pil-
lars. This SLR fills that gap by mapping both pillars across the 69 selected primary studies.

Figures 2 and 3 present the corresponding maps for the two remaining search themes. In Figure 2,
“bloom” appears as a low-frequency node linked to the AQG core, indicating that cognitive control
is present in the literature but not yet a dominant term. In Figure 3, “human evaluation” appears as a
distinct node linked directly to the AQG core, anticipating the validation practices analysed under
RQ3. The maps are read here descriptively, as a characterisation of the retrieved literature; the quanti-
tative findings reported in the Results section are derived from the manual coding of the 69 primary
studies.
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Figure 2. Keyword co-occurrence map for the cognitive-control search theme,
showing the position of “bloom” relative to the AQG core (VOSviewer)
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Figure 3. Keyword co-occurrence map for the validation search theme,
showing the position of “human evaluation” relative to the AQG core (VOSviewer)

METHODOLOGY

This SLR was conducted following standard guidelines and protocols, encompassing three distinct
phases: (1) planning, (2) conducting, and (3) reporting.

PLANNING

The planning phase began by defining the scope of the SLR. That scope was deliberately narrow: ra-
ther than reviewing AQG in general, we focused on the intersection of three concerns, namely cogni-
tive control through frameworks such as Bloom’s Taxonomy, quality validation beyond standard au-
tomated metrics, and recent implementations based on large language models and Transformer archi-
tectures. On this basis, the research questions (RQs) were defined as follows:

e (RQ1) What is the landscape of AQG research for low-resource languages, with a specific
focus on Indonesian as a case study?

¢ (RQ?2) What are the current advanced methods used for cognitive control, particularly using
Bloom’s Taxonomy?

¢ (RQ3) What are the quality validation methods used to assess pedagogical quality?

¢ (RQ4) What are the main application domains and the dominant LLM models employed?
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Data Sources and Search Strategy

Our focus on three pillars — language, control, and validation — required an approach that differed
from that of conventional SLRs. We used a multi-stage search strategy to obtain broad coverage. We
applied three distinct search queries across Scopus, IEEE Xplore, and SpringerLink to identify pri-
mary studies published between 2020 and 2025 (Figure 4).

The keyword co-occurrence maps shown in Figures 1 to 3 were generated in VOSviewer using rec-
ords returned by these queries. Author and index keywords were merged using a thesaurus file, and
low-frequency keywords were excluded so that only terms recurring across multiple records were re-
tained. Node size is proportional to occurrence frequency, link thickness to co-occurrence strength,
and colour denotes the cluster assigned by the association-strength algorithm; the interpretation of-
fered in the text does not depend on colout. The maps serve a descriptive purpose only, namely to
characterise the structure of the retrieved literature. All quantitative findings reported in the Results
were obtained through manual coding of the 69 primary studies, not from the maps.
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Figure 4. Data sources and search strategies

The search protocol was designed to retrieve studies addressing the three pillars of control, valida-
tion, and language. Each query was restricted to the title, abstract, and keyword fields (TITLE-ABS-
KEY in Scopus) and required the mandatory combination of core terms (“automatic question gener-
ation” OR “AQG” OR “question generation”). This core was then combined with four groups of
terms. To retrieve contemporary (post-Transformer) implementations, it was combined with “LLM”
OR “prompt” OR “fine-tuning” OR “PEFT”. Cognitive control was targeted using “Bloom” OR
“cognitive level” OR “difficulty,” reflecting a shift in research from fluency to pedagogical adherence.
Quality validation was targeted through “human evaluation” OR “faithfulness”, which distinguishes
studies using expert assessment as the reference standard from those relying on conventional auto-
mated metrics. Finally, the linguistic gap was addressed by using “Indonesian” or “Bahasa Indonesia”
to retrieve relevant local studies.

To support reproducibility, the database searches were conducted from November 5 to 7, 2025. Pub-
lication years recorded in this review refer to the year of first online publication, as several included
studies were in advance online form at the time of screening. Database-specific syntax was written
for each source. The full search strings for Scopus, IEEE Xplore, and SpringerLink, organised by the
main research themes, are presented in Table 2.
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Table 2. Search strings by database

(“Indonesian” OR “Bahasa
Indonesia”)

(“Indonesian” OR “Bahasa
Indonesia”)

Search SpringerLink IEEE Xplore Scopus

theme syntax syntax syntax
1. AQG and (“automatic question genera- |(“automatic question genera- | TITLE-ABS-KEY ((“auto-
Indonesian tion” OR “question genera- |tion” OR “question genera- |matic question generation” OR
language tion” OR “AQG”) AND tion” OR “AQG”) AND “question generation” OR

“AQG”) AND (“Indonesian”
OR “Bahasa Indonesia”))

2a. Cognitive
control and
Bloom’s
Taxonomy

((“automatic question gener-
ation” OR “AQG”) AND
(“controllable” OR “control”
OR “controlling”) AND
(“Bloom’s Taxonomy” OR
“cognitive level” OR “diffi-
culty level” OR “educa-
tional”))

((“automatic question gener-
ation” OR “AQG”) AND
(“controllable” OR “control”
OR “controlling”) AND
(“Bloom’s Taxonomy” OR
“cognitive level” OR “diffi-
culty level” OR “educa-
tional”))

TITLE-ABS-KEY ((“auto-
matic question generation” OR
“AQG”) AND (“controllable”
OR “control” OR “control-
ling”) AND (“Bloom’s Taxon-
omy” OR “cognitive level”
OR “difficulty level” OR “edu-
cational”))

2b. Control
techniques
(PEFT and

prompting)

((“automatic question genet-
ation” OR “controllable gen-
eration” OR “AQG”) AND
(“instruction tuning” OR
“prompting” OR “PEFT”
OR “LORA” OR “prefix-
tuning” OR “adapters”))

((“automatic question gener-
ation” OR “controllable gen-
eration” OR “AQG”) AND
(“instruction tuning” OR
“prompting” OR “PEFT”
OR “LORA” OR “prefix-
tuning” OR “adapters”))

TITLE-ABS-KEY ((“auto-
matic question generation” OR
“controllable generation” OR
“AQG”) AND (“instruction
tuning” OR “prompting” OR
“PEFT” OR “LORA” OR
“prefix-tuning” OR “adapt-
ers”))

2c. Evaluation
methodology
(non-BLEU)

((“automatic question gener-
ation” OR “AQG”) AND
(“evaluation” OR “metric”
OR “protocol”) AND (“hu-
man evaluation” OR “ex-
pert” OR “faithfulness” OR
“relevance” OR “taxonomy”
OR “compliance” OR “cog-
nitive”))

((“automatic question gener-
ation” OR “AQG”) AND
(“evaluation” OR “metric”
OR “protocol”) AND (“hu-
man evaluation” OR “ex-
pert” OR “faithfulness” OR
“relevance” OR “taxonomy”
OR “compliance” OR “cog-
nitive”))

TITLE-ABS-KEY ((“auto-
matic question generation” OR
“AQG”) AND (“evaluation”
OR “metric” OR “protocol”)
AND (“human evaluation”
OR “expert” OR “faithful-
ness” OR “relevance” OR
“taxonomy” OR “compliance”
OR “cognitive”))

CONDUCTING

The conducting phase began by applying the search queries to the selected databases. This yielded
775 initial records (SpringerLink: n = 611; Scopus: n = 143; IEEE Xplore: n = 21). The number of
records returned by SpringerLink was disproportionately high compared with those returned by the
indexing database Scopus. This discrepancy arose because the syntax used in Scopus was limited to
the TITLE-ABS-KEY (title, abstract, and keywords) fields, which ensures high topical relevance,
whereas the search interface in SpringerLink defaults to a broader full-text search. The SpringerLink
results, therefore, included a large volume of loosely related documents that mentioned the search
terms only in passing,

The next step was to filter these results systematically to identify the relevant primary studies; the
complete screening flow is summarised in the PRISMA flow diagram (Figure 5). We first screened
titles and abstracts against the established inclusion and exclusion criteria. A single reviewer con-
ducted title/abstract screening and full-text eligibility assessment due to resource constraints. To
minimise potential selection bias, all screening decisions followed predefined inclusion and exclusion
criteria, were guided by the PRISMA protocol, and were supported by a structured quality assessment
rubric applied consistently across all studies. Nevertheless, because no independent second reviewer
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was involved, inter-rater agreement statistics could not be calculated. The complete criteria utilised to
filter the documents are detailed in Table 3.

Identification of studies via databases
c Records identified from databases
(-] Records removed before
= (n=775): .
] . ) screening:
v SpringerLink (n = 611) » .
[ Duplicate records
- Scopus (n = 143)
c removed (n = 209)
(7] IEEE Xplore (n = 21)
3
v
Records screened Records excluded on title
(n = 566) | and abstract (n = 481)
o
£ Reports sought for retrieval Reports not retrieved
& (n = 85) 1 (n=6)
(]
1
Q
0 v Reports excluded (n = 10):
Reports assessed for eligibility _ Did not meet the quality
(n=179) "|  threshold on QA4-QA7
(score = 2.0 out of 4.0)
= v
% Studies included in the review
>
= (n =69)
=
Figure 5. PRISMA flow diagram of the study selection process
Table 3. SLR inclusion and exclusion criteria
Inclusion criteria Exclusion criteria

Focuses explicitly on automatic question | Does not focus primarily on AQG (e.g., general text

generation (AQG). summarisation or generic question answering).
Applies modern pre-trained language Focuses solely on older, rule-based, or non-
models, Transformer architectures, or Transformer NLP models.

large language models (LLMs).

Explicitly discusses or applies cognitive Lacks explicit control mechanisms for cognitive
control methods (e.g., Bloom’s demand or difficulty levels.

Taxonomy, difficulty levels, or

pedagogical alignment).
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Inclusion criteria Exclusion criteria
Applies quality validation methods Relies exclusively on automated n-gram metrics (e.g.,
beyond standard automated metrics (e.g., | BLEU, ROUGE) without any pedagogical or manual
human evaluation, SME validation, or validation.

docimological quality assessment).

Written in English or Indonesian. Written in languages other than English or
Indonesian.

Published between 2020 and 2025 (the Published before 2020.
post-Transformer and LLM era).

Primary empirical study (journal article or | Secondary study (e.g., literature review, survey) or
conference paper) reporting a dataset or theoretical paper lacking experimental data.
corpus and experimental results.

After removing duplicates and irrelevant documents, we obtained 79 potentially relevant studies. We

then examined these 79 studies in depth by reading their full texts and assessing them against a set of
quality assessment (QA) criteria. These criteria were designed to ensure that each study genuinely ad-
dressed cognitive control (RQ2) and quality validation (RQ3), thereby maintaining a consistent meth-
odological standard.

To assess the quality and relevance of these studies, we applied a QA protocol consisting of seven
criteria:

e (QA1) The study reports primary empirical research.

e (QAZ2) The study focuses on automatic question generation.

e (QA3) The study employs a Transformer-based or LLLM architecture.

e (QA4) The study explicitly discusses cognitive control methods, such as Bloom’s Taxonomy.
e (QAD5) The study reports quality validation methods, such as expert evaluation or rubrics.

e (QAO) The study describes its corpus or dataset.

e (QA7) The study presents its experimental findings clearly.

The final 69 studies were selected through a two-tiered quality assessment. First, every candidate
study was scored against the QA criteria (1 = yes, 0.5 = partially, 0 = no). To be considered further, a
study had to score full marks on the mandatory criteria (QA1-QA3); this served as the first filter. It
then had to pass a quality threshold of more than 2.0 out of 4.0 on the remaining criteria (QA4—
QA7). This procedure removed 10 studies. The most common reason for exclusion was that a study
addressed AQG but lacked the required methodological quality (score =< 2.0). The process yielded a
tinal corpus of 69 studies for analysis. For full methodological transparency, the complete QA rubric,
the operational definitions for each score level, the rationale for the inclusion threshold, and the de-
tailed QA scores for all 69 included studies are provided in the Appendix.

REPORTING

After the primary study selection process was completed, the data extraction phase was conducted.
The data extraction form (Table 4) was designed to collect relevant information and address each re-
search question systematically. To process the extracted information from the 69 included studies, a
hybrid data synthesis approach was employed. First, a descriptive statistical synthesis was used to
quantify trends in publication frequencies, model architectures, and validation types. Second, a narra-
tive and thematic synthesis was conducted to categorise and interpret the qualitative aspects of the
studies, specifically grouping the findings into three core research themes: cognitive control methods
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(identifying specific prompt-engineering and fine-tuning taxonomy alignments); validation strategies
(comparing automated metrics with docimological quality); and linguistic focus. This combined ap-
proach supports both a quantitative mapping of the current research landscape and a qualitative un-
derstanding of the pedagogical alignment frameworks employed. The analysis and synthesis of the
findings from this extraction process are presented in detail in the Results section.

Table 4. Description of the categories analysed

Category Description

Publication details | General information about the selected studies, including the year of
publication and the publisher.

Application The specific subject area or educational context where the AQG is applied

domain (e.g., medicine, computer science, law, or general education).

Model The type of generative Al model used, distinguishing between encoder—

architecture decoder Transformer models (e.g., T5, BERT) and large-scale LLMs (e.g.,
GPT-series, Llama).

Control The specific technical approach used to achieve controlled generation,

methodology categorised into fine-tuning strategies (e.g., full fine-tuning, parameter-

efficient fine-tuning, LoRA) or prompt engineering strategies (e.g., zero-shot,
few-shot, chain-of-thought, retrieval-augmented generation).

Cognitive The pedagogical standard or framework targeted by the control methodology

framework (e.g., Bloom’s Taxonomy levels, Item Response Theory, or general difficulty
levels).

Input context The characteristics of the input source provided to the model for question

generation (e.g., plain text, textbook documents, structured format).

Validation strategy | The evaluation metrics and protocols employed to assess the generated
questions, specifically identifying the presence of manual pedagogical metrics
(e.g., expert judgement, docimological quality, factual accuracy) versus
automated metrics (e.g., BLEU, ROUGE).

RESULTS

This SLR includes 69 primary studies that passed the QA stage described in the previous section.
Figure 6 presents a summary of the results for each QA item across these 69 primary studies.

The mandatory criteria (QA1—-QA3) were met by all included studies. Scores on the quality criteria
were also high: QA4 (cognitive control) was met (score = 0.5) by 61 studies (88.4%), of which 10
(14.5%) met it fully, and QA5 (quality validation) was met by all 69 studies (100%), of which 17
(24.6%) met it fully and 52 (75.4%) only partially. These results confirm the relevance of the 69 pri-
mary studies to the two pillars of this review: cognitive control and quality validation. The lowest
score, although still high, was recorded for QA4, indicating that some AQG studies still focus on
general generation without explicit cognitive control (Jadhav et al., 2025).

The primary studies span 2020 to April 2025 and show a marked acceleration in research activity af-
ter 2022. This growth, shown in Figure 7, followed the release of major LLMs, such as the GPT se-
ries, and was accompanied by a shift towards more advanced control and evaluation methods
(Lamsiyah et al., 2024; Wu et al., 2023). By publication venue, conference proceedings dominated (44
studies, 63.8%), followed by journal articles (23 studies, 33.3%) and preprints (2 studies, 2.9%).
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Furthermore, as shown in Figure 6, the high score for QA4 (addressing cognitive control) at 88.4%
confirms that control is the primary focus of current AQG research. Our analysis of the 69 primary
studies categorised control methods along two dimensions: (1) control frameworks (e.g., Bloom’s
Taxonomy versus difficulty level) and (2) implementation techniques (e.g., prompt engineering versus
tine-tuning) (Table 5).

Il Fully met (1.0) Partially met (0.5) Not met (0)

QA1 Primary empirical research 100.0% met

QA2 Primary focus on AQG 100.0% met

QA3 Uses Transformer models or LLMs 100.0% met

—

QA4 Discusses cognitive control methods 10 51

QA5 Applies quality validation methods i i 7#

QA7 Reports findings clearly, measurably

8 88.4% met
100.0% met
100.0% met

100.0% met

0 10 20 30 40 50 60 69
Number of primary studies (N = 69)

Figure 6. Quality assessment (QA) results for the 69 selected primary studies

301 MW Conference proceedings (n = 44) 29
B Journal articles (n = 23)

o 254 Preprints (n = 2)
(]
2
=)
% 20
)
©
£ 154
a
kS
g 10
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=1
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0 2

2020 2021 2022 2023 2024 2025*
Publication year

* 2025 covers January to April only.

Figure 7. Annual publication counts for the 69 primary studies

The most important finding is the adoption of Bloom’s Taxonomy as the de facto pedagogical
framework for cognitive control (Jadhav et al., 2025; Timosh et al., 2025). The majority of studies fo-
cusing on control explicitly attempt to guide the model to generate questions at specific cognitive lev-
els (e.g., C1-C6) (Scaria et al., 2024). Conversely, a minority of studies use the simpler difficulty-level
framework (e.g., easy, medium, hard) (Shah et al., 2024) or advanced psychometric models such as
IRT (Tomikawa & Uto, 2024).

To implement this cognitive control, and Bloom’s Taxonomy in particular, we identified two main
streams of techniques, which often correlate with the type of model used. The first stream is prompt
engineering for large-scale LLMs (such as the GPT series models). This approach (Lee et al., 2024;
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Wu et al., 2023) does not require fine-tuning and relies on instructions within the prompt (e.g., zero-
shot or few-shot) (Lee et al., 2024). Studies specifically design complex prompts to direct the LLM to
generate Bloom-based questions (L. Wang et al., 2025). The second stream is fine-tuning of encoder—
decoder models such as T5 and mT5. This approach involves fine-tuning the model on a dataset ex-
plicitly labelled with Bloom levels (Atmajaya et al., 2025; Timosh et al., 2025). This approach is often
considered to yield more precise control. Several recent studies have also explored parameter-effi-
cient fine-tuning (PEFT) methods, such as LoRA, to achieve Bloom-based control efficiently (Lamsi-

yah et al., 2024).

Table 5. Taxonomy of AQG control methods

Implementa- | Cognitive Implementation Common Example
tion method control description leading primary
framework models studies
1. Prompt Bloom’s Uses in-context instructions and | GPT-series (Lec et al.,
engineering Taxonomy few-shot examples to guide models 2024; L.
(Stream B: (dominant); | LLMs in generating questions at | (GPT-3.5, Wang et al.,
flexibility) difficulty specified cognitive levels. Zero- | GPT-4), 2025)
level shot and few-shot prompting: Llama, and
(common) direct instructions, with or chat models
without a small number of
examples, guide the generated
output (Lee et al., 2024).
Structured prompting: more
complex prompts (e.g., with
personas) are designed to
improve output quality (L.
Wang et al., 2025; Wu et al,,
2023).
2. Fine-tuning | Bloom’s Trains or adjusts model T5, mT5, (Atmajaya et
(Stream A: Taxonomy | parameters (full fine-tuning or BART (en- al., 2025; Ti-
precision) (dominant); | PEFT/LoRA) on an explicitly coder—de- mosh et al.,
Item labelled dataset to achieve high- | coder) 2025)
Response precision control. Full fine-
Theory tuning: encoder—decoder
(IRT) models (T5/mT5) are retrained
on Bloom-labelled data
(Atmajaya et al., 2025). PEFT
(e.g., LORA): parameters are
adjusted efficiently for Bloom-
level control (Lamsiyah et al.,
2024).
3. Other Difficulty Uses reinforcement learning Various (J. Feng &
hybrid level (RL) or psychometric models Mostow,
methods (general) such as IRT to calibrate output 2021; Shah et
difficulty (easy, medium, hard) al., 2024,
instead of fixed Bloom levels. Tomikawa &
Uto, 2024)
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Two patterns emerge from this mapping. First, studies that use fine-tuning (T'5) tend to build highly
specialised systems for specific domains such as programming or cybersecurity (Mulla & Gharpure,
2023; Suhartono et al., 2024). Second, studies that use prompt engineering (GPT) emphasise flexibil-
ity and zero-shot performance across domains (Lee et al., 2024; Wu et al., 2023). Choosing between
these two streams, precise fine-tuning and flexible prompting, is a central design decision in current
automatic question generation research (Atmajaya et al., 2025; Lamsiyah et al., 2024).

RQ1: LANDSCAPE OF AQG RESEARCH FOR LOW-RESOURCE LANGUAGES

The 69 studies are unevenly distributed across languages. Most of them (60 of 69, 87.0%) address
English exclusively, leaving 9 studies (13.0%) that address other languages. Within that remainder,
Indonesian is the most frequently studied language (n = 5, 7.2%) (Atmajaya et al., 2025; Awalu-
rahman & Budi, 2024; Fuadi & Wibawa, 2022; Suhartono et al., 2024; Vincentio & Suhattono, 2022).
The remaining studies address Spanish (n = 2, 2.9%), Thai (n = 1, 1.4%), and Vietnamese (n = 1,
1.4%) (de-Fitero-Dominguez et al., 2024; D. H. Nguyen et al., 2025; Wiwatbutsiri et al., 2022). The
results for RQ1, therefore, show a pronounced linguistic imbalance in current AQG research: da-
tasets and models are concentrated on English, while low-resource languages are only marginally rep-
resented.

RQ2: CURRENT ADVANCED METHODS FOR COGNITIVE CONTROL

Across the 69 included studies, cognitive control mechanisms fall into two methodological streams,
as shown in Figure 8. Stream A (precision), employed in 22 studies (31.9%), uses fine-tuning ap-
proaches such as PEFT, commonly applied to encoder—decoder models, to achieve strict control
over Bloom’s Taxonomy (Atmajaya et al., 2025; Suhartono et al., 2024). In contrast, Stream B (flexi-
bility), adopted in 37 studies (53.6%), uses prompt engineering to exploit the zero-shot and few-shot
capabilities of general-purpose LLMs (Awalurahman & Budi, 2024; Lee et al., 2024).

A further 5 studies (7.2%) employ hybrid approaches that combine both streams, and 5 studies
(7.2%) use alternative mechanisms, such as IRT or complexity-based control. Regarding model archi-
tecture, LLM/GPT-based models dominate the field, used in 41 studies (59.4%), while T5 and other
encoder—decoder models remain relevant in 20 studies (29.0%); the remaining 8 studies (11.6%)
combine both architectures within a single pipeline or use other specialised models, particularly for
fine-tuning-based cognitive control in low-resource language settings.

@ PRECISION (FINE- TUNING)

Start Comparison

Choose Flexibilty
{Prompling)

Choose Precision
{FinesTuning)
Core Phllusuphy
Praclsion

f mary Study

Slala of the At Control Method Typical Domain
Model Pracision Preclsion Requmm Precision e
Procisien Preclsion
$ FLEXIBILITY (PROMPTING)
CooPhlosophy | | Sleofthet | | ContolNethod qulm IR gjﬂ;‘:“
Flaxhlly Model Flexibilty Feblly Pl Fleibilty Fesblly

Figure 8. Precision-oriented fine-tuning (Stream A)
versus flexibility-oriented prompting (Stream B)
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Within Stream B, prompting methods include zero-shot and few-shot prompting, in which the in-
struction, with or without worked examples, specifies the intended cognitive level (Lee et al., 2024;
Wu et al,, 2023). Other studies use more elaborate strategies such as persona prompting or chain-of-
thought (CoT) prompting (L. Wang et al., 2025). Prompts are also augmented with external sources
(e.g., PDF documents) through retrieval-augmented generation (RAG) (Maity et al., 2025b; Mary et
al., 2025). Table 6 summarises these prompting types.

Table 6. Taxonomy of prompt engineering techniques for cognitive control (Stream B)

Prompting type :
(Stream B: Description ‘ rgeilinc fromrg ¢ 1 rirljxamlt) li]j
flexibility) emplate or example primary studies
1. Zero-shot (di- Relies on the in-context | “Generate a C4-Analysis multi- | (Zichao Wang et
rect instruction) learning ability of the ple-choice question based on the al., 2022; Wu et
LLM. The target Jollowing context: [Context ...]” | al., 2023)

cognitive level is stated
directly in the
instruction, without

examples.
2. Few-shot (with | Supplies one to five “Context: [Context A, Q-C2: | (Awalurahman &
examples) worked examples so that | [Question A] Context: [Context | Budi, 2024; Lee et

the model can infer both | Bj, OQ-C2: [Question B] Con- al.,, 2024)
the required format and | zext: [Context CJ, Q-C2:...”
the target cognitive level.
Reported as particularly
effective for low-
resource languages.

3. Persona and Instructs the model to “You are a pedagogy expert spe- | (Shah et al., 2024,

CoT (role-playing | reason step by step or cialising in Bloom’s Taxonomy. L. Wang et al.,
instruction) adopt an expert role to Your task is to create one ‘C4- 2025; Xu et al.,
improve output quality | Analysis’ question. Context: 2024)

and adherence to the tar- | [Context ...] Question:”
get level. Produces
longer and more elabo-
rate prompts.

4. Retrieval-aug- Inserts context retrieved | “Using ONLY the context pro- | (Maity et al.,
mented generation | from source documents | vided below, generate a C1-Re- 2025b; Mary et al.,
RAG) directly into the prompt | menbering question. Retrieved 2025)

to limit hallucination and | Context: [Text chunk from PDF
to ground the generated | .../ Question:”

item in the source
material.

Beyond Bloom’s Taxonomy, emerging control mechanisms offer greater granularity. W. Feng et al.
(2025) and L. Yang et al. (2025) introduced complexity-controllable generation using reasoning-aug-
mented sampling and definition constraints. Z. Li et al. (2025) and Z. Yang et al. (2024) addressed
topic control scalability. Hybrid approaches further combine RAG with custom knowledge bases
(Sayed et al., 2025) and with soft-prompting techniques (Ma et al., 2025). The results for RQ2 show

17



Beyond Fluency: Cognitive Control in LLM-Based AQG

that cognitive control in AQG is strategically divided between precision-based fine-tuning and flexi-
bility-based prompting, with emerging mechanisms offering increasingly granular control over com-
plexity and topic.

RQ3: QUALITY VALIDATION METHODS FOR PEDAGOGICAL QUALITY

Quality assessment in AQG is reported in all 69 studies, with no study relying solely on automated n-
gram metrics. Automated metrics such as ROUGE and BLEU are used to measure grammatical ac-
curacy (Steuer et al., 2021; H.-C. Wang et al., 2024). Newer automated metrics, such as MIRROR
(Deroy et al., 2024), are also used to evaluate the outputs of both LLM-based and rule-based systems

(Lodovico Molina et al., 2024; Moore et al., 2023).

Regarding human evaluation, full docimological rigour in SME assessment is reported in 17 studies
(24.6%) (Van Campenhout et al., 2021; Wréblewska et al., 2025). The remaining 52 studies (75.4%)
employ a limited or mixed form of human assessment alongside automated metrics. Manual evalua-
tions typically assess educational reliability, factual accuracy, distractor quality, and docimological va-
lidity (Elkins et al., 2023; Grévisse et al., 2024), as well as the alignment of item difficulty with
Bloom’s Taxonomy (Scaria et al., 2024). Table 7 summarises the manual evaluation metrics reported

across the corpus.

Table 7. Manual AQG evaluation metrics

Metric type

Description

Example primary studies

Baseline criteria

1. Fluency and
grammar

Assesses whether the generated
question and answer are written with
correct grammar, clarity, and
comprehensibility (linguistic quality).

(Contreras-Arguello et al., 2025;
Elkins et al., 2023; Mulla &
Gharpure, 2023; Steuer et al., 2021;
Van Campenhout et al., 2021)

2. Relevance

Assesses whether the generated
question and answer are relevant to the
provided content/context (topical
alignhment).

(Contreras-Arguello et al., 2025;
Gomazkova et al., 2024; H. A.
Nguyen et al., 2022; Saha, 2021;
Van Campenhout et al., 2021; Zi-
chao Wang et al., 2022)

Pedagogical criteria

3. Factual accuracy

Assesses whether the information in
the question and the key answer is
factually accurate with respect to the
source context. Critical in high-stakes
domains such as medicine and law.

(Deroy et al., 2025; Elkins et al.,
2023; Guo et al., 2025; Kauchak et
al., 2024; Maity et al., 2025a)

4. Distractor qual-
ity

Assesses whether the distractors in
MCQs are (a) relevant to the topic, (b)
incorrect but plausible, and (c) not
easily eliminated by guessing,

(Atmajaya et al., 2025; Kauchak et
al., 2024; Shwe et al., 2024; Winata
et al., 2025; Yin & Li, 2025)

5. Docimological
and pedagogical
quality

A holistic metric assessing whether the

item is effective as a testing instrument.

It evaluates issues such as ambiguity,
fairness, and misleading content.

(Elkins et al., 2023; Grévisse et al.,
2024; Mulla & Gharpure, 2023;
Saha, 2021; Zichao Wang et al.,
2022; Wréblewska et al., 2025)
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Metric type Description Example primary studies

6. Bloom’s Taxon- | Assesses whether the cognitive level of | (Guo et al., 2025; Jadhav et al.,

omy compliance the generated question matches the 2025; Lamsiyah et al., 2024; Scaria
(central metric for | level targeted during generation (e.g., et al., 2024; Suhartono et al., 2024;
this review) C4, analysing). Timosh et al., 2025)

In addition to standard manual and automated metrics, the literature reports hybrid validation frame-
works. These include training classifiers on SME annotations to predict pedagogical quality and tax-
onomy alignment (Guo et al., 2025; Saha, 2021) and using autonomous LLM agents to simulate SME
evaluations (Levine et al., 2025). Furthermore, IRT-based approaches are used to assess latent diffi-
culty and discriminative ability as tunable parameters before deployment (J. Feng & Mostow, 2021;
Tomikawa & Uto, 2024). The results for RQ3 show that quality validation in AQG is moving beyond
standard automated metrics towards hybrid frameworks and psychometric approaches that aim to
measure pedagogical quality and to scale its assessment.

RQ4: MAIN APPLICATION DOMAINS AND DOMINANT LLM MODELS

Analysis of application domains shows that most studies (n = 58, 84.1%) address general education,
covering K—12, post-secondary, and general instructional settings. Studies devoted to particular do-
mains are far fewer: medical education (n = 1, 1.4%), computer science and programming (n = 1,
1.4%), and law (n = 1, 1.4%) (Deroy et al., 2025; Kauchak et al., 2024; Mulla & Gharpure, 2023).
Studies in STEM fields cover mathematics (n = 2, 2.9%) (Hwang & Utami, 2024; R. Li et al., 2024)
and geographic information systems (n = 1, 1.4%) (Zhiyun Wang et al., 2025). The remaining 5 stud-
ies (7.2%) did not specify an application domain.

Two types of model architecture predominate. The first comprises smaller models based on the T5
architecture, including the multilingual mT5, which appear in 20 studies (29.0%) (Awalurahman &
Budi, 2024; Suhartono et al., 2024). The second comprises large models from the GPT family, which
appear in 41 studies (59.4%) (Lee et al., 2024). The remaining 8 studies (11.6%) show both types of
architecture in a single pipeline.

Studies published in 2025 account for 29 of the 69 studies (42.0%). In this subset, Asri et al. (2025)
describe implementations in the higher education systems of Morocco and Switzerland. Arunnehru
et al. (2025) and Snegaa et al. (2025) examine AQG configurations for intelligent assistants, address-
ing learning analytics and roadmap generation, respectively. Poonkuzhali et al. (2025) and Bernard
and Graf (2025) propose integrated educational systems for personalised learning. The results for
RQ4 show that although AQG applications are heavily concentrated in general education and rely on
large models, recent work indicates a clear shift towards integrating these tools into complete, per-
sonalised educational systems.

THE PROPOSED PEDAGOGICAL ALIGNMENT FRAMEWORK

1. Cognitive targeting. The process begins with the curriculum: educators specify the intended
learning goal and map it to a level of Bloom’s Taxonomy, for example, C4 (analysing). This specifica-
tion sets the cognitive target that the control strategy then uses to tune the AQG system towards spe-
cific educational outcomes rather than towards factoid questions of little educational value (Jadhav et
al., 2025; Scaria et al., 2024; Timosh et al., 2025).

2. Context curation. The quality of the generated items depends directly on the quality of the source
material. This stage involves compiling foundational educational materials (textbooks, lecture tran-
scripts) to serve as the knowledge base. Selecting culturally relevant, information-dense texts for fine-
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tuning helps to relieve data scarcity and is one of the most important stages for low-resource lan-
guages such as Indonesian (Fuadi & Wibawa, 2022; Winata et al., 2025).

3. Controlled generation. With the intended cognitive objectives (step 1) and the selected context
(step 2), the system determines which generation mechanism to deploy. For high-precision cases
(such as C3, applying), Stream A (fine-tuning with PEFT) is used, drawing on T'5 or locally adapted
models such as IndoBART (Atmajaya et al., 2025; Lamsiyah et al., 2024; Suhartono et al., 2024). For
Stream B cases (more open, exploratory questions), prompt engineering with LLMs is applied (Lee et
al.,, 2024; L. Wang et al., 2025).

4. Dual validation. The framework specifies a two-step validation process designed to relieve the
validation bottleneck. The first step is automated screening. An automated assessor, such as a classi-
fier trained on expert annotations, discards candidate items that are irrelevant to the source context
or grammatically ill-formed (Mulla & Gharpure, 2023; Saha, 2021). The second step is expert confir-
mation. One or more SMEs assess the docimological quality of the surviving items, evaluating
whether each question is at the intended level of cognitive demand and whether its distractors are
plausible (Grévisse et al., 2024; Wréblewska et al., 2025).

5. Integration and delivery. Validated items are not merely stored but integrated into the learning
environment, such as a learning management system (LMS) or an intelligent tutoring system (ITS).
This stage concerns the delivery format, whether as formative assessments that provide immediate
feedback or as CAT items that adjust to learner proficiency (Susanti et al., 2020; Van Campenhout et
al,, 2021).

6. Quality assurance. Response data from learners is used to flag items that fail to discriminate or
exhibit anomalous difficulty patterns, thereby supporting continuous iteration and sustained quality
assurance. Tomikawa and Uto (2024) show how this feedback loop turns an AQG system from a
static generator into a self-improving one; comparable feedback mechanisms are described by Arun-
nehru et al. (2025). The complete six-stage framework is synthesised in Table 8.

Table 8. Stages of the proposed pedagogical alignment framework

Stage Actor and Goal Output . E).(amp le :
method instruction or action
1. Cognitive | Educators Define specific Cognitive target | “Define learning objective:
targeting and learning goals and specification Students must analyse the
curriculum map them to (e.g.,aC4 canses of the Java War
designers cognitive levels (e.g., | analysing using C4-Analysis level
Bloom’s Taxonomy). | objective) questions.”
2. Context Subject Select authoritative Curated context | “Select ‘Chapter 5:
curation matter experts | and culturally corpus (high- Independence Struggle’ from
(SMEs) relevant educational | quality input the official Ministry of
content (textbooks, | text) Education bistory texthook
transcripts) as the as the source context.”

knowledge source.

3. Controlled | Stream A (T5 | Generate question Candidate Stream B Prompt: “Act as
generation + PEFT) or | candidates that question set a pedagogy expert.
Stream B strictly adhere to the | (raw generated | Generate one multiple-
(LLM defined cognitive items) choice question based on the
prompting) targets and context. provided text that tests C4-

Analysis skills. Ensure
distractors are plansible.”
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Stage Actor and Goal Output . E).(amp le .
method instruction or action
4. Dual Automated Filter grammatical Validated item | Automated: “Classify
validation classifier errors bank question #101: Is the
(BERT- computationally and | (pedagogically cognitive level predicted as
based) and verify docimological | sound C42” Human: “Rate the
human SMEs | quality and fairness | questions) distractor quality on a scale
pedagogically. of 1=5. Are there any
trick questions?”
5. Integration | LMS and Deploy validated Live assessment | “Tmport validated item
and delivery | adaptive items into the activity (student | bank into Moodle/ Canvas
systems learning interaction) LMS for the Mid-Term
(CAT) environment for Adaptive Exam session.”
formative or
adaptive assessment.
6. Quality Learning Evaluate item Continuous “Calcnlate Item
assurance analytics and | performance based | feedback loop Discrimination Index and
psychometrics | on actual student (refined model | Difficulty Parameter (b) for
(IRT) response data and and parameters) | Question #1071 based on
refine the generation Student response data.”
process.
DISCUSSION

The synthesis of 69 primary studies shows that AQG has shifted from a predominantly technical nat-
ural language processing task towards an educational technology problem in which pedagogical align-
ment is the decisive criterion. Early work in the corpus focused mainly on producing well-formed
questions, whereas the current frontier centres on managing their cognitive demand and verifying
their educational quality. This section discusses four themes that follow directly from the four re-
search questions: equity of access (RQ1), the pedagogical consequences of cognitive control (RQ2),
the validity of automated assessment (RQ3), and the changing role of the teacher (RQ4).

EQuUITY AND INCLUSION: BRIDGING THE LINGUISTIC GAP (RQ1)

The distribution reported for RQ1 has an ethical as well as a technical dimension. Sixty of the 69
studies (87.0%) address English exclusively, leaving 13.0% for all other languages and only 7.2% for
Indonesian. English benefits from abundant annotated corpora and mature pretrained models (de-
Fitero-Dominguez et al., 2024; Johnson et al., 2025), whereas work on low-resource languages re-
mains sparse and is concentrated in well-resourced domains such as medicine and computer science.
Speakers of low-resource languages therefore face a compound disadvantage: neither the training
data nor the language models required for reliable generation are available to them, and the pools of
subject matter experts needed for pedagogical validation are correspondingly thin.

Closing this gap requires locally constructed corpora and culturally situated systems, as demonstrated
by Fuadi and Wibawa (2022), Suhartono et al. (2024), and Atmajaya et al. (2025). The same constraint
explains the growing interest in smaller language models for resource-constrained settings (Berger et
al., 2024). Encoder—decoder models of the T5 family have proved more tractable for localisation and
adaptation than larger proprietary models (Awalurahman & Budi, 2024; Suhartono et al., 2024), and
parameter-efficient fine-tuning lowers the computational cost of adapting them further. A parallel
line of work extends AQG towards personalised assessment for learners with intellectual disabilities
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(Poonkuzhali et al., 2025), broadening the scope of the field from linguistic coverage to equitable ac-
cess more generally and connecting AQG research to the goal of inclusive quality education.

PEDAGOGICAL IMPLICATIONS OF COGNITIVE CONTROL: PRECISION AND
FLEXIBILITY (RQ2)

Aligning generation with Bloom’s Taxonomy reframes the task from one of syntactic production to
one of cognitive scaffolding. The two streams identified in RQ2 achieve this alignment by different
means, and choosing between them entails a trade-off between precision and flexibility.

In the precision stream (Stream A), the cognitive target is embedded during training: encoder—de-
coder architectures such as T5 and mT5 are fine-tuned so that the output is constrained to a speci-
tied level of the taxonomy, for example, distinguishing C3 (applying) from C4 (analysing). This de-
gree of control matters most in high-stakes assessment, where the cognitive level of an item must be
specified unambiguously and remain defensible under scrutiny.

In the flexibility stream (Stream B), prompt engineering applied to general-purpose LLMs such as
GPT-4 makes cognitive control available without retraining. Chain-of-thought and persona prompt-
ing are used to steer models towards higher-order questions, and the literature shows increasing reli-
ance on such descriptive strategies, including instructions that cast the model as a specialist in cogni-
tive-level assessment (L. Wang et al., 2025). Retrieval-augmented generation is added to limit halluci-
nation and to ground generated items in the source material (Maity et al., 2025b).

The theoretical implication is that adaptive cognitive control is a matter of instructional alignment
rather than of implementation detail. Where control mechanisms are weak, an AQG system can pro-
duce items that are technically well-formed yet fail to elicit the cognitive process the assessment is in-
tended to measure.

ASSESSMENT VALIDITY: BEYOND AUTOMATED METRICS (RQ3)

The validation methods identified in RQ3 support a clear conclusion: standard natural language pro-
cessing metrics such as BLEU and ROUGE cannot serve as stand-alone measures of educational
quality. These metrics capture surface overlap and grammatical well-formedness, but they do not as-
sess factual accuracy, pedagogical purpose, or adherence to Bloom’s Taxonomy (Elkins et al., 2023;
Grévisse, 2024). The literature, therefore, exhibits a validity gap: an item can score highly on n-gram
similarity yet have little educational value. Concept mapping reseatrch offers one route beyond this
limitation: Prasetya et al. (2025) show that cognitive fidelity is reflected in the interrelatedness of
knowledge structures, suggesting that AQG systems should generate questions that probe conceptual
connections rather than isolated facts.

Because automated metrics are insufficient, evaluation by subject-matter experts remains the refet-
ence standard. The finding from RQ3 that 52 of the 69 studies (75.4%) rely on limited or partial hu-
man assessment indicates that rigorous expert-led evaluation remains the exception rather than the
norm. Manual review is time-consuming, but it is currently the only established means of judging dis-
tractor plausibility, cueing, fairness, and docimological validity (Elkins et al., 2023; Grévisse et al.,
2024).

Two developments respond to this validation bottleneck. The first is psychometric: frameworks
based on Item Response Theory estimate the latent difficulty and discrimination of generated items,
moving validation from qualitative judgement to estimable parameters that can be specified before
deployment (Tomikawa & Uto, 2024). The second is computational: purpose-built evaluators such as
MIRROR, developed explicitly as an alternative to n-gram metrics (Deroy et al., 2024), together with
autonomous LLM agents that emulate expert review (Levine et al., 2025), suggest a model-based pre-
screening layer that filters generated items before a domain specialist sees them. Neither develop-
ment removes the expert from the process; both seek to use the expert’s scarce time more efficiently.
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TEACHER AGENCY AND CO-DESIGN (RQ4)

The application domains and systemic trends identified in RQ4 point to a redefinition of the
teacher’s role rather than to the replacement of the teacher. Within co-design workflows, teachers
take on the role of assessment designer and prompt author. This reading is supported by the RQ4
finding that recent studies increasingly embed AQG within complete educational systems such as
learning management systems, rather than treating generation as a stand-alone service. For institu-
tional decision-making and responsible classroom deployment, the implication is concrete: teachers
require targeted preparation in prompt design and cognitive alignment if they are to evaluate model
output critically.

The concentration of research in general education (84.1%) at the expense of specialised domains
also reveals a clear gap. Systems such as GISedu-GPT and domain-specific intelligent learning assis-
tants indicate that AQG performs best when supplied with domain knowledge and a curated
knowledge base, and that generic foundation models underperform domain-grounded models on
tasks requiring complex reasoning (Zhiyun Wang et al., 2025). Consistent with this, .. Wang et al.
(2025) direct attention to teachers’ collective pedagogical expertise as a resource for prompt design.
Taken together, these findings argue for a human-in-the-loop configuration in which the model
drafts and the teacher selects, adapts, and validates. Realising that the configuration will require pro-
gress on current limitations in reasoning over non-linear narratives and implicit meaning (Winata et
al., 2025), and may benefit from extending AQG to multimodal sources such as video and audio
(Gala et al., 2021).

LIMITATIONS

This systematic literature review provides a detailed synthesis of existing control and validation tech-
niques, but several limitations should be noted. First, the corpus is restricted to studies that address
cognitive control or quality validation, so work concerned solely with generation architecture falls
outside its scope. Second, the review window (2020—-2025) covers the post-Transformer period and
therefore excludes earlier rule-based and statistical work. Third, although we highlight the gap in In-
donesian-language publications, the search strategy relied on English keywords and may therefore
have overlooked publications in local languages that are not indexed in global repositories. Fourth,
screening was performed by a single reviewer; although every decision was guided by predefined
PRISMA criteria and a structured QA rubric, the absence of a second independent reviewer meant
that inter-rater agreement statistics could not be calculated, which may introduce a degree of selec-
tion bias.

CONCLUSION

This systematic literature review reframes AQG not as a subtask of natural language generation
(NLG) but as a distinct field of enquiry, which may be termed pedagogical alignment engineering.
Specifically, by synthesising 69 studies published between 2020 and 2025, this review produces four
main contributions: (1) empirical evidence of a low-resource language gap, (2) a taxonomy of cogni-
tive control methods, (3) a synthesis of validation practices, and (4) a proposed Pedagogical Align-
ment Framework. Whereas early work approached the problem as one of linguistic fluency, more re-
cent studies reframe it in terms of Bloom’s Taxonomy, which has become the default framework for
constraining generated text to a specified cognitive level. This shift is clearly reflected in our data,
with 88.4% of the reviewed studies explicitly discussing cognitive control mechanisms and all 69
studies applying quality validation beyond n-gram metrics. However, only 24.6% did so with full
docimological rigour.
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Summary of key findings. Across the four research questions, the current landscape of AQG re-
veals significant trends and disparities. First, the field is heavily dominated by English-centric re-
search (87.0%), leaving a substantial gap for low-resource languages such as Indonesian (7.2%). To
bridge this gap, smaller fine-tuned models (such as T5 architectures) remain crucial for localisation,
even as the field explores the flexibility of general-purpose large language models. Second, applica-
tion domains are disproportionately concentrated in general education (84.1%), indicating a clear
need for domain-specific AQG systems. Finally, although automated NLP metrics remain widely
used, they often fail to capture educational validity. Consequently, expert validation remains the in-
dispensable reference standard, yet it is applied with full docimological rigour in only 24.6% of stud-
ies, while the remaining 75.4% relying on limited or partial human review. Future frameworks will
need to support and scale expert evaluation rather than replace it.

Theoretical contributions. The review identifies a bifurcation between fine-tuned encoder—decoder
models, such as T5 and mT5 (Stream A, precision), and prompt engineering for large language mod-
els, such as GPT (Stream B, flexibility). This classification links control strategy to architectural
choice and makes the trade-off between pedagogical precision and generative flexibility explicit. We
further argue that conventional automatic evaluation (e.g., BLEU and ROUGE) is inadequate for ed-
ucational applications, and we propose expert-assessed docimological quality as the appropriate
benchmark.

Methodological contributions. In response to the scarcity of resources for low-resource languages
such as Indonesian, this review proposes the Pedagogical Alignment Framework. This methodologi-
cal contribution proposes a closed-loop approach that combines the zero-shot capabilities of LLMs
with parameter-efficient fine-tuning and automated assessors to relieve the validation bottleneck.
Further research should pursue this integrated approach rather than incremental technical optimisa-
tion, so that AQG systems are not only linguistically adequate but also pedagogically appropriate,
psychometrically valid, and accessible.
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APPENDIX. QUALITY ASSESSMENT PROTOCOL

A.1 Full QA Rubric with Scoring Criteria

This appendix presents the complete quality assessment (QA) rubric applied to evaluate all candidate
studies during the systematic review process. The rubric consists of seven criteria divided into two
tiers: three mandatory criteria (QA1-QA3) and four quality criteria (QA4—QA7). A study is included
in the final corpus (n = 69) if and only if it achieves a perfect score on all mandatory criteria and a
cumulative score greater than 2.0 out of 4.0 on the quality criteria.
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A.2 Scoring Legend

Table A1 presents the scoring scale used across all QA criteria.

Table Al. Scoring legend

is absent or contradicted.

Score Label Interpretation
1.0 | Yes — meets fully The study fully meets the criterion as described in the rubric.
0.5 | Partially — meets partly | The study partially meets the criterion — relevant content is
present but incomplete, implicit, or lacks methodological rigour.
0 No — does not meet The study does not meet the criterion. The relevant dimension

A.3 Quality Assessment Rubric (QA1-QA7)

Table A2 presents the full rubric with operational definitions for each scoring level (Yes = 1, Partially

= 0.5, No = 0).
Table A2. Full quality assessment rubric with operational scoring definitions
QA . g
crite- Cate- Ques.tlo‘n/ Yes (1.0) Partially (0.5) No (0) does Weight
tia gory description meets fully meets partly not meet
Mandatory Criteria (QA1-QA3): A study must score 1 on all three to be considered for further evaluation
QA1 | Study type | Is the study a The paper reports | — (No partial Secondary Mandatory
primary empirical | original experi- score; a study ei- study (review,
research paper ments, evalua- ther is or is not pri- | survey, opin-
(journal article, tions, or imple- mary research.) ion, or posi-
conference paper, | mentations with tion paper)
or peer-reviewed explicit methodol- without expet-
proceedings)? ogy, corpus, and imental data.
measurable re-
sults.
QA2 | Focuson | Is the primary AQG is the main | — (No partial AQG isinci- | Mandatory
AQG focus of the study | contribution, eval- | score; AQG must | dental or sec-
on automatic uation target, or be the primary, not | ondary. The
question research problem. | incidental, focus.) | paper focuses
generation (AQG) | The paper’s core on QA, text
— specifically the | system generates summarisa-
generation of questions from tion, NLG in
questions from text. general, or
text for other NLP
educational or tasks where
assessment question gen-
purposes? eration is not
the primary
contribution.
QA3 | Modelar- | Does the study Uses Trans- — (No pattial Uses only rule- | Mandatory
chitecture | employ a former-based score; the Trans- based systems,
Transformer-based | PLM (e.g., T5, template-based
pre-trained BERT, mT5, approaches,
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Q.A Cate- Question/ Yes (1.0) Partially (0.5) No (0) does .
crite- . Weight

ria gory description meets fully meets partly not meet

language model BART) or an former/LLM con- | pre-Trans-

(PLM) or a large LLM (e.g., GPT- | dition must be former neural

language model 2/3/4, LLaMA, cleatly met.) models (e.g.,

(LLM) as its core | ChatGPT, PaLLM, seq2seq

generation Gemini) explicitly LSTM), or

architecture? named and ap- keyword ex-

plied to AQG.

traction with-
out any Trans-
former com-
ponent.

Quality Criteria (QA4—QA7): A study must achieve a cumulative score >2.0 out of 4.0 on these criteria.
Each criterion uses a 3-point scale: Yes (1), Partially (0.5), No (0).

QA4 | Cognitive | Does the study ex- | The paper explic- | The paper men- The paper Quality
control plicitly discuss or | itly names tions difficulty lev- | does not ad- (max 4.0)
implement meth- | Bloom’s Taxon- els (e.g., easy/me- | dress cognitive
ods for controlling | omy (C1-C6), dium/hard) or dis- | demand, diffi-
the cognitive de- IRT, or a compa- | cusses the need for | culty, or peda-
mand of generated | rable cognitive cognitive control | gogical level in
questions — using | framework and without applying a | any systematic

a formal frame- demonstrates its named formal way. Ques-
work such as application in gen- | framework. In- tions are gen-
Bloom’s Taxon- erating or evaluat- | cludes papers that | erated without
omy, Item Re- ing questions at use implicit diffi- | any mecha-
sponse Theory specific cognitive | culty proxies with- | nism for con-
(IRT), or explicit levels. Includes out mapping to a | trolling their
difficulty levels? both prompt- formal taxonomy. | cognitive com-
based control and plexity.
fine-tuning-based
control.
QA5 | Quality Does the study ap- | Uses at least one | Conducts a limited | Evaluates gen- Quality
validation | ply quality valida- | of: (a) hu- human evaluation | erated ques- (max 4.0)
tion methods that | man/SME evalua- | without a formal tions exclu-
go beyond stand- | tion; (b) assess- rubric or inter-rater | sively using au-
ard automated n- | ment validity crite- | reliability check, or | tomated n-
gram matching ria; (c) docimolog- | uses automated gram metrics
metrics (BLEU, ical quality rubrics; | metrics alongside a | (BLEU,
ROUGE, ME- (d) psychometric | brief qualitative ROUGE, ME-
TEOR) to assess models (IRT diffi- | discussion — but | TEOR,
the pedagogical or | culty, discrimina- | does not employ a | NLTK) with-
docimological tion); (e) auto- structured peda- out any human
quality of gener- mated quality clas- | gogical evaluation | evaluation, ex-
ated questions? sifiers trained on | framework. pert review, or
pedagogical anno- pedagogically-
tations (e.g., MIR- grounded qual-
ROR, Bloom clas- ity assessment.
sifiers).
QA6 | Corpus / | Does the study The paper explic- | The paper men- The paper Quality
Dataset cleatly describe the | itly names the da- | tions the dataset does not (max 4.0)

dataset or corpus

taset, specifies its

cleatly describe
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clearly and measur-
ably, with suffi-
cient detail to un-
derstand the pet-
formance of the
proposed AQG
system?

Findings are
clearly linked to
the research ques-
tions. Tables or
figures present
data in a struc-
tured, reproduci-
ble manner.

tive support —
e.g., some metrics
are reported but
without baselines
or comparisons, or
qualitative descrip-
tions replace quan-
titative measure-
ments. Preprint pa-
pers may fall here
if data is prelimi-
nary.

vague, of con-
sist solely of
descriptive text
without any
quantitative
evaluation.

cSi- Cate- Ques'tio.n/ Yes (1.0) Partially (0.5) No (0) does Weight
ria gory description meets fully meets partly not meet
used for training, domain and size but provides in- the corpus or
fine-tuning, and/or | (number of pas- complete infor- dataset. The
evaluation, includ- | sages, question- mation — e.g,, source of
ing its source, size, | answer pairs), and | names the source | training or
and domain? describes how it but does not spec- | evaluation data
was obtained or ify its size, or de- is absent, am-
constructed. scribes the domain | biguous, or
without detailing only vaguely
how the corpus referenced.
was constructed.
QA7 | Experi- Does the study Results are pre- Findings are pre- Results are ab- Quality
mental present its experi- | sented with quan- | sented but with in- | sent, overly (max 4.0)
findings mental results titative metrics. complete quantita-

Inclusion threshold: A study is included in the final corpus (n = 69) if and only if it: (1) scores 1 on all three manda-
tory criteria (QA1—QA3), and (2) achieves a cumulative score of >2.0 out of 4.0 on the quality criteria (QA4—
QA7). The threshold of 2.0 was set to ensure that each included study demonstrates at least a substantive partial
engagement with both cognitive control and pedagogical validation — the two central pillars of this review. Stud-
ies that scored =2.0 on QA4-QA7 (n = 10) were excluded because, while they focused on AQG with Trans-
former/LLM architectures, they lacked sufficient engagement with pedagogical quality beyond basic automated
metrics.
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Table A3 presents the quality assessment (QA) scores for each of the 69 studies included in this systematic re-
view. Studies are listed by their corpus identifier (Nos. 1-69). Indonesian-language studies are highlighted in
bold. Score legend: 1 = Yes; 0.5 = Partially; 0 = No.

Table A3. QA scores for all 69 included studies — supplementary material

No Citation Year | Type |Title (abbreviated)| QA1 | QA2 | QA3 | QA4 | QA5 | QA6 | QA7 | Total
Mandatory Critetia (all must = 1 for inclusion): QA1-QA3 scored 0 ot 1. Quality Criteria: QA4-QA7 scoted 0 / 0.5 / 1 — must total
>2.0. Max = 7.0
1 |Agarwaletal. | 2022 |Conf. Deep learning and 1V |1V |1V | ox [05~1v |1V 5.5
(2022) Proc. linguistic feature
based ...
2 |Arunnchruet | 2025 [Conf. |Al-enhancedlearn- | 1 |1 | 1V |05~ 1V |1V | 1V | 65
al. (2025) Proc. ing assistant plat-
form: An ...
3 |Astietal 2025 |Conf.  |Automated question| 1 | 1+ | 1+ [05~[05~| 1« | 1V 6
(2025) Proc. generation with Al
4 | Atmajaya et al. | 2025 (Journal |Multiple-choice 1v |1 | 1 [|05~105~]| 1 | 1V 6
(2025) question generation
in low ...
5 |Awalurahman | 2024 |Conf. Paragraph vs sen- 1v |1 | 1 [|05~105~| 1 | 1V 6
and Budi Proc. tence in automatic
(2024) question ...
6 |Bahtiand 2025 |Conf.  |Towatds a RAG- 1v | 1V |1V [|05~[05~]| 1 | 1V 6
Oueslati (2025) Proc. based framework
for ...
7 |Berger et al. 2024 |Conf. Question generation| 1 | 1v | 1v |05~[05~] 1 | 1V 6
(2024) Proc. capabilities of
“small” ...
8 |Bernard and 2025 |Conf.  |Language models 1V |1V 1 [05~]05~| 1 | 1V 6
Graf (2025) Proc. for educational
question ...
9 |Bulathwela et 2023 |Conf. Scalable educational | 1| 1V 1V 0X |05~ 1V 1V 5.5
al. (2023) Proc. question generation
10 |Contreras-Ar- | 2025 |Conf. [ Automatic genera- 1V |1V |1V [05~]05~| 1 | 1V 6
guello et al. Proc. tion of summaries
(2025) and ...
11 |de-Fitero- 2024 |Journal |Automated multi- 1v |1V |1V 105~|05~| 1 | 1V 6
Dominguez et ple-choice question
al. (2024)
12 |Deroy et al. 2025 |Journal |Investigating legal 1v |1 | 1 [|05~105~]| 1 | 1V 6
(2025) question generation
13 |Deroy et al. 2024 |Preprint IMIRROR: Anovel | 1 | 1V | 1V |05~ 1 | 1v |05~ 6
(2024) approach for the
automated ...
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ICS ...

No Citation Year | Type |Title (abbreviated)| QA1 | QA2 | QA3 | QA4 | QA5 | QA6 | QA7 | Total
14 |Elkins et al. 2023 |Conf. How usefulareedu-| 1 | 1v | 1v |05~ 1 |1V | 1v | 65
(2023) Proc. cational questions ...
15 |J. Feng and 2021 |Conf. Towatds difficulty 1v |1 |1V |1V |05~ 1v | 1V 6.5
Mostow (2021) Proc. controllable selec-
tion of ...
16 |W. Fengetal. | 2025 |Conf. Reasoningandsam-| 1 | 1 | 1V |05~]05~]| 1/ | 1V 6
(2025) Proc. pling-augmented
MCQ ...
17 |Fuadi and Wi- | 2022 |Conf. Automaticquestion | 1 | 1V | 1V |05~|05~| 1/ | 1V 6
bawa (2022) Proc. generation from ...
18 |Gala et al. 2021 |Conf. Real-time cognitive | 1 | 1 | 1V |05~ 1v | 1V | 1V 6.5
(2021) Proc. evaluation of online
19 |Gomazkova et | 2024 |Conf. Improving effi- 1v |1 |1V |05~ 1v |1V | 1V 6.5
al. (2024) Proc. ciency of natural-
language ...
20 |Grévisse (2024) | 2024 | Conf. Comparativequality | 1 | 1 | 1V | 0X |1V |1V | 1V 6
Proc. analysis of GPT-
based ...
21 |Grévisse etal. | 2024 |Journal |Docimologicalqual-| 1 | 1« | 1v |05~ 1V | 1V | 1V 6.5
(2024) ity analysis of ...
22 |Guo et al. 2025 |Conf. Research on auto- 1v |1V |1 [05~]05~1 1/ | 1V 6
(2025) Proc. matic question gen-
eration ...
23 |Hwang and 2024 |Journal |Using GPTandau- | {1 | 1V | 1V | 1V |05~ 1V | 1V 6.5
Utami (2024) thentic contextual ...
24 |Jadhav et al. 2025 |Conf. Integrated frame- 1v 1Y 1Yy 1y |05~ 1v |1V 6.5
(2025) Proc. work for Bloom’s
based ...
25 |Johnsonetal. | 2025 |Journal |Automatic question | 1 | 1« | 1v [05~|1v | 1V | 1V 6.5
(2025) generation for
Spanish ...
26 |Kauchak et al. | 2024 |Conf.  |Automatic genera- 1V | 1v | 1v |05~]05~]| 1 | 1V 6
(2024) Proc. tion of a large ...
27 |Lamsiyah et al. | 2024 |Conf. Fine-tuningalarge | 1 | 1v | 1v |05~[05~| 1 | 1V 6
(2024) Proc. language model
with...
28 |Lee et al. 2024 |Journal |Few-shotisenough:| {1 | 1v | 1V [05~|05~]| 1/ | 1V 6
(2024) Exploring
ChatGPT...
29 |Levine et al. 2025 |Conf. |LLMagents forver-| 1 | 1+ | 1+ [05~[05~| 1« | 1V 6
(2025) Proc. ifiable question ...
30 [R. Lietal 2024 |Conf. Generatingcontex- | 1 | 1v | 1v |05~[05~] 1 | 1V 6
(2024) Proc. tualized mathemat-
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No Citation Year | Type |Title (abbreviated)| QA1 | QA2 | QA3 | QA4 | QA5 | QA6 | QA7 | Total
31 |Z. Lietal 2025 |Conf.  |A novel approach 1v |1V | 1 |05~]|05~| 1 | 1V 6
(2025) Proc. to scalable and au-
tomatic ...
32 |Liao and Koh | 2020 |Conf. Question generation| 1/ | 1v | 1v |05~ [05~]| 1 | 1V 6
(2020) Proc. through transfer ...
33 |Lodovico Mo- | 2024 |Conf. Comparison of 1V |1V 1 [05~]105~| 1 |1V 6
lina et al. Proc. large language mod-
(2024) els for ...
34 |Ma etal. (2025) | 2025 |Conf. Activate integrated | 1 | 1V | 1V | 1V |05~ 1V | 1V 6.5
Proc. controllable genera-
tion ...
35 |Maity et al. 2024 |Journal |Investigating large 1v |1 | 1 [|05~105~]| 1 | 1V 6
(2024) language models for
36 |Maity et al. 2025 |Journal |Canlargelanguage [ {1 | 1V | 1V [05~|05~]| 1/ | 1V 6
(2025a) models meet the ...
37 |Maity et al. 2025 |Preprint |Leveragingin-con- | 1 | 1« | 1+ [05~[05~] 1 |05~]| 55
(2025b) text learning and ...
38 |Mary et al. 2025 |Conf.  |Enhancingquestion| {1 | 1« | 1V [05~|1v |1V | 1V | 65
(2025) Proc. answer generation
from ...
39 [Moore et al. 2023 | Conf. Assessingthequal- | 1 [ 1V |1V | 0X |1V |1V | 1V 6
(2023) Proc. ity of multiple-
choice ...
40 |Mulla and 2023 |Journal |Leveraging well- 1V |1V |1V |1V |05~ 1 | 1v | 65
Gharpure formedness and
(2023) cognitive ...
41 |Navas et al. 2025 [Conf.  |Examsasaservice: | 1 | 1v |1V | 0X |05~ 1v | 1V | 55
(2025) Proc. Synergies between
42 |D. H. Nguyen | 2025 |Conf.  |Enhancing Viet- 1V | 1v | 1v |05~]05~]| 1 | 1V 6
et al. (2025) Proc. namese automatic
question ...
43 |H. A. Nguyen | 2022 |Conf. |Towards general- 1v |1V [ 1v |oX |05~ 1« |1V | 55
et al. (2022) Proc. ized methods for
automatic ...
44 |Poonkuzhali et | 2025 |Conf. GenAl-powered 1v |1V |1V |05~ 1v | 1v | 1v | 65
al. (2025) Proc. adaptive assess-
ments for...
45 |Saha (2021) 2021 |Journal |Towards develop- 1V |1V |1V |05~ 1v |1V | 1V 6.5
ment of a system
for ...
46 |Sayed et al. 2025 |Conf. Subjective question | 1 | 1 | 1v |05~]05~]| 1 | 1V 6
(2025) Proc. bank generation us-

ing ...
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No Citation Year | Type |Title (abbreviated)| QA1 | QA2 | QA3 | QA4 | QA5 | QA6 | QA7 | Total

47 |Scatia et al. 2024 |Conf.  |Automated educa- 1V 11y 1y iy iy 1Y |1y 7
(2024) Proc. tional question gen-
eration ...
48 |Shah et al. 2024 |Journal |Improvised pro- 1v |1V |1V |1V |05~ 1 | 1v | 65
(2024) gressive model
based on ...
49 |Shwe et al. 2024 |Journal |The unified diffi- 1v |1V | 1V |05~]|05~| 1 | 1V 6
(2024) culty ranking mech-
anism ...

50 |Snegaa et al. 2025 |Conf.  |Advancedlearning | 1 | 1V | 1V | 0X |1V | 1V | 1V 6

(2025) Proc. system—Automatic
MCQ ...
51 |Steuer et al. 2021 |Conf. On the linguistic 1v |1V |1V |05~ 1v 1V |1V 6.5
(2021) Proc. and pedagogical
quality ...
52 |Suhartono et 2024 |Journal |Towards automatic | {1 | 1« | 1 [05~[05~| 1/ | 1V 6
al. (2024) question generation
using ...
53 |Susanti et al. 2020 |Journal |Integrating auto- 1v |1V | 1 [|05~105~| 1 | 1V 6
(2020) matic question gen-
eration ...

54 |Timosh et al. 2025 |Journal |Automated question| 1 | 1+ | 1v | 1V [05~] 1V | 1V 6.5
(2025) generation with ...

55 |Tomikawa and | 2024 |Conf. Difficulty-controlla- | 1 | 1 | 1V | 1V |05~ 1V | 1V 6.5
Uto (2024) Proc. ble multiple-choice

56 |Van Campen- | 2021 |Conf. Transforming text- | 1 | 1V | 1V |05~ 1v |1V | 1V 6.5

hout et al. Proc. books into learning
(2021) by ...
57 |Vincentio and | 2022 |Journal |Automaticquestion | 1 | 1V | 1+ |05~|05~| 1/ | 1V 6
Suhartono generation using ...
(2022)

58 |H.-C. Wanget | 2024 |Journal |A methodforgen- | 1 |1V | 1v | 0X |05~ 1/ |1V | 55
al. (2024) erating course test

59 |L. Wangetal. | 2025 |Journal |Exploring prompt 1v |1 | 1 [|05~105~| 1 | 1V 6
(2025) pattern for genera-
tive ...

60 |Zhiyun Wang | 2025 |Journal |GISedu-GPT: A 1V |1V 1 [05~]05~| 1 |1V 6
et al. (2025) large language
model ...

61 |Zichao Wang | 2022 [Conf.  |Towards human- 1V |1V |1V [05~]05~| 1 | 1V 6
et al. (2022) Proc. like educational
question ...

62 |Winata et al. 2025 |Conf. Utilizing large lan- 1v |1V |1V 105~|05~| 1 | 1V 6
(2025) Proc. guage models for ...
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No Citation Year | Type |Title (abbreviated)| QA1 | QA2 | QA3 | QA4 | QA5 | QA6 | QA7 | Total
63 |Wiwatbutsiti et | 2022 |Conf. Question generation| 1/ | 1 | 1v |05~[05~] 1 | 1V 6
al. (2022) Proc. in the Thai language
64 |Wroéblewska et | 2025 |Conf.  |Evaluating LLM- 1V |1V 11V |05~ 1v | 1v | 1v | 65
al. (2025) Proc. generated Q&A
test: A ...
65 |Wu et al. 2023 |Conf.  |Towards data-effec-| 1 | 1« | 1 [05~[05~| 1/ | 1V 6
(2023) Proc. tive educational
question ...
66 |Xu etal. (2024) | 2024 |Conf. Personalizedques- | 1 | 1« | 1 [05~[05~| 1« | 1V 6
Proc. tioning teaching
mode for ...
67 |L.Yangetal. | 2025 |Journal |Tailored definitions | 1 | 1v | 1V | 1V |05~ 1v | 1v | 65
(2025) with easy reach ...
68 |Z.Yangetal. | 2024 |Journal |Topic-otientedcon-|{ 1/ | 1V | 1+ |05~]|05~| 1/ | 1V 6
(2024) trolled text genera-
tion ...
69 |Yin and Li 2025 |Journal |KPQDG: A key 1v |1 | 1 [|05~105~]| 1 | 1V 6
(2025) sentence prompt-
tuning for ...
Summary: 69 included studies (all passed QA1-QA3) |69/69(69/69|69/69|61/69 |69/69|69/69|69/69| 5.5—
100% | 100% | 100% |88.4% | 100% | 100% | 100% | 7.0

Notes: QA1 = Primary empirical research; QA2 = Focus on AQG; QA3 = Uses Transformer/LLM; QA4 = Cognitive control methods;
QA5 = Quality validation beyond automated metrics; QA6 = Describes corpus/dataset; QA7 = Presents findings clearly. Summary counts
report the studies that met each critetion at a score of 0.5 or above, consistent with Figure 6; a full score of 1.0 was recorded for 10 studies
on QA4, 17 on QAS5, and 67 on QA7. Indonesian-language studies (bold): Atmajaya et al. (2025), Awalurahman and Budi (2024), Fuadi and
Wibawa (2022), Suhartono et al. (2024), and Vincentio and Suhartono (2022).
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