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The rapid transition to digital education has intensified the demand for personalised 
evaluation, yet the manual creation of high-quality assessment items remains critically 
resource-intensive. To address this challenge, this systematic review examined automatic 
question generation (AQG) methods, applications, challenges and implications in 
educational technology. A total of 127 peer-reviewed studies published between 2018 and 
2025 were analysed. AQG approaches are classified into template-based, rule-based, 
machine learning and hybrid methods. While template and rule-based systems offer 
stability and interpretability, they face scalability and rigidity constraints. Conversely, 
machine learning-based techniques, particularly transformer architectures, demonstrate 
superior adaptability, though performance remains hindered by data scarcity. Emerging 
hybrid models show promise in balancing precision with flexibility. Key challenges identified 
include multilingual corpus availability, the generation of complex cognitive questions and 
ethical concerns regarding algorithmic transparency. We recommend embedding AQG 
within adaptive platforms to enhance instructional efficiency. Future research should 
prioritise expansive multilingual data sets, automated rule formulation and robust ethical 
frameworks to guide responsible deployment. 
 
Implications for practice or policy:  

• Educational technology leaders should embed AQG into adaptive systems to enable 
real-time feedback 

• Teacher training must include AQG competencies, focusing on question validation. 

• Higher education institutions should pilot AQG within learning management systems 
to automate assessments. 

• Policymakers must establish regulatory frameworks for data privacy and algorithmic 
transparency. 

• Researchers should conduct longitudinal studies to provide empirical evidence on 
learning outcomes. 

 
Keywords: automatic question generation, educational technology, learning outcomes, 
personalised assessment, Bloom’s taxonomy, systematic literature review 
 

Introduction 
 
Question generation (QG) refers to generating questions from a given context, optionally based on 
specific answers (Akyön et al., 2022). The processes involved in automatic question generation (AQG) 
have garnered significant research interest in the field of natural language processing (NLP; Xie, Fang et 
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al., 2022). AQG is defined as the automated process of generating questions, which involves creating 
natural language questions from various input sources such as images, natural language texts, structured 
web tables and knowledge base sub-graphs (Bao et al., 2018). AQG is essentially the reverse concept of 
automatic question answering (AQA). While both share the common goal of employing natural language 
approaches for text processing, their objectives differ: AQA focuses on generating answers to questions, 
whereas AQG aims to produce questions from answers or input texts (Sun et al., 2020). 
 
Although AQG is often perceived as primarily applicable to education, it can be implemented in various 
fields. In education, question generation is an integral part of the assessment process, closely tied to 
achieving the learning objectives. These objectives are typically articulated in measurable cognitive levels, 
such as those defined by Bloom’s taxonomy (Krathwohl, 2002). AQG proves particularly beneficial in 
creating various types of questions, including multiple-choice tests (Chomphooyod et al., 2023; Kumar et 
al., 2024; Liu et al., 2018), quizzes for instructional materials (Murakhovs’ka et al., 2022), as well as human-
machine dialogue systems, and interactive question-answering systems (Bousmaha et al., 2020). 
 
The complexity of AQG is heavily influenced by the intricacies of natural language understanding. 
Consequently, AQG research often intersects with multiple disciplines, including education, particularly 
assessment, and computational fields. Recent advancements in NLP techniques and machine learning 
(ML) algorithms have significantly increased interest in AQG. This emerging research domain delves into 
the automation of question generation processes, to produce coherent, relevant and domain-specific 
questions. As the demand for scalable and adaptive learning technologies rises, AQG's role in educational 
technologies, assessment systems and information retrieval applications has become increasingly 
prominent. 
 
To provide a structured analysis, this systematic literature review adopted the sample, phenomenon of 
interest, design, evaluation, research type framework (Cooke et al., 2012). It sought to address the 
following research questions (RQs) within the context of tertiary educational technology: 
 

1. RQ1: How do different AQG methods compare in terms of technical effectiveness and 
computational efficiency? 

2. RQ2: What are the primary applications of AQG research, and how do they influence the types 
of questions generated? 

3. RQ3: What are the key challenges and limitations faced by current question generation 
techniques? 

4. RQ4: What are the broader implications and benefits of AQG for educational technology 
stakeholders, specifically in enhancing assessment quality and personalised learning? 

 
RQ1 evaluated the effectiveness (linguistic and pedagogical quality) and efficiency (scalability and 
workload reduction) of rule-based, template-based and data-driven AQG. It synthesised how 
advancements in NLP, ML and deep learning have reshaped these methodologies to ensure reliable 
educational outcomes. 
 
RQ2 explored AQG applications across various question types and cognitive levels. It examined how 
formats from multiple-choice to open-ended are aligned with frameworks like Bloom’s taxonomy 
(Murakhovs’ka et al., 2022) to meet specific contextual and measurable requirements. 
 
RQ3 identified technical challenges in semantic understanding, linguistic variatio, and algorithm selection, 
alongside social factors like computational trust. Pinpointing these obstacles provides a roadmap for 
innovative solutions and future research directions. 
 
RQ4 examined the broader ramifications of AQG on pedagogical practices and assessment systems. By 
evaluating both beneficial and adverse consequences across diverse contexts, this study aimed to 
optimised outcomes and proactively manage emerging technological challenge 
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Methodology 
 
Search strategy and selection criteria 
 
Following the search strategy outlined in Table 1, this review adhered to the sample, phenomenon of 
interest, design, evaluation, research framework (Cooke et al., 2012) to maintain methodological rigour. 
The literature search focused on AQG methods, applications, challenges and educational technology 
implications within the 2018–2025 timeframe. 
 
Table 1 
Sample, phenomenon of interest, design, evaluation, research framework for study selection 

Element Description 
Sample Tertiary education students, instructors and higher education 

institutions 
Phenomenon of Interest AQG systems and their technical and pedagogical integration 
Design Systematic literature review 
Evaluation Technical effectiveness, pedagogical efficiency, challenges and 

instructional implications 
Research type Peer-reviewed journal articles 

 
Electronic databases including Google Scholar, Scopus, IEEE Xplore, ACM Digital Library, Web of Science 
and ERIC were systematically searched. Keywords included "question generation", ”automatic question 
generation”, ”question generation AND methods”, ”question generation AND applications”, ”question 
generation AND challenges”, ”question generation AND implications”, and ”question generation AND 
educational technology” to ensure high-impact coverage across both engineering and pedagogical 
literature. 
 
Screening process 
 
This review employed the PRISMA 2020 framework (Page et al., 2021), building upon the foundational 
reporting items first proposed by Moher et al. (2009). As illustrated in Figure 1, the identification, 
screening and inclusion stages were meticulously followed to ensure transparency. During the 
identification phase, a total of 706 records were retrieved from the selected databases. After an 
automated duplication check, 372 records were removed, leaving 334 articles for initial screening. 
 
During retrieval, 217 articles were sought for full-text assessment. Technical factors and restricted access 
excluded 78 articles, while 12 systematic literature reviews were removed to prioritise primary studies. 
Ultimately, 127 articles were included for thematic analysis. To minimise bias, we independently 
conducted the screening and resolved any discrepancies via consensus. 
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Figure 1. Phases in the systematic literature review process  
 
Figure 2 shows a significant upward trajectory in AQG research, peaking in 2024. This trend reflects 
momentum driven by neural language model advancements in educational technology. Additionally, 12 
existing reviews (Table 2) were used as secondary references to ensure the systematic literature review 
provided unique contributions without duplicating prior synthesis. 
 

 
Figure 2. Temporal distribution of included articles (2018–2025) 
Table 2 
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Systematic literature review articles on AQG from 2018 to 2025 
Papers Summary Year Review 

range 
Papers 
analysed 

(Kurdi et al., 2020) AQG trends: Difficulty control gaps & 
template prevalence 

2020 2015–2019 93 

(Ch & Saha, 2020) Six-phase multiple-choice question 
(MCQ) workflow: Pre-processing to 
distractors 

2020 1999–2019 86 

(Das et al., 2021) Self-directed AQG: Sentence extraction & 
evaluation 

2021 2001–2018 78 

(Alshboul & Baksa-
Varga, 2022) 

Programming AQG: Pre- vs post-COVID 
developments 

2022 2017–2022 18 

(Zhang et al., 
2022) 

Rule-based vs neural-based QG for 
augmentation 

2022 2017–2021 252 

(Mulla & 
Gharpure, 2023a) 

Taxonomy: Standalone, visual & 
conversational QG 

2023 2008–2018 151 

(Al Faraby et al., 
2023) 

Neural QG: Higher-order & multi-
paragraph context 

2023 2016–2022 224 

(Yan et al., 2024) Large language models: Readiness, 
transparency, ethics & privacy 

2024 2017–2023 118 

(Kıyak & Emekli, 
2024) 

ChatGPT: Prompt engineering for medical 
MCQs 

2024 Until 2024 23 

(Prieto-Andreu & 
Labisa-Palmeira, 
2024) 

GPT-3: Classification trends & gaps in 
large language model research 

2024 2020–2023 
 

34 

(Tao et al., 2025) GenAI review: 12 topics via topic 
modelling 

2025 2010–2024 1158 

(Dong et al., 2025) QG in education review: Data sets, 
objectives & evaluation 

2025 2015–2025 48 

 
Synthesis and analysis 
 
Data from the 127 articles were synthesised using comparative analysis for RQ1 and thematic analysis (Braun 
& Clarke, 2006) for RQ2–RQ4. This six-phase process transformed diverse findings into a cohesive synthesis, 
identifying patterns in domains, stakeholder benefits and ethical challenges. To ensure validity and minimise 
bias, themes were validated through cross-case synthesis. Finally, an adapted PRISMA checklist (Page et al., 
2021) was applied to ensure the synthesised evidence remains robust and academically rigorous. 
 
Results and discussion 
 
RQ1: Comparative analysis of QG methods 
 

The fundamental goal of AQG is to automate question creation across diverse domains by determining the 
correct answer basis from given inputs. This process generally mirrors manual crafting through three core 
stages: reading input data, identifying key ideas and transforming those ideas into formal questions (Divate 
& Salgaonkar, 2017), as illustrated in Figure 3. 
 

 
Figure 3. The process of manual question generation 
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AQG research (Figure 4) has expanded into education, assessment, information retrieval and dialogue 
systems. These systems generate diverse outputs, from factual close-ended formats to complex open-ended 
and analytical questions. While text-based systems dominate, a shift towards image, knowledge and hybrid 
inputs is increasing context awareness (Alshboul & Baksa-Varga, 2024). 
 

 
Figure 4. Research areas of AQG 
 

Our comparative analysis identified four primary methodological clusters, each offering distinct trade-offs in 
pedagogical utility and technical complexity, as detailed in Table 3. Initially, template-based methods 
provided high efficiency by utilising pre-defined frameworks, including text-based templates (Brito et al., 
2019; Willert & Thiemann, 2024) and query-based templates (Kusuma et al., 2022). While these systems 
ensure predictable output, they are often constrained by linguistic rigidity (Sewunetie & Kovács, 2022). To 
enhance flexibility, rule-based methods emerged by employing semantic rules (Alshboul & Baksa-Varga, 
2024; Vasić et al., 2021) and ontology-based frameworks (Demaidi et al., 2018; Kumar et al., 2024). 
However, the manual effort required to craft these rules limits their scalability across different subjects 
(Keklik et al., 2019). 
 
Table 3 
Classification of AQG development methods 

Category Specific techniques Count Representative papers 

Template-
based 

Text-based templates 5 (Brito et al., 2019; Das et al., 2022; Espinosa-
López et al., 2020; Izquierdo-Amo et al., 2025; 
Willert & Thiemann, 2024) 

Template-
based 

Query-based templates 2 (Atchariyachanvanich et al., 2019; Kusuma et al., 
2022) 

Rule-based Semantic rules 17 (Alshboul & Baksa-Varga, 2024; Bousmaha et al., 
2020; Deena & Raja, 2019, 2022b, 2022a; 
Dhomse & Sharma, 2024; Faza et al., 2024; 
Grubišić et al., 2023; Hsiao & Chung, 2022; Keklik 
et al., 2019; Khandait et al., 2022; Muñoz et al., 
2024; Patil et al., 2024; Sewunetie & Kovacs, 
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Category Specific techniques Count Representative papers 

2024; Tiwari et al., 2019; Vasić et al., 2021; Vyas 
et al., 2022) 

Rule-based Ontology-based rules 3 (Demaidi et al., 2018; Kumar et al., 2024; Leo et 
al., 2019) 

ML-based Traditional ML: Support 
vector machine, linear 
regression, K-nearest 
neighbours, computerised 
adaptive test, GloVe 

2 (Liu et al., 2018; Susanti et al., 2020) 

ML-based Neural network 
architectures: neural 
network, recurrent neural 
network, long short-term 
memory, sequence-to-
sequence, hierarchical 
encoding 

23 (Bi et al., 2025; Chu et al., 2018; Dong et al., 
2024; Ji et al., 2021; Kachare et al., 2023; Madri & 
Meruva, 2025; Murakhovs’ka et al., 2022; Nio & 
Murakami, 2018; Patro et al., 2020; Sarrouti et 
al., 2021; Shen et al., 2024; Steuer et al., 2022; 
Sun et al., 2020;  Sun et al., 2021; Terao et al., 
2020; Tomikawa et al., 2024; Vincentio & 
Suhartono, 2022; Wang et al., 2020, 2021; Xie et 
al., 2024; Xie, Chen et al., 2023; Xie, Fang et al., 
2023; Zhu et al., 2023) 

ML-based Transformer-based models: 
Bidirectional encoder 
representations from 
transformers, text-to-text 
transfer transformer, 
bidirectional and auto-
regressive transformers, 
generative pre-trained 
transformer, retrieval-
augmented generation 

40 (Agrawal & Shukla, 2023; Akyön et al., 2022; 
Alajmi et al., 2025; Atmajaya et al., 2025; 
Babakhani et al., 2024; Barlybayev & 
Matkarimov, 2024; Bashmal et al., 2023; Bitew et 
al., 2024; Chen & Shiu, 2025; Chomphooyod et 
al., 2023; Fahad et al., 2024; Gourari et al., 2025; 
Grévisse et al., 2024; Huang et al., 2024; Hwang 
et al., 2023; Jabr & Azmi, 2025; Ji et al., 2022; Kim 
et al., 2025; Lafkiar & En Nahnahi, 2024; Lee et 
al., 2021; Li et al., 2024; Liu & Zhang, 2022; Lohr 
et al., 2025; Lopez et al., 2024; Matsumori et al., 
2023; Moreno-Cediel et al., 2024; Mulla & 
Gharpure, 2023b; Nikolovski et al., 2025; 
Pandraju & Mahalingam, 2021; Patil et al., 2022; 
Rao et al., 2021; Reid et al., 2025; Ruma et al., 
2023; Schroeder et al., 2022; Suhartono et al., 
2024, 2024; Wang et al., 2025; Weinzierl & 
Harabagiu, 2023; Wen & Chu, 2025; Xie, Peng et 
al., 2022; Zhuge et al., 2025) 

ML-based Advanced architectures: 
Generative adversarial 
networks, graph 
convolutional networks, 
reinforcement learning, 
attention networks 

11 (Bao et al., 2018; Chen, Shen et al., 2024; Chung 
et al., 2024; Guo et al., 2021; Shoaib et al., 2025; 
Uehara & Harada, 2024; Xie et al., 2025; Xu et al., 
2021; Zeng et al., 2021, 2024; Zhao et al., 2025) 

Hybrid 
methods 

Integration of ML with rule-
based, template-based or 
ML-based constraints 

24 (Andersson & Picazo-Sanchez, 2023; Bachiri & 
Mouncif, 2023; Basuki & Kusuma, 2018; 
Bernasconi et al., 2025; Chen, Wu et al., 2024; 
Chen, Xiao et al., 2024; Contreras et al., 2019; De 
Kuthy et al., 2022; Fung et al., 2023; Guan et al., 
2023; Kalpakchi & Boye, 2024; Lu et al., 2021; 
Maheen et al., 2022; Murad et al., 2023; Qin et 
al., 2024; Riza et al., 2019; Roy et al., 2023; 
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Category Specific techniques Count Representative papers 

Sewunetie & Kovács, 2022; Shan et al., 2022; 
Shao et al., 2022; Shwe et al., 2025; Xie, Fang et 
al., 2022; Yu et al., 2021; Zheng et al., 2018) 

 
Recent years have shown a transition towards ML and hybrid architectures. Figure 5 reveals a paradigm shift 
dominated by transformer-based models (Agrawal & Shukla, 2023; Mulla & Gharpure, 2023b), alongside 
neural network, reinforcement learning and attention networks (Bi et al., 2025; Guo et al., 2021). Hybrid 
methods, peaking in 2022–2023, integrate ML with rule-based constraints to balance linguistic fluency and 
pedagogical accuracys (Lu et al., 2021; Murad et al., 2023). 

 
Figure 5. Evolutionary trends of AQG development methodologies 2018–2025 
 
This choice dictates output granularity. Figure 6 shows a balanced focus between close-ended (47 papers) 
and open-ended formats (44 papers). Modern architectures have expanded beyond MCQs towards 
descriptive and analytical outputs (Bachiri & Mouncif, 2023; Shao et al., 2022). While text remains the 
primary input (86%), Figure 7 highlights a rise in multimodal architectures involving image, audio and video 
(Alshboul & Baksa-Varga, 2024). This evolution prioritises both technical efficiency and pedagogical 
versatility. 
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Figure 6. Types of questions generated by AQG 

 
Figure 7. Types of input data in AQG 
 
RQ2: Primary applications of AQG research 
 
To identify the thematic landscape and domain coverage of these advancements, a bibliometric analysis 
based on abstract data was conducted using VOSviewer. As illustrated in Figure 8, the map is heavily 
dominated by technical nodes such as "question", "model" and "dataset," reflecting a primary focus on 
establishing robust benchmarks (Andersson & Picazo-Sanchez, 2023; Bitew et al., 2024). However, the 
presence of smaller nodes like "learner", "student" and "assessment" indicates an emerging shift towards 
applied educational utility (Bachiri & Mouncif, 2023). Synthesis of the 127 selected studies reveals that 
the education sector is the primary domain at 82.11%, followed by healthcare (11.58%), e-commerce 
(3.16%) and general domains (13.68%). 
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Figure 8. Network visualisation of term co-occurrence derived from article abstracts 
In the education sector, development focuses on linguistic diversity and academic specificity. Research 
remains localised for languages including Arabic (Bousmaha et al., 2020), Chinese (Liu & Zhang, 2022), 
Indonesian (Basuki & Kusuma, 2018) and English (Matsumori et al., 2023), with specialised applications in 
Bengali, Croatian, German, Tibetan and Turkish. Specialised academic AQGs, such as multi version 
question generation for mathematics (Brito et al., 2019) and tools for programming (Hsiao & Chung, 
2022), engineering (Kumar et al., 2024), and standardised testing like the Test of English as a Foreign 
Language (Riza et al., 2019), demonstrate the method's ability to handle diverse cognitive outcomes. 
 

As a pedagogical tool, AQG facilitates personalised learning by integrating frameworks like Bloom’s 
taxonomy to tailor content to specific cognitive levels (Kumar et al., 2024; Murad et al., 2023). These 
systems dynamically adjust to a learner's proficiency, fostering engagement through targeted goals (Al 
Faraby et al., 2024). Beyond classrooms, AQG scales assessment in massive open online courses (Bachiri 
& Mouncif, 2023), enhances corporate training and interview skills (Qin et al., 2024) and powers 
interactive chatbots (Shao et al., 2022). By reducing manual costs and enhancing communicative 
competence, AQG is becoming a cornerstone of intelligent tutoring and data-driven pedagogy. 
 
RQ3: Challenges and limitations in question generation 
 
AQG development faces diverse challenges across different methodological paradigms. In this this study, 
we defined question types as a dual construct involving structural formats (e.g., close-ended, open-ended 
and factual) and cognitive levels. Rule-based and template-based systems are primarily constrained by 
grammatical rigidity and a lack of scalability. Creating comprehensive rules is labour-intensive and often 
results in question redundancy, where generated outputs follow repetitive patterns that fail to capture 
linguistic variety (Bashmal et al., 2023; Matsumori et al., 2023). In contrast, ML-based architectures suffer 
from data scarcity and domain-specific degradation. Models trained on general data sets often struggle 
with high-quality, domain-specific knowledge extraction, making them prone to hallucinations and 
semantic inconsistencies in complex scenarios (Agrawal & Shukla, 2023). 
 
To mitigate these issues, hybrid systems attempt to reconcile ML fluency with rule-based control; 
however, they face significant architectural complexity. Balancing the "black-box" nature of neural 
networks with formal pedagogical constraints remains a technical hurdle that often leads to evaluation 
difficulties (Sewunetie & Kovács, 2022). Pedagogically, aligning generated questions with specific 
cognitive levels remains a major barrier across all methods. Questions that lack instructional calibration 
or contain morphological errors can hinder learner progress. Consequently, overcoming these limitations 
requires rigorous empirical validation to ensure outputs meet both technical and pedagogical standards 
(Kachare et al., 2023; Qin et al., 2024). 
 
RQ4: Pedagogical implications of AQG in education 
 
AQG enhances assessment quality and fosters personalised learning by impacting three primary entities: 
teachers, students and educational institutions (Figure 9). While these systems automate resource 
creation, human validation remains indispensable to ensure accountability (Lu et al., 2021). The 
systematic mapping of these implications is summarised in Table 4. 
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Figure 9. Interaction of teacher, student and educational institution in the learning process 
 
Table 4 
Application areas of AQG in education 

Application area Research focus Papers 

Assessment & 
evaluation 

Formative and 
summative tools, 
alignment with learning 
outcomes, automated 
question banks and 
complexity 

(Agrawal & Shukla, 2023; Al Faraby et al., 2023; 
Alshboul & Baksa-Varga, 2022; Atchariyachanvanich 
et al., 2019; Bachiri & Mouncif, 2023; Ch & Saha, 
2020; Chen, Wu et al., 2024; Das et al., 2021, 2022; 
De Kuthy et al., 2022; Deena & Raja, 2022b; Guo et 
al., 2021; Liu et al., 2018; Lu et al., 2021; Mulla & 
Gharpure, 2023b; Murad et al., 2023; Sewunetie & 
Kovacs, 2024) 

Adaptive 
learning 

Scaffolded practice, real-
time adaptation and 
student engagement 

(Hsiao & Chung, 2022; Kiran et al., 2023) 

Teacher support Resource efficiency, 
enhanced variety and 
focused remediation 

(Akyön et al., 2022; Bao et al., 2018; Bousmaha et al., 
2020; Chomphooyod et al., 2023; Deena & Raja, 
2019; Guan et al., 2023; Ji et al., 2021, 2022; Kachare 
et al., 2023; Kumar et al., 2023; Kusuma et al., 2022; 
Li et al., 2023; Murakhovs’ka et al., 2022; Pandraju & 
Mahalingam, 2021; Patro et al., 2020; Peng et al., 
2024; Qin et al., 2024; Rao et al., 2021; Riza et al., 
2019; Sarrouti et al., 2021; Sewunetie & Kovács, 
2022; Steuer et al., 2022; Suwarningsih et al., 2015; 
Vasić et al., 2021; Xie, Chen et al., 2023; Xie, Fang et 
al., 2022; Xie, Peng et al., 2022; Xu et al., 2021; Yan 
et al., 2024; Zheng et al., 2018; Zhu et al., 2023) 

Gamified 
platforms 

Instant QG for games, 
multiplayer interactions 
and dynamic challenges 

(Bashmal et al., 2023; Lopez-Martinez et al., 2020; 
Nyameino et al., 2019; Vincentio & Suhartono, 2022; 
Zhang et al., 2022) 

Language & 
literacy 

Vocabulary, grammar, 
reading comprehension 
and dialogue practice 

(Fung et al., 2023; Khandait et al., 2022; Lee et al., 
2021; Liu & Zhang, 2022; Riza et al., 2023; Yu et al., 
2021; Zeng et al., 2021) 

Science, 
technology, 
engineering and 

Equation-based QG, 
logical analysis and 
analytical reasoning 

(Brito et al., 2019; Dodiya et al., 2021; Zhou et al., 
2023) 
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Application area Research focus Papers 
mathematics 
education 
Self-directed 
study 

Self-quizzing, exam 
preparation and 
automated feedback 
mechanisms 

(Contreras et al., 2019; Ji et al., 2022; Keklik et al., 
2019; Matsumori et al., 2023; Roy et al., 2023; Shao 
et al., 2022; Susanti et al., 2020) 

Intelligent 
systems 

Educational chatbots and 
quality assurance systems 

(Hwang et al., 2023; Nio & Murakami, 2018; 
Paramasivam & Nirmala, 2022; Ruma et al., 2023; 
Sun et al., 2020, 2021a; Wang et al., 2021; Weinzierl 
& Harabagiu, 2023) 

 
In assessment and evaluation, AQG aligns performance with cognitive levels by improving MCQ distractor 
quality and generating high-quality open-ended questions (Guo et al., 2021; Murad et al., 2023; Xie, Peng 
et al., 2022). It further enables personalised learning by tailoring content to proficiency and identifying 
knowledge gaps (Hsiao & Chung, 2022; Hwang et al., 2023). Integrating frameworks like Bloom’s 
taxonomy allows AQG to support scaffolded practice and real-time adaptation (Kumar et al., 2024). 
 
Regarding resource creation, automation reduces manual preparation effort, letting educators focus on 
remediation while acting as expert validators (Riza et al., 2019; Sun et al., 2021; Vincentio & Suhartono, 
2022). AQG also enhances gamified platforms and chatbots via instant feedback and personalised 
recommendations (Bashmal et al., 2023). In science, technology, engineering and mathematics, it 
effectively manages complex equations and logical reasoning (Brito et al., 2019; Kumar et al., 2024). 
 

Future work  
 
Findings from this review revealed critical research trajectories. First, based on the technological shifts 
identified in RQ1, future research should prioritise scalable, plug-and-play frameworks that adjust to 
diverse topics without extensive retraining (Kumar et al., 2024). Second, to address the application gaps 
noted in RQ2, studies must expand beyond simple MCQs towards complex reasoning and scenario based 
assessments, hybridising rule-based precision with the contextual depth in large language models (Mulla 
& Gharpure, 2023b). Third, following the challenges highlighted in RQ3, new pedagogical metrics must be 
developed to replace insufficient automated scores like the bilingual evaluation understudy. Finally, 
responding to the broader impacts discussed in RQ4, the next frontier lies in mapping questions directly 
to outcome-based education frameworks while addressing ethical imperatives such as algorithmic 
transparency and privacy (Murad et al., 2023). 

 
Conclusion 
 
This review mapped the AQG landscape from 2018 to 2025, confirming a technical transition from rule-
based to deep learning and hybrid models. Despite the education sector's 82.11% dominance in 
implementation, a gap remains in pedagogical alignment, as most systems prioritise linguistic fluency over 
educational utility. 
 
The study’s primary contribution is identifying a necessary shift from model-centric to student-centric 
development. While AQG reduces teacher workload and enables personalised practice, its potential 
depends on human-in-the-loop validation and metrics that measure cognitive alignment beyond syntax. 
Integrating frameworks like Bloom’s taxonomy is vital for ensuring assessment quality (Contreras et al., 
2019; Murad et al., 2023). 
 

Ultimately, AQG is a transformative tool if technical efficiency is reconciled with pedagogical 
effectiveness. By grounding developments in stakeholder needs, AQG can act as a sophisticated assistant 
that enriches the learner experience and fosters an inclusive educational landscape. 
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