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Abstract

Automatic Question Generation (AQG) is a research area that employs Natural Language Processing (NLP) tech-
niques to automatically generate questions from textual content. Although it is still considered an emerging field,
AQG has experienced significant growth in recent years, driven by advances in artificial intelligence, especially in
deep learning and large language models, as well as by the increasing demand for scalable educational technologies.
This article presents a Systematic Literature Review (SLR) focused on AQG research conducted over the last decade.
The review aimed to identify and analyze the main computational approaches, practical applications, existing limita-
tions, evaluation methods, and the degree of acceptance by education professionals. The SLR was carried out using
major academic databases, resulting in the selection of 103 relevant studies, of which 90 are original research arti-
cles and 13 are literature reviews. The results show a gap in studies applying AQG to Business Process Management
education, highlighting an area where further investigation is needed. The review also identifies a clear trend toward
the adoption of Transformer-based models, which have significantly improved question generation quality. However,
the analysis also reveals a lack of consensus regarding standardized evaluation metrics, particularly for automatic as-
sessments, and a notable gap in studies that investigate how educational professionals perceive and accept questions
generated by these systems. This highlights an important area for future research.
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1 Introduction

Automatic Question Generation (AQG) refers to the use of algorithms and natural language pro-
cessing (NLP) techniques to create assessment questions from texts (Hwang & Utami, 2024;
Zimerman et al., 2024). Although still under development, this field has shown significant growth,
driven by recent advances in artificial intelligence (Al) and available computational power. These
advancements have enabled the creation of more sophisticated systems, increasing interest and re-
search aimed at improving these technologies (Maity et al., 2024). In massive open online courses
(MOOC:s) and other distance learning (DL) platforms, this technology can be useful for assess-
ing students’ progress in a scalable and potentially personalized manner, minimizing the need for
constant human tutor intervention, especially since it becomes humanly impossible to correct the
large volume of questions manually. (Izo et al., 2022). When integrated into chatbots or intelligent
tutors, AQG has the potential to provide continuous support, adjusting to each student’s pace and
comprehension level, which could contribute to more effective learning (Thiis et al., 2024).

In the corporate environment, AQG can also find applications, particularly in the training
of new employees. By creating questionnaires that guide employees in learning new roles, this
technology can enable a more autonomous and continuous training process (E. Li et al., 2020).
This could eventually optimize supervisors’ time and improve employee information retention.
While these possibilities are promising, the practical application and actual impact still depend
on factors such as the refinement of methods and user acceptance of the technologies. In this
regard, AQG could become a strategic tool not only in DL and corporate training but also in areas
such as adaptive learning and academic research, highlighting its potential in both educational and
professional settings (Lafkiar & En Nahnahi, 2024).

In this article, however, our focus lies on the educational domain, more specifically on Busi-
ness Process Management (BPM), a discipline that bridges academic and professional contexts.
BPM provides a structured approach to aligning business operations with organizational goals, in-
volving modeling, analysis, execution, and optimization of processes (Dumas et al., 2013; Weske
et al., 2007). Despite its importance, the literature highlights a shortage of information technol-
ogy tools explicitly designed for BPM education (Chow, 2021; Wiechetek et al., 2017). This gap
limits the development of essential skills among students and professionals, reinforcing the need
to explore new approaches.

In this context, AQG emerges as a potential contribution to BPM teaching, yet its role re-
mains underexplored (Rockembach & Thom, 2024). While several reviews have mapped AQG
techniques and applications in general education (Alshboul & Baksa-Varga, 2022; Gorgun & Bu-
lut, 2024), there is still no systematic examination of how these advances relate to BPM, nor
whether recent developments in generative Al (Zeghouani et al., 2024) have addressed the lack of
dedicated tools.

Therefore, the problem addressed in this article is the absence of a clear understanding
of how AQG can support BPM education and whether existing approaches effectively fill this
gap. To address this problem, the article conducts a Systematic Literature Review (SLR) with
a descriptive and critical perspective, aiming to: (1) map AQG approaches in general education,
without restriction regarding educational level or discipline; (i1) analyze those applied to BPM; and
(ii1) identify current limitations and opportunities for future research. Based on these objectives,
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we propose the following Research Questions (RQs):

* RQ1 - What approaches have been used in AQG?

* RQ2 - What approaches are focused on BPM education?

RQ3 - What limitations do existing approaches present?

RQ4 - How has Generative Al influenced the field of AQG?

RQS5 - What metrics or criteria are used to evaluate the quality of generated questions?

RQ6 - What resistance do experts have regarding the automatic generation of content ques-
tions, especially among education professionals?

To answer the RQs, the article is organized as follows: the Background and Related Work
section presents the theoretical foundations and previous studies that contextualize the research;
the Methodology section presents the search strategy and the criteria for selecting and refining the
studies; the Results section presents the original studies and literature reviews found, along with
the analysis and answers to the RQs; finally, the Conclusion section provides a summary of the
identified state of the art, highlights potential gaps for future research and the possible limitations
of this study.

2 Background and Related Work

In recent years, there has been a substantial increase in the use of computational techniques aimed
at supporting the teaching and learning process, particularly with the application of Al and NLP
in educational contexts (Reis et al., 2024). One of the most promising applications of these tech-
niques is AQG, which has the potential to enhance both formative and summative assessment
processes (Izo et al., 2022). In this context, NLP techniques have been applied to extract, struc-
ture, and generate questions from educational texts (Neto et al., 2024). The field of AQG has
evolved rapidly over the past decade, especially with the introduction of the Transformer architec-
ture (since 2017) and Large Language Models (LLMs), which have raised the technical level of
text generation applications across different domains (da Silva et al., 2023), and have had a direct
impact on AQG (Santi et al., 2022).

Various AQG techniques have been developed over the years, each expanding the scope
of possible applications. Early approaches based on rules and templates enabled the structured
creation of questions, particularly useful in educational contexts with well-defined domains (Kurdi
et al., 2020). Subsequently, statistical and traditional machine learning methods provided greater
adaptability, allowing linguistic features to be leveraged to enrich question generation (Alshboul
& Baksa-Varga, 2022). The advancement to neural networks increased the naturalness and fluency
of generated questions, opening possibilities for intelligent tutoring systems and learning support
applications (Al Faraby et al., 2023). More recently, models based on LLMs and Transformers
have excelled in generating diverse and contextually relevant questions, enhancing the use of AQG
at scale across multiple domains (Garcia-Méndez et al., 2024; Madri & Meruva, 2023).
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AQG has been applied in practice across various disciplines. For example, in courses on
Object-Oriented Programming, NLP techniques have been used to automatically generate ques-
tions from educational texts, enabling rapid and adaptive assessment (Neto et al., 2024). In online
courses and MOQOCsS, automatic question generation supports learning evaluation and provides
almost immediate feedback to students, covering a wide range of subjects (Izo et al., 2022). More
recently, Transformer-based models have been explored in intelligent tutoring systems, enhancing
the diversity and quality of generated questions and demonstrating potential to support personal-
ized learning across different areas of knowledge (Santi et al., 2022).

Despite these advances, AQG still faces several challenges. Rule-based approaches have
limited generalization power, being confined to very specific contexts (Zhang et al., 2021). Statis-
tical and traditional machine learning methods rely heavily on manual linguistic resources, which
limits portability across languages and domains (Das et al., 2021b). Neural networks require large
annotated datasets and present interpretability and generation control issues (Mulla & Gharpure,
2023a). LLM-based models introduce new difficulties, such as potential training data bias, hal-
lucination of information, and the absence of standardized metrics to assess question quality (Al
Shuraiqi et al., 2024; Gorgun & Bulut, 2024). Additionally, pedagogical alignment remains a con-
cern: even when questions are grammatically correct, they are not always aligned with intended
learning objectives (Tuhpatussania et al., 2024). These challenges indicate that technical progress
must be accompanied by advances in evaluation, data curation, and pedagogical integration.

In summary, AQG has evolved from rule-based methods to neural networks and LLMs,
increasing the diversity and naturalness of generated questions. Despite challenges such as in-
consistent evaluation and pedagogical alignment, these techniques offer great potential to support
learning in various contexts. There is room for a systematic examination of how recent develop-
ments in generative Al may impact this field, as well as their specific applications in the teaching
of disciplines such as BPM. This scenario highlights the relevance of a review that investigates
the state of the art and identifies gaps to be explored.

3 Methodology

The SLR proposed in this article was based on the methodology proposed by Kitchenham and
Charters (2007), widely adopted in software engineering. Following its guidelines, the process
was organized into three main phases: protocol planning, execution (study search, selection, and
exclusion), and finally data extraction, analysis, and synthesis of results.

3.1 Search strategy and work selection

The research began in May 2024, when the articles published up to that date were collected and
their analysis initiated. In January 2025, the study was updated with the inclusion and analysis of
publications released after the first collection, ensuring coverage of the last 10 years (2015-2024).
This time frame was chosen to ensure both the relevance and timeliness of the analyzed works,
considering that the field of AQG has evolved significantly over the past decade. Advances such
as the development of deep learning techniques, the emergence of large language models, and
the growing interest in educational technologies have greatly influenced research in this area.
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Table 1: Search strings.

("automatic question generation” OR ”aqg” OR “automated question generation”) AND
(Papproaches” OR “methods” OR ”strategies” OR “techniques” OR “proposes”) AND
("quality assessment” OR “question evaluation” OR “metrics” OR “question quality”
OR ”’limitations”)

("geracdo automadtica de perguntas” OR “geracdo automatizada de perguntas”) AND
("abordagem” OR “método” OR estratégia” OR ”técnica” OR ’’proposta”) AND
("avaliacao de qualidade” OR ”avaliacido de perguntas” OR “métricas” OR “qualidade
da pergunta” OR limitagdes”)

Therefore, selecting this period allows for the inclusion of the most representative and up-to-
date contributions, as well as the identification of recent trends and research gaps. The selected
databases for the search were ACM, Scopus, Springer, and IEEE, recognized for their reliability
and broad coverage in the fields of computer science and education. Additionally, Google Scholar,
SBC-OpenLib (SOL) and Periédicos CAPES were used to search for works written in Portuguese,
as finding publications in Portuguese on the other mentioned platforms can be challenging.

To construct the search string, we initially selected one representative keyword for each area
of interest (automatic question generation, methodological approaches, and quality assessment).
Then, we progressively expanded the query by including synonyms and variations connected with
the Boolean operator OR, aiming to broaden the coverage of potentially relevant studies. This
iterative process, which resulted in the final string, can be seen in Table 1.

The string was tested both in English and in Portuguese, in order to capture works published
in both languages. In parallel, we also tested combinations that included terms related to Business
Process Management (e.g., "lBPM”, business processes”, “process modeling”). However, when-
ever these terms were incorporated into the query, the results set was empty, indicating that no

studies directly connecting AQG with BPM were indexed in the consulted databases.

The search in English resulted in 1,439 documents, distributed across the following databases:
ACM (113), Scopus (646), Springer (669), IEEE (11), SOL (0) and Periédicos CAPES (0). In con-
trast, the search in Portuguese yielded 13 documents, all found in the Google Scholar database,
while the other databases returned no results. In total, 1,452 documents were identified.

3.1.1 Exclusion and inclusion criteria

After identification, documents were screened according to exclusion criteria (ECs): duplicates,
non-article documents, lack of full-text availability, languages other than Portuguese or English,
or studies outside the research scope. Zotero (Corporation for Digital Scholarship, 2024) was used
to organize the PDFs and eliminate duplicates, while Rayyan (Ouzzani et al., 2016) facilitated the
systematic application of the ECs and later the inclusion criteria (ICs). The records that remained
after removing duplicates and non-article entries, as well as the notes and screening decisions
registered during the review in Rayyan, are available in the dataset exported from Rayyan and
stored on Figshare (Figshare, 2025). Figure 1 illustrates the progressive exclusion process.

The 128 remaining documents were then evaluated against the inclusion criteria:
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Resulting papers

— 128

Initial documents
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The document i
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duplicated

Figure 1: Application of ECs.

(IC1) Methodology for automatic generation of assessment questions;

(IC2) Evaluation of the quality of generated questions, including metrics;

(IC3) Identification of limitations in the AQG field;

(IC4) Assessment of experts’ acceptance of automatically generated questions.

The evaluation sequence followed abstract — conclusion — methodology — full text (if
needed). This process resulted in 103 included studies (13 reviews, 90 primary studies). The
reviews were selected using the same criteria as in the original studies and were only separated
later for data extraction, analysis, and reporting in the results.

3.1.2  Data extraction and tracking

Detailed information from the included studies was recorded in Google Sheets, including biblio-
graphic metadata, methodological aspects, reported results, limitations, and other relevant content
identified during reading. Labels in Rayyan were used to track which EC or IC justified each in-
clusion/exclusion and to mark the RQs addressed by each study. For instance, GaSpar et al., 2023
was included based on IC1 and IC2.

Review studies were analyzed separately from primary studies to allow a dedicated section
summarizing what previous reviews covered and to highlight gaps not addressed by them. This
process enabled mapping of all included studies to the six RQs defined in Section 1.

4 Results

In this section, the research results are presented. In particular, the information found in the
reviewed studies is compiled, aiming to answer the RQs. The distribution concerning the timeline
of the original works, i.e., those that are not literature reviews, are described in Figure 2. It
is noticeable that there has been an increase in the number of publications in AQG starting from
2021, reaching its peak in 2024, with 39 papers on the topic, more than double the number from the
previous year. This rise is likely due to the popularization of transformer-based models, as most
of the recent works have adopted this approach, as shown in Table 3. Regarding the affiliation of
the authors of these works, we can observe in Figure 3(a) that the main origin of the papers is the
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40

Number of Publications
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Figure 2: Number of Publications per Year.

Asian continent, contributing 57 papers, with India being the country with the most publications,
totaling 20 articles. The second continent with the most publications is Europe, contributing 24
papers on AQG. The only continent where no works were found is South America.

The knowledge areas of the questions generated from the approaches proposed in the pri-
mary studies were diverse, totaling thirteen knowledge areas. Figure 3(b) shows the distribution
of these studies in relation to the application area. It can be observed that most studies focus
on generating general knowledge questions, followed by those aimed at generating questions for
language learning and Computer Science.

This section begins with a synthesis of the review papers on AQG found in the literature, as
well as the gaps left by them, which justifies the existence of the current work. The remainder of
the section is organized to address the RQs, and it concludes with a Summary of Results.

4.1 Review of reviews

In recent years, some SLRs have explored AQG, each offering significant insights into method-
ologies, applications, and challenges faced in the field. Among the SLRs conducted in the AQG
domain, we find studies focused exclusively on investigating techniques for generating multiple-
choice questions (MCQs), such as the works of Ch and Saha (2020) and Madri and Meruva (2023).
Awalurahman and Budi (2024a) exclusively reviewed techniques for automatically generating dis-
tractors, one of the steps in generating MCQs. Al Shuraiqi et al. (2024), on the other hand, ana-
lyzed methodologies aimed at generating MCQs in a specific domain, the medical field.

Other SLRs papers have focused on surveying works that explore specific approaches to
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General Knowledge (32)
Language Learning (26)
Computer Science (15)
Medicine (4)

History (3)

Mathematics (2)
Biological Sciences (2)
Natural Sciences (1)
Economics (1)

Sports (1)

Bibliotherapy (1)
Tourism (1)

Digital Storytelling (1)

(a) Publication Density by Country (b) Distribuiton of Research Areas

Publications

Figure 3: Distribution of works by authors’ affiliations and application areas.

AQG. For instance, Garcia-Méndez et al. (2024) reviewed works that exclusively used LLMs for
automatic question generation, while Al Faraby et al. (2023) looked for works that generated ques-
tions using Artificial Neural Networks (ANNSs), known as Neural Question Generation (NQG).

Some studies did not have restrictions regarding the domain or the type of question; however,
they focused on a different time frame than the one intended in this SLR. The study by Kurdi et al.
(2020) covered works published until 2019, that is, half of the current decade. Although with a
limited time focus, the work by Kurdi et al. (2020), highlighted important elements for the field
of AQG, such as the significant gap in the lack of standardized metrics to evaluate the quality of
generated questions. Similarly to Kurdi et al. (2020), Alshboul and Baksa-Varga (2022) present
a different time frame of publications than the one aimed for in the present work. The studies
analyzed by Alshboul and Baksa-Varga (2022) were those published between 2017 and 2022.

The work by Gorgun and Bulut (2024) focused on reviewing evaluation methods and quality
criteria in AQG, identifying a variety of approaches used by researchers. On the other hand, the
study by Tuhpatussania et al. (2024) aimed to review AQG studies based on Indonesian texts,
highlighting a lack of open datasets specific to this language.

Zhang et al. (2021) present a holistic view of question generation, proposing a compre-
hensive and systematic categorization of AQG tasks, aiming to answer how these tasks can be
classified considering multiple factors. On the other hand, Das et al. (2021b) discuss existing
methods and challenges associated with question generation from texts. Despite the important
insights provided by both works, their approaches only address part of the research questions
of this study and do not cover more recent advancements in the field, as shown in Figure 3. A
more recent study by Mulla and Gharpure (2023a), expands on this perspective by identifying the
same techniques discussed by Das et al. (2021b) for question generation from texts, in addition
to including computer vision-based methods for question generation from images. However, even
with this expansion, the work by Mulla and Gharpure (2023a) does not answer all the RQs of this
study, highlighting the need for a more comprehensive approach to address the existing gaps in
the literature.

The studies mentioned in this section provide a comprehensive overview of the state of the
art in AQG; however, they do not fully address the objectives of the current study. By comparing
these reviews, it becomes evident that gaps remain, particularly regarding: (i) coverage of the last
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decade including the impact of generative Al, (ii) cross-domain applicability, and (iii) relevance
to specific educational contexts such as BPM education. This analysis underscores the originality
and necessity of the present SLR, which aims to provide a more complete, updated, and domain-
oriented examination of AQG.

Table 2 summarizes the main characteristics of previous SLRs on AQG, highlighting their
temporal scope, methodological criteria, thematic focus, and main limitations. This comparative
view shows that although several reviews have advanced our understanding of AQG, they remain
limited in at least one of three aspects: (i) restricted scope to specific techniques (e.g., MCQs,
distractor generation, or neural models); (ii) narrow temporal coverage, often excluding recent
works influenced by large language models; or (iii) lack of connection to specific educational
domains such as BPM.

Table 2: Comparative overview of previous SLRs on AQG.

Studies Time frame Focus / Methodologi- | Main limitation

cal Scope
Ch and Saha | Until 2020 /2023 | MCQ generation tech- | Limited to MCQ format
(2020); Madri niques
and Meruva
(2023)
Awalurahman Until 2024 Distractor generation Focused only on one
and Budi (2024a) AQG step
Al Shuraiqi et al. | Until 2024 MCQ in medical do- | Restricted to a single
(2024) main domain
Garcia-Méndez Until 2024 LLM-based AQG Narrow focus on one
et al. (2024) technique
Al Faraby et al. | Until 2023 Neural models (NQG) | Technique-specific re-
(2023) view
Kurdi et al. | Until 2019 Broad AQG overview Outdated temporal
(2020) scope
Alshboul and | 2017-2022 Broad AQG overview Excludes recent ad-
Baksa-Varga vances in LLMs
(2022)
Zhang et al. | Until 2023 General AQG tasks and | Partial coverage of
(2021); Das et al. challenges RQs, limited to text-
(2021b);  Mulla based AQG
and Gharpure
(2023a)
Gorgun and Bulut | Until 2024 Evaluation methods Focused only on assess-
(2024) ment metrics
Tuhpatussania et | Until 2024 AQG in Indonesian | Language-specific limi-
al. (2024) texts tation

As shown in Table 2, no previous review simultaneously covers the last decade, addresses
the influence of recent advances such as LLLMs, and considers implications for specific disciplines
like BPM education. This highlights the originality and necessity of the present SLR, which
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Table 3: Approaches adopted.

Approach Publication period Number of
papers
Templates and Rules 2015, 2019, 2021, | 8

2022, 2023, 2024

NLP techniques 2015, 2016, 2017, 12
2020, 2021, 2022,
2023, 2024

Transformers 2021, 2022, 2023, 2024 | 43

Ontology 2015, 2016, 2019, |6
2020, 2022, 2023

Deep Learning 2018, 2019, 2023, 2024

Combined techniques | 2021, 2022, 2023, 2024 | 16
/ Comparison between
techniques

provides a broader, updated, and domain-oriented analysis of AQG.

4.2 Answering RQ1 “What approaches have been used in AQG?”

When analyzing the 90 papers that contained primary studies, we found different types of ap-
proaches focused on AQG. To facilitate the understanding and discussion of the techniques used,
we present the reviewed approaches grouped into seven categories. These categories were defined
based on the type of question generation strategy adopted by the authors in each paper. Each
category corresponds to a subsection of this text. The categories are: Template- and Rule-Based
Approaches; Approaches Based on the Integration of NLP Techniques; Transformer-Based Ap-
proaches; Ontology-Based Approaches; Deep Learning-Based Approaches — Except Transform-
ers; and Combined Architectures-Based Approaches and Comparative Analyses. A summary of
the approaches adopted by the papers can be seen in Table 3.

4.2.1 Template- and Rule-Based Approaches

The most rudimentary yet efficient ways to generate questions automatically involve using pre-
built question models, known as templates, or question construction rules Keklik et al. (2019).
Templates contain placeholder variables, which are filled in according to the context of the ques-
tion to be generated. On the other hand, question construction rules define how the keywords
extracted from a text (such as nouns or verbs) should be organized to form coherent questions.
These methods are relatively simple to implement and computationally efficient, though often
limited in coverage and linguistic variety.

Some approaches focus exclusively on predefined templates, organized according to sen-
tence structures (e.g., cause, purpose, location) Keklik et al. (2019), or associated with entity types
in structured data Shirude et al. (2015). Other works combine templates with external resources,
such as domain knowledge bases Ruiz-Calleja et al. (2021), to increase domain specificity. A sec-
ond line of research explores hybrid strategies that integrate template filling with machine learning
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rules. For instance, Rodrigues et al. (2022) employ manually provided sentence—question pairs to
identify recurrent patterns, progressively refining the rule set.

The sophistication of rule systems also varies. Wijanarko et al. (2021) combine TF-IDF
keyword extraction with POS tagging, using Context-Free Grammar and Bloom’s Taxonomy as a
basis for categorization. Similarly, Gaspar et al. (2023) transform declarative sentences into inter-
rogatives through Semantic Role Labeling, replacing arguments with question words according to
their syntactic function.

Overall, template- and rule-based methods offer transparency and control in the generation
process, but their reliance on handcrafted resources makes them less scalable and adaptable to
open-domain contexts. From an educational perspective, their simplicity and interpretability can
support teacher adoption and integration into classroom practices. However, their limited vari-
ety restricts the depth of assessment and poses challenges for promoting higher-order thinking
skills. To facilitate comparison across studies, Table 4 summarizes representative contributions,
highlighting their input data, techniques, and limitations.

Table 4: Representative template- and rule-based approaches for automatic question generation.

Data/Input Highlights / Limita-
tions

Study Technique

Keklik et al. | Text sentences

Templates by sen-

Simple, efficient / lim-

(2019) tence structure ited variety
Shirude et al. | Structured tables Entity-based  tem- | Domain-dependent
(2015) plates

Ruiz-Calleja
etal. (2021)

Domain knowledge
base

Templates linked to
KB

Strong domain ground-
ing / low transferability

Rodrigues et al.
(2022)

Sentence—question
pairs

Rule learning from | Progressive refinement
examples /  requires annotated
data

Rich categorization /

Wijanarko et al. | Unstructured text TF-IDF, POS tag-

(2021) ging, CFG, Bloom’s | complex pipeline
Taxonomy

GaSpar et al. | Declarative sen- | SRL + linguistic | Semantic-driven / sen-

(2023) tences rules sitive to parsing errors

4.2.2 Approaches Based on the Integration of Natural Language Processing Techniques

Automatic question generation systems can use a variety of NLP techniques to ensure the quality
and relevance of the questions created, generating questions of quality comparable to those created
by humans (Susanti et al. (2017), Chinkina et al. (2020) and Bhadouria et al. (2024)). A common
practice in AQG works that use NLP techniques, as demonstrated by Mostow et al. (2016), Das
and Majumder (2017), Jadhav et al. (2024) and Ch and Saha (2023), is the identification of parts
of speech and the analysis of sentence syntactic structure.

Some works integrate multiple NLP modules. For instance, Larranaga et al. (2022) extract
key concepts from educational texts and transform them into questions. Others construct detailed

229



Rockembach & Thom RBIE v.34 — 2026

syntactic trees to capture grammatical and semantic relations (Sewunetie and Kovacs (2024) and
Narayana et al. (2024)). A representative case is Lui et al. (2015), who generate questions from
Chinese texts by building syntactic parsing trees enriched with linguistic rules. Their system iden-
tifies categories such as nouns and verbs, as well as named entities, and applies specific rules to
transform declarative sentences into causal, positional, or argumentative questions. This illus-
trates how parsing-based approaches combine structural and semantic information to increase the
variety of generated questions.

Another research line focuses on selecting the most informative sentences for question gen-
eration. Odilinye et al. (2015), Le and Pinkwart (2015), and Shwe et al. (2024) adopt ranking algo-
rithms based on the presence of key terms and semantic similarity (e.g., using WordNet) to align
candidate sentences with learning objectives. Extending this process to multiple-choice questions,
Das et al. (2021a) apply Rapid Automatic Keyword Extraction (RAKE, an unsupervised statistical
method for extracting keywords from a text corpus) for keyword extraction, Named Entity Recog-
nition (NER) for answer identification, and K-means clustering for distractor selection, ensuring
semantic consistency across alternatives.

In general, NLP-based methods provide greater adaptability and linguistic coverage than
template- or rule-based approaches. However, they often require complex pipelines, annotated
resources, and significant computational power. From an educational standpoint, these methods
enable richer and more context-aware question generation, which can improve alignment with
learning materials. At the same time, their technical complexity and dependence on resources may
limit accessibility for educators and institutions with fewer computational or linguistic resources.
To organize these contributions, Table 5 summarizes key works, their data sources, techniques,
and limitations.

Table 5: Representative NLP-based approaches for automatic question generation.

Study Data/Input Techniques Highlights / Limita-
tions

Lui et al. (2015) | Chinese texts Syntactic parsing trees | Rich syntactic-

+ linguistic rules semantic  analysis /

language-specific
Odilinye et al. | Learning material | Sentence ranking + | Effective sentence se-

(2015) WordNet lection / requires term
definitions
Le and Pinkwart | Educational texts | Semantic similarity + | Context-aware selec-
(2015) lexical databases tion / limited Iexical
coverage
Shwe et al. | Learning content | Semantic similarity + | Captures semantic
(2024) ranking relevance / complex
pipeline
Das et al. (2021a) | Text corpus RAKE + NER + K- | Generates MCQs / high
means clustering computational cost,

multi-step process
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4.2.3 Transformer-Based Approaches

A deep learning approach that has gained prominence in research in recent years is Transformers.
Transformers are a specific architecture of neural networks that learn context and, thus, mean-
ing by monitoring relationships in sequential data, such as the words in a sentence, for example
(Waswani et al., 2017). Among the studies focused on AQG analyzed in the last decade, 43 used
Transformer-based approaches. The Transformer architecture is the driving force behind LLMs,
which are Al models capable of understanding and generating natural language. These language
models have been widely used for performing tasks typically humans, such as question generation
Doughty et al. (2024); Matsumori et al. (2023)), for example.

Several strategies have been explored within this category:

* Prompt Engineering (PE): LLMs are guided through prompts containing task instructions,
learning objectives, or Bloom’s Taxonomy categories (Doughty et al. (2024); Lee et al.
(2023); Maity et al. (2024)). PE has been applied for MCQ generation and distractor design.

* Information Extraction + Transformers: Key sentences are extracted from educational
materials and encoded into semantic vectors (e.g., via Sentence-BERT), which serve as
input for question generation models such as TS5 (H.-C. Wang et al. (2023); Jasuja et al.
(2024)).

* Masked Language Models (MLM): Fill-in-the-blank questions are generated by mask-
ing words and predicting candidates using BERT or similar models, often complemented
with distractor filtering based on confidence scores (Andersson and Picazo-Sanchez (2023);
Matsumori et al. (2023)).

* Fine-tuning LLMs: Pre-trained models are adapted to specific datasets, languages, or do-
mains to improve task-specific performance (Awalurahman and Budi (2024b); Babakhani
et al. (2024); Ruma et al. (2023)).

Transformer-based approaches demonstrate high linguistic flexibility, scalability, and the
ability to produce questions comparable to human-generated ones (Bachiri and Mouncif (2023);
Kyung-Mi (2024)). Limitations include dependency on computational resources, the need for
domain-specific fine-tuning, and variable performance in low-resource languages (Ruma et al.
(2023)). From an educational perspective, their capacity to generate high-quality and context-
sensitive questions offers strong potential to support adaptive learning and reduce teachers’ work-
load. Nevertheless, their complexity, opacity, and bias represent barriers to classroom adoption
and may challenge educators’ trust in automated assessments. Table 6 summarizes contributions,
highlighting their input data, techniques, and limitations.

4.2.4 Ontology-Based Approaches

An approach that can be observed in studies published throughout the decade is ontologies. On-
tologies are formal descriptions of a set of concepts within a domain and the relationships between
these concepts (Jouault et al., 2016). In ontologies, the concepts within a specific domain are rep-
resented by classes. Classes are abstractions that group entities that share common characteristics.
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Table 6: Representative Transformer-based approaches for automatic question generation.

(2023)

Study Input / Data Technique Highlights / Limita-
tions

Doughty et al. | Programming GPT-4 + Prompt Engi- | Comparable to human-

(2024) logic texts neering generated MCQs

Matsumori et al. | Sentences MLM (BERT) Fill-in-the-blank / dis-

tractors filtered by con-
fidence

H.-C. Wang et al.
(2023)

Lecture notes /
textbooks

Sentence-BERT + T35

Info extraction / seman-
tic vector encoding

Rezigalla (2024)

PDFs (medical)

RAG + ChatPDF

Context-aware question

generation / some
domain-specific errors
Subjective question
generation / dataset-
specific training
Low-resource language
adaptation / limited
prior research

Babakhani et al.
(2024)

News articles Fine-tuned TS5 / GPT-3

Ruma et al
(2023)

Bengali
datasets

QA | Fine-tuned BanglaT5

Based on this structure, the system developed by Jouault et al. (2016) uses the History Depen-
dent Question Ontology (HDQ Ontology), which categorizes questions into different types, such
as “Description,” "Method,” “Explanation,” and "Comparison.” Each question type is associated
with specific classes. For example, a ”Description” question may be generated from a class that
describes a historical event, while a "Comparison” question may involve subclasses that compare
different events or historical figures. The properties associated with the classes help contextualize
the questions.

Alsubait et al. (2016) and Leo et al. (2019) used ontologies to generate MCQs in the biolog-
ical and medical domains, respectively. Both approaches identify relevant concepts and generate
a question for each, extracting the correct answer and appropriate distractors while controlling
question difficulty. The plausibility of incorrect alternatives increases question challenge, and
similarity measures between concepts (e.g., a Jaccard-inspired formula in Alsubait et al. (2016))
are used to select distractors. Cubric and Tosic (2020) extended this approach by combining on-
tologies with templates based on Bloom’s Taxonomy, highlighting that preprocessing improves
language quality and user-friendly labeling. Kusuma et al. (2022) further classified ontologies
into taxonomy, sentence, and knowledge types, merging them by identifying classes and instances
with the same label.

To enrich ontologies with semantic information, Kumar et al. (2023) implemented rules
using Description Logic and Semantic Rule Language. These rules establish hierarchical relation-
ships and conditions that allow automatic inference of new knowledge, enabling the generation
of MCQs based on concept interactions and properties. The combination of these methods im-
proves the accuracy of inferences and ensures that generated questions are relevant, contextually
appropriate, and effective for educational assessment. Table 7 summarizes these approaches, high-
lighting their domains, techniques, and main contributions.
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Table 7: Representative ontology-based AQG approaches.

Study Domain / Data Technique Highlights / Limita-
tions

Jouault et al. | History HDQ Ontology + ques- | Structured questions:

(2016) tion types Description, Compari-
son, etc.

Alsubait et al. | Biology Ontology + distractor | Uses Jaccard-inspired

(2016) similarity formula to select plau-
sible distractors

Leo etal. (2019) | Medicine Ontology-based MCQs | Controlled  difficulty

via distractor selection
Aligns with cognitive

Cubric and Tosic | General / Bloom’s | Ontology + templates

(2020) Taxonomy levels / needs prepro-
cessing
Kusuma et al. | General Taxonomy, sentence, | Merges ontology types
(2022) knowledge ontologies | for richer question gen-
merged eration
Kumar et al. | Education Ontology + semantic | Description Logic
(2023) rules + Semantic Rule
Language for context-
aware MCQs

Overall, ontology-based approaches allow structured question generation and controlled dis-
tractor selection, but they require careful preprocessing of labels and integration with templates
or rules to produce high-quality educational questions. From an educational perspective, these
methods can support alignment with learning objectives, cognitive levels, and assessment stan-
dards, providing teachers with more precise and pedagogically relevant question sets. However,
the need for domain-specific ontologies, preprocessing effort, and technical knowledge may limit
their scalability and adoption in typical classroom settings.

4.2.5 Deep Learning-Based Approaches — Except Transformers

Some AQG approaches use other deep learning-based methods that are not Transformers. The
work by Z. Wang et al. (2018) generated questions using a type of recurrent neural network (RNN)
designed to address the issue that occurs in traditional RNNs when training on long sequences.
The architecture used was LSTM. The main innovation of LSTMs is the introduction of memory
cells, which allow the network to retain information for extended periods. Each memory cell can
store information and decide when to keep or discard it. The model trained by Z. Wang et al.
(2018) received as input contexts (e.g., a paragraph from an educational text) and an associated
answer for each. The output is generated questions related to the content of the contexts. Liu et al.
(2019) proposed an approach that combines copy mechanisms with neural networks to improve
question generation by learning to identify relevant keywords in the text.

In the experiment proposed by Murad et al. (2023), the LSTM and GRU (Gated Recurrent
Unit) approaches were compared. GRU is an RNN architecture that can be considered a simpler
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and more efficient alternative to LSTM while maintaining the ability to capture long-term depen-
dencies in sequential data. During the training process, the authors used a dataset consisting of
778 pairs of key phrases and 240 question templates, which were organized according to Bloom’s
taxonomy levels. The authors concluded that, although GRU may be more time-efficient, LSTM
excelled in terms of the quality of the generated questions, making it more suitable for educational
contexts that require a higher level of complexity and contextualization.

H.-C. Wang et al. (2024) also use the LSTM architecture in question generation, proposing
a model called TE-QG (Teaching Evaluation Question Generation). The approach involves iden-
tifying words or terms that represent the main topics addressed in the text, using POS filtering
to select relevant words. The experiments conducted by the authors demonstrated that the inclu-
sion of these topic features significantly improves the model’s performance, with the generated
questions being rated as more fluent and relevant.

From an educational perspective, deep learning—based approaches, such as LSTM archi-
tectures, can generate context-aware and pedagogically relevant questions, potentially supporting
teachers in assessment design and reducing manual workload. However, their reliance on anno-
tated data, technical expertise, and computational resources may limit accessibility for some ed-
ucational settings. These representative approaches are summarized in Table 8, which highlights
the main architectures, techniques, and findings.

Table 8: Representative deep learning-based AQG approaches (excluding Transformers).

Study Architecture Technique / Features | Highlights / Limitations

Z. Wang et al. | LSTM Context + answer input | Generates context-aware

(2018) questions / memory retains
long-term dependencies

Liuetal. (2019) | LSTM + copy | Keyword extraction Improves question relevance

mechanism by identifying important

words

Murad et al. | LSTM/GRU Bloom’s taxonomy | LSTM better quality; GRU

(2023) templates faster

H.-C. Wang et al. | LSTM (TE-QG) | POS-based topic fea- | Enhances fluency and rele-

(2024) tures vance; suitable for educa-
tional assessment

4.2.6  Combined Architectures-Based Approaches and Comparative Analyses

In literature, we can observe a set of works that not only use one technique for question generation,
but rather a combination of techniques in a combined approach. Furthermore, other works have
aimed to conduct a comparative analysis between different techniques. These two approaches will
be discussed in this subsection.

Khandait et al. (2023) propose a methodology that integrates sentiment analysis and struc-
tural analysis of input text, combined with preprocessing steps such as stemming and named entity
recognition. Using DistilGPT2, the system generates diverse and meaningful questions, avoiding
repetitions and improving accuracy. Alshboul and Baksa-Varga (2024) developed a framework for

234



Rockembach & Thom RBIE v.34 — 2026

generating open-ended questions about Python programming, using an approach that combines
ontologies and Transformers: an ontology classifies elements of code snippets, enriching their se-
mantic interpretation, before feeding the information into QuestGen Al for question generation. In
a similar direction, Maheen et al. (2022) apply NLP preprocessing (tokenization, lemmatization,
POS tagging) followed by BERT embeddings and clustering to identify informative sentences
from textbooks, and then generate distractors using WordNet, Wiktionary, and Google search.

Other studies integrate graph-based techniques. Xu et al. (2023) information extraction with
Graph Attention Networks (GAT) and GRUs, producing enriched contextual representations that
improve question generation. Similarly, Z. Li et al. (2023) construct knowledge graphs from
entities identified in text, integrating them with contextual representations via GAT before passing
them to a multi-head attention model. Hsiao and Chung (2022) also follow this line, using RNNs
and local knowledge graphs for semantic enrichment.

Seq2seq-based solutions are also common. Phan and Do (2022) adapt BERT for named en-
tity recognition, converting entities into questions via seq2seq models. Chung et al. (2024) incor-
porate reinforcement learning to refine sequences based on quality metrics, while Yu et al. (2021)
integrate contextual retrieval and transfer learning across languages to improve performance with
limited data.

Hybrid approaches also mix traditional NLP with machine learning. BIStak and Rozinajova
(2022) use a “composite pattern” structure to represent sentences before training a model to learn
transformation rules. Comparative works further broaden this picture: Vincentio and Suhartono
(2022) evaluate RNN-based (BiGRU, BiLSTM) and Transformer-based (mBART, mT5) models
for Indonesian, finding clear superiority of Transformers, consistent with other studies (Xin et
al. (2021)). Likewise, Sewunetie and Kovacs (2022) show that template-based methods are out-
performed by machine learning techniques such as multilayer perceptron (MLP). More recently,
Suhartono et al. (2024) compare fine-tuned IndoBERT and IndoGPT for Indonesian AQG, con-
cluding that IndoBERT achieves the best scores, surpassing even BiLSTM baselines.

From an educational perspective, combined AQG approaches offer the benefit of leverag-
ing complementary strengths of different techniques, generating more diverse, context-aware, and
pedagogically relevant questions. This can support adaptive learning, improve assessment qual-
ity, and reduce teachers’ workload. At the same time, these approaches often require complex
pipelines, technical expertise, and substantial computational resources, which may limit their
adoption and scalability in typical classroom settings. These representative approaches and com-
parative analyses are summarized in Table 9, which highlights their techniques and key findings.

4.3 Answering RQ2 ”What approaches are focused on BPM education?”

Computer Science stands out as one of the fields where AQG techniques have been most fre-
quently proposed, ranking as the third most common, as shown in Table 3. Despite the relative
popularity of studies in this area, no research has yet addressed question generation applied to
BPM, with existing works remaining mostly focused on the teaching of programming languages.
In the BPM education field, however, efforts have instead concentrated on other , including current
and innovative teaching methodologies (Silva & Thom, 2021), as evidenced by contributions pre-
sented at the BPM Education Forum of the BPM 2024 conference (Marrella et al., 2024). These
studies explore a wide range of strategies and experiences, including active methodologies such as
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Table 9: Representative combined approaches and comparative analyses in AQG.

WordNet

Study Techniques Combined | Highlights / Observations

/ Compared
Khandait et al. | DistilGPT2 + sentiment | More diverse and meaningful
(2023) + structural analysis questions
Alshboul and | Ontologies + Trans- | Open-ended Python ques-
Baksa-Varga former tions; semantic enrichment
(2024)
Maheen et al. | NLP preprocessing + | Extracts informative sen-
(2022) BERT + clustering + | tences; generates semanti-

cally related distractors

Xu et al. (2023)

GRU + GAT + knowl-

Contextually enriched repre-

edge graphs sentations improve question

generation

Phan and Do | BERT + seq2seq Converts named entities into

(2022) questions

Vincentio and | BiGRU/BiLSTM  vs | Transformers outperform

Suhartono (2022) | mBART/mT5 RNNs in Indonesian AQG

Sewunetie  and | Template-based vs | MLP produces higher-quality

Kovacs (2022) MLP questions

Suhartono et al. | IndoBERT vs IndoGPT | Fine-tuned IndoBERT

(2024) vs BiLSTM achieves Dbest evaluation
scores

Flipped Learning and Project-Based Learning, practical consulting projects, e-learning initiatives,
eye-tracking methods, ERP teaching, design spaces for process redesign, and, more recently, the
integration of large LLMs. Together, these contributions illustrate that BPM education has been
an active field of pedagogical experimentation and innovation. AQG, however, has not yet been
explored in this context.

Although Information and Communication Technologies (ICT) applied to education have
advanced in recent years, the literature has previously pointed out the lack of educational initiatives
focused on BPM that integrate such technologies. Studies such as those by Sarvepalli and Godin
(2017), Wiechetek et al. (2017), Caporale et al. (2013), and Seethamraju (2012) have highlighted,
among other gaps, the limited incorporation of IT systems in the BPM teaching-learning process,
the absence of interactive resources such as games, and the lack of integrated and interdisciplinary
curricula. Furthermore, Chow (2021) identified methodological shortcomings in the teaching of
the subject, including a lack of student-centered approaches and active learning methodologies,
which often rely on ICTs.

This scenario helps explain the scarcity of recent initiatives that integrate innovative ap-
proaches, such as AQG, in BPM education. The limitations already identified in the literature,
combined with the absence of AQG-related studies in the past decade, not only highlight the his-
torical challenges of the field but also suggest that these gaps still persist.

Based on the review of AQG applications in other fields, it is possible to envision how such
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techniques could be applied to BPM education. In such a framework, key learning objectives and
topics from BPM courses would serve as the foundation for automatically generating assessment
items and practice questions. These questions could then be delivered through interactive plat-
forms, supporting quizzes, simulations, or other active learning strategies. The framework would
allow questions to be dynamically adapted to students’ progress, providing timely feedback and
personalized learning opportunities. In this way, AQG could address the lack of interactive and
student-centered resources identified in the literature, while fostering engagement and reinforcing
understanding of BPM concepts.

Although this framework remains conceptual and requires empirical validation, it outlines a
concrete pathway for bridging the gap between advances in AQG and the specific needs of BPM
education. A similar approach has been successfully applied in other domains. For instance, Ku-
mar et al. (2023) developed a hybrid framework combining semantic-based and machine learning
techniques to automatically generate multiple-choice questions for technical subjects.

4.4 Answering RQ3 “What limitations do existing approaches present?”

Over the past decade, automatic question generation has evolved significantly, driven by advance-
ments in NLP techniques and machine learning. Consequently, the limitations of these approaches
have also changed over time, reflecting emerging challenges as new methods have been proposed.

At the beginning of the studied decade, between 2015 and 2017, the main difficulties were
related to the reliance on restrictive grammatical rules and template-based approaches, which often
resulted in syntactically incorrect or poorly diversified questions (Alsubait et al. (2016); Odilinye
et al. (2015)). Additionally, the lack of adequate automated metrics to assess the complexity
and quality of questions was a recurring concern (Jouault et al. (2016); Mostow et al. (2016)).
Some studies from that period also highlighted language-specific challenges, such as Chinese,
which features more flexible structures and fewer prepositions, making it difficult to automatically
generate coherent questions (Lui et al., 2015).

Starting in 2018, with the rise of deep learning models, new limitations emerged. Neural
network-based models required large amounts of high-quality training data, which restricted their
application in specific domains or low-resource languages (Yu et al. (2021); Keklik et al. (2019)).
Model interpretability also became a significant issue, as deep neural networks often functioned as
”black boxes,” making it difficult to understand the criteria used to generate each question (BIStak
& Rozinajova, 2022). Another issue that arose during this phase was the tendency of models to
overfit the training data, reducing their ability to generalize to new contexts (H.-C. Wang et al.,
2023).

In recent years, between 2022 and 2024, the most evident challenges have involved the
quality of generated questions and automated evaluation. Recent studies highlight the difficulty
of generating truly diverse questions with precise meaning (Goyal et al. (2023); Khandait et al.
(2022)). The reliance on LLMs has also introduced challenges such as data bias and high pro-
cessing costs (Alshboul and Baksa-Varga (2024); Rezigalla (2024)). Moreover, recent research
points to limitations in the models’ ability to handle questions requiring logical reasoning and
complex arithmetic (Pham et al., 2024), as well as the varying complexities of pedagogical objec-
tives (Lohr et al., 2024). Finally, there is a recognized need for greater standardization in datasets
and evaluation metrics for generated questions (Sewunetie & Kovécs, 2022).
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4.5 Answering RQ4 “How has Generative Al influenced the field of AQG?”

Generative Al has gained prominence in the field of AQG, to the point that 43 original studies
found in this review exclusively used techniques involving this approach in question generation.
The main Generative Al used in text generation, and consequently in question generation, are
LLMs. To address RQ4, it is important to investigate the reasons for choosing Generative Al-
based approaches in the production of AQGs. This section aims to answer what led the authors to
choose Generative Al as a technique for AQG and what positive aspects were observed regarding
this technique compared to others.

With the popularization of LLMs, some studies have used Generative Al not because they
consider these models more effective in generating questions, but with the aim of testing and
evaluating their ability to perform this specific task ((Lohr et al., 2024); (de-Fitero-Dominguez
et al., 2024); (Grévisse et al., 2024)). The hypothesis of Elkins et al. (2024) was that, given the
success of LLMs in other tasks, these models could generate questions from contexts provided
by teachers. According to the authors, the experiments conducted demonstrated the potential of
LLMs in creating questions aligned with the learning objectives defined in Bloom’s Taxonomy.

According to Lee et al. (2023), LLMs have a good ability to generate questions, but this
can be enhanced through PE. Recurring issues in language models, such as hallucinations that
cause questions to be generated from inaccurate content, and the low variety and adaptability
of generated questions, can be addressed through PE. According to the authors, this allows the
questions generated by LLMs to better meet the specific needs of the educational context.

Kumar et al. (2023) justify the adoption of LLMs in their AQG architecture due to their abil-
ity to encapsulate large amounts of knowledge and their proficiency in understanding language,
thus improving the quality and relevance of the automatically generated multiple-choice ques-
tions. According to Kalpakchi and Boye (2024), the use of LLMs is advantageous compared to
other AQG techniques because of their ability to generate various question formats and handle
more complex sentence structures than other approaches. According to the authors, this makes
them ideal for creating educational content that engages students in a manner like what humans
produce (Kalpakchi & Boye, 2024).

According to Lohr et al. (2024), LLMs are capable of generating content of better semantic
quality than other AQG approaches, especially with the adoption of RAG, which allows for more
effective integration of information relevant to the specific context. This technique enables the
created questions to be more aligned with educational objectives and students’ needs. Further-
more, RAG helps mitigate common issues in traditional approaches, such as the superficiality of
questions, promoting greater depth and relevance in the questions.

In summary, Generative Al has proven to be a powerful tool in the field of AQG, especially
through LLMs, which offer an impressive ability to generate questions aligned with educational
objectives. The reviewed studies highlight not only the effectiveness of this approach but also
its potential for adaptation and customization using techniques such as PE and RAG. With these
innovations, Generative Al has significantly contributed to improving the quality, relevance, and
depth of generated questions, demonstrating its positive impact on the advancement of AQG.
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4.6 Answering RQS ‘“What metrics or criteria are used to evaluate the quality of generated
questions?”’

The evaluation of the quality of automatically generated questions is a fundamental step in the
development of automatic question generation systems. Over the past decade, various studies
have proposed different approaches to measure the effectiveness of these questions, using both
automatic metrics and human evaluations, and in some cases, combining both. We now proceed
to analyze the metrics used in different studies.

Several studies have exclusively adopted automatic metrics to assess the quality of generated
questions. The most common metrics include BLEU, ROUGE, METEOR, and F1-score, which
are widely used to measure textual similarity and linguistic quality. Studies such as those by H.-C.
Wang et al. (2023), H.-C. Wang et al. (2024), Fahad et al. (2024), Goyal et al. (2023), Sewunetie
and Kovdécs (2022), Kusuma et al. (2022) and Babakhani et al. (2024) have employed these metrics
to quantify the accuracy of questions in relation to a reference set. Some research has also explored
more sophisticated metrics, such as BERTScore, BLEURT, and CIDEr (Babakhani et al. (2024);
Kalpakchi and Boye (2024)), which better capture semantic relationships between generated and
reference questions. In addition to similarity-based metrics, some studies have used more specific
criteria for automatic evaluation. For example, Rezigalla (2024) and Mostow et al. (2016) applied
difficulty and discrimination metrics for questions, while Matsumori et al. (2023) analyzed the
correct response rate.

Another common approach in the literature is qualitative evaluation conducted by experts
or users, considering aspects such as clarity, relevance, grammaticality, and difficulty. Studies
such as those by Doughty et al. (2024), Hsiao and Chung (2022), Andersson and Picazo-Sanchez
(2023) and Jouault et al. (2016) adopted this strategy, collecting subjective feedback on the quality
of the generated questions. Some works specifically analyzed the answerability of the questions
(Chinkina et al., 2020) or their suitability to the learning level, as in the case of Andersson and
Picazo-Sanchez (2023), who considered the JLPT levels. Other studies focused on comparing
automatically generated questions with human-produced ones. Bachiri and Mouncif (2023), Le
and Pinkwart (2015) and Susanti et al. (2017) investigated the degree of similarity between the
two sets, while Alsubait et al. (2016) and Larranaga et al. (2022) analyzed the acceptance of the
questions by experts, without detailing specific metrics.

Finally, several studies combine automatic and subjective approaches to provide a more
comprehensive analysis of the quality of the generated questions. Works such as those by GaSpar
et al. (2023), Xu et al. (2023), Xin et al. (2021) and Ruma et al. (2023) applied metrics like
BLEU, METEOR, and ROUGE alongside human evaluations of grammaticality, relevance, and
complexity. Additionally, some studies used statistical methods to measure the degree of agree-
ment between human evaluators, such as Cohen’s Kappa coefficient (Mulla and Gharpure (2023b);
Murad et al. (2023); Wijanarko et al. (2021)). Another interesting strategy is the comparison be-
tween automatic and human evaluations to validate the effectiveness of computational metrics.
For instance, Rodrigues et al. (2022) e Das et al. (2021a), analyzed correlations between subjec-
tive evaluations and traditional metrics, aiming to identify which automatic criteria best represent
the human perception of question quality.
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4.7 Answering RQ6 “What resistance do experts have regarding the automatic generation
of content questions, especially among education professionals?”’

An essential phase in software development, especially for tools aimed at assisting professionals,
is validation with domain experts. This process ensures acceptance and trust in the solution while
providing value to stakeholders (Pereira et al., 2024). When it comes to tools that support the
learning process, this trust becomes even more crucial, as it directly influences users’” willingness
to adopt them in educational contexts. If teachers and students do not trust the tool’s accuracy,
usability, and effectiveness, its acceptance and impact on learning may be significantly reduced.
RQ6 aims to answer how the acceptance of AQG tools by domain experts has been reported in
studies published over the past decade.

As answered by RQ4, it was observed that several studies proposed evaluating questions
automatically generated by teachers and instructors. However, the focus of these studies was
on using the expertise of specialists to analyze the quality of the questions in terms of clarity,
accuracy, and difficulty level, without investigating whether these professionals would hesitate to
adopt such tools in the classroom. The closest to addressing this issue were occasional statements
indicating a willingness to use them, as seen in the works of Chinkina et al. (2020), Larranaga
et al. (2022) and Bachiri and Mouncif (2023), for example.

In this sense, the scarcity of studies exploring potential resistance to the adoption of AQG
systems becomes evident. Investigating the factors that may influence this acceptance, such as
the reliability of the generated questions, the ease of integration into teaching practices, and the
level of control offered to teachers, could contribute to a better understanding of the challenges
and opportunities in implementing these tools in the educational context.

4.8 Summary of Results

This subsection aims to synthesize the main findings of the conducted SLR, providing a clearer
overview of the data analyzed and facilitating the reader’s understanding. The summarized results
offer a structured perspective on the key aspects explored in the selected studies.

Table 10 provides a comprehensive summary of the results from the SLR of AQG studies.
It consolidates findings from 90 primary studies and 13 reviews, highlighting the most common
approaches, evaluation methods used, frequent limitations, the influence of Generative Al, and
gaps and opportunities for future research.

The analysis of the consolidated results shows a significant diversity of approaches and
methods used in AQG studies, with a focus on techniques such as Transformers, Deep Learning,
and combined approaches. The evaluation metrics vary between automatic and qualitative, sug-
gesting an attempt to balance the objectivity of numerical assessments with the subjectivity of
human analysis. However, limitations such as dependence on large data volumes, interpretability
issues, and model bias are recurring challenges, highlighting the need for more robust solutions.
Furthermore, the growing influence of generative Al, particularly through techniques like PE and
RAG, has shown a positive impact on generating questions aligned with educational objectives,
although important gaps remain, such as the lack of studies on educators’ potential resistance to
adopting these tools and the application of AQG in contexts like BPM.
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Table 10: Summary of Results.

Category Description
Number of Analyzed Articles | 90 primary studies and 13 reviews
Main Approaches Template-based and rule-based approaches,

NLP, Transformers, Ontology, Deep Learning,
and Combined Architectures.

Quality Assessment Automatic metrics (BLEU, ROUGE, ME-
TEOR) and qualitative assessments (clarity, rel-
evance, difficulty), with some combinations of
both.

Common Limitations Dependence on extensive data, model inter-
pretability issues, overfitting, data bias, high
computational cost, and lack of standardization
in evaluation metrics.

Influence of Generative Al Ability to generate questions aligned with edu-
cational objectives. Techniques such as PE and
RAG have enhanced the adaptation and quality
of generated questions.

Gaps and Opportunities Lack of studies on educators’ resistance to
adopting AQG tools and lack of AQG applica-
tions in BPM.

The reviewed AQG approaches reveal educational benefits, challenges, and barriers. Over-
all, AQG can reduce professors’ workload, diversify assessment, and foster active learning, pro-
vided that implementation strategies address technical limitations and support educators’ trust and
training.

5 Conclusion

The diversity of approaches found in the literature highlights the complexity of the task of AQG.
Over the past decade, a wide range of techniques for AQG has emerged, ranging from simpler
methods based on templates and rules to more advanced approaches, such as the use of large
language models.

Regarding the evaluation of the quality of automatically generated questions, while auto-
matic metrics offer efficiency and scalability, human evaluations provide more subjective insights
into aspects such as clarity and relevance. Recent studies indicate a trend toward hybrid ap-
proaches that combine the best of both worlds to achieve a more robust and reliable evaluation.

In summary, the evolution of AQG has been marked by a transition from structural and
grammatical limitations to challenges related to quality, evaluation, and model generalization.
Advances in NLP techniques and the development of more robust models are promising, but there
are still issues to be addressed to ensure truly effective question generation adaptable to different
contexts. Notably, there is a lack of research on AQG specifically focused on BPM, highlighting
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a significant gap for future studies to explore.

5.1 Threats to Validity

This SLR may present some limitations. Among them is the time restriction, which may exclude
classic studies that contributed to the development of the topic. Another possible limitation is re-
lated to language, as relevant research published in languages other than English and Portuguese
may not have been considered, although English is the most widely used language in the global
academic community. Another aspect to be highlighted as a potential limitation is the subjective
nature of the selection and analysis of the studies, which may introduce selection bias. Addition-
ally, the review focused on a specific set of databases, and other databases may contain relevant
studies that were not captured. In particular, databases such as ERIC and Brazilian repositories
and conference proceedings (e.g., RBIE, SBIE, WIE, WEI) were not included. Additionally, the
review focused on a specific set of databases routinely used by our research group, and other
databases may contain relevant studies that were not captured. Finally, potential publication bias
should also be considered, as studies reporting negative or inconclusive results may be underrep-
resented. These limitations do not invalidate the review’s findings but emphasize the importance
of interpreting the conclusions with caution, considering the possible gaps and biases inherent in
the adopted process.

5.2 Future Research Directions

For future work, we intend to further explore the potential applications of the techniques identi-
fied in this review within the BPM field, assessing their feasibility and impact in different contexts.
Additionally, we aim to develop more well-defined methodologies tailored to the specific needs
of the area, considering the particularities of learning and applying knowledge in BPM. Future
research could also investigate strategies to overcome practical challenges in AQG adoption, such
as scalability, integration with existing BPM tools, and evaluation of learning outcomes. Further-
more, exploring interdisciplinary collaborations and extending the scope to diverse educational
and organizational contexts may provide deeper insights and enhance the generalizability of the
findings.
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