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automate a range of educational tasks (e.g., question gen-

eration, feedback provision, and essay grading), there are

concerns regarding the practicality and ethicality of these

|innovations. Such concerns may hinder future research and |

| the adoption of LLMs-based innovations in authentic edu-|

cational contexts. To address this, we conducted a system-

atic scoping review of 118 peer-reviewed papers published

since 2017 to pinpoint the current state of research on us-

| ing LLMs to automate and support educational tasks. The|

[findings revealed 53 use cases for LLMs in automating ed-|

| ucation tasks, categorised into nine main categories: profil-|

ing/labelling, detection, grading, teaching support, predic-

tion, knowledge representation, feedback, content genera-

tion, and recommendation. Additionally, we also identified

several practical and ethical challenges, including low tech-|

nological readiness, lack of replicability and transparency,l

and insufficient privacy and beneficence considerations. The|

| findings were summarised into three recommendations for |

|
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| future studies, including updating existing innovations with|
|state-of-the-art models (e.g., GPT-3/4), embracing the ini—|

tiative of open-sourcing models/systems, and adopting a|

human-centred approach throughout the developmental pro-l

cess. As the intersection of Al and education is continu-|

ously evolving, the findings of this study can serve as an|

essential reference point for researchers, allowing them to

leverage the strengths, learn from the limitations, and un-

cover potential research opportunities enabled by ChatGPT|

| and other generative Al models.|
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|Practitioner notes

|What is currently known about this topic|

o | Generating and analysing text-based content are time-consuming and laborious tasks.

e | Large language models are capable of efficiently analysing an unprecedented amount of textual content andl

completing complex natural language processing and generation tasks)

e | Large language models have been increasingly used to develop educational technologies that aim to automatel

the generation and analysis of textual content, such as automated question generation and essay scoring.l

| What this paper adds|

|- A comprehensive list of 53 different educational tasks that could potentially benefit from LLMs-based innovationsl

|through automation.l

{ A structured assessment of the practicality and ethicality of existing LLMs-based innovations from seven impor—l

Ltant aspects using established frameworks.

O] | Three recommendations that could potentially support future studies to develop LLMs-based innovations thatI

| are practical and ethical to implement in authentic educational contexts.|

| Implications for practitionersl

e | Updating existing innovations with state-of-the-art models may further reduce the amount of manual effort re-l

quired for adapting existing models to different educational tasks.|

The reporting standards of empirical research that aims to develop educational technologies using large Ianguagel

| models need to be improved.|
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|o Adopting a human-centred approach throughout the developmental process could contribute to resolving thel
| practical and ethical challenges of large language models in education

|1 | INTRODUCTION

Advancements in generative artificial intelligence (Al) and large language models (LLMs) have fueled the development

of many educational technology innovations that aim to automate the often time-consuming and laborious tasks of

L generating and analysing textual content (e.g., generating open-ended questions and analysing student feedback sur-

ey) (Kasneci et al.,|2023;|Wollny et al.}|2021} |Leiker et al.}|2023). LLMs are generative artificial intelligence models

[that have been trained on an extensive amount of text data, capable of generating human-like text content based on

natural language inputs. Specifically, these LLMs, such as Bidirectional Encoder Representations from Transformers
(BERT) (Devlin et al}[2018) and Generative Pre-trained Transformer (GPT) (Brown et al mm utilise deep learning
MSms (Vaswani et al. l[m to selectively attend to the different parts of input texts, depend-|
ing on the focus of the current tasks, allowing the model to learn complex patterns and relationships among textual
contents, such as their semantic, contextual, and syntactic relationships (Min et al.,[2021} |Liu et al.}[2023). As several
LLMs (e.g., GPT-3 and Codex) have been pre-trained on massive amounts of data across multiple disciplines, they

are capable of completing natural language processing tasks with little (few-shot learning) or no additional training
(zero-shot learning) (W(mm. This could lower the technological barriers to LLMs-based
innovations as researchers and practitioners can develop new educational technologies by fine-tuning LLMs on spe-
cific educational tasks without starting from scratch (Caines et al.l [2023; |Sridhar et al) [2023). The recent release|
| of ChatGPT, an LLMs-based generative Al chatbot that requires only natural language prompts without additional|
| model training or fine-tuning (OpenAl|2023), has further lowered the barrier for individuals without technoloM
|background to leverage the generative powers of LLMs.|

| Although educational research that leverages LLMs to develop technological innovations for automating edu-

cational tasks is yet to achieve its full potential (i.e., most works have focused on improving model performances

lKurdi et aI.[ 2020[ Ramesh and Sanampudi[ 2022b), a growing body of literature hints at how different stakeholders

could potentially benefit from such innovations. Specifically, these innovations could potentially play a vital role in|

addressing teachers’ high levels of stress and burnout by reducing their heavy workloads by automating punctual,

(Carroll et al. i i 2020} |Bulut and Yildirim-Erbasli

, feedback provision 2023), scoring essays
[2022) and short answers (Zeng et al] [2023). These innovations could also potentially benefit both students
and institutions by improving the efficiency of often tedious administrative processes such as learning resource rec-
ommendation, course recommendation and student feedback evaluation, potentially (Zawacki-Richter et al.,[2019}

|Wo||ny et al}[2021} [Sridhar et al. 2023b.|

|Despite the growing empirical evidence of LLMs’ potential in automating a wide range of educational tasks, nonel

of the existing work has systematically reviewed the practical and ethical challenges of these LLMs-based innovations.

Understanding these challenges is essential for developing responsible technologies as LLMs-based innovations (e.g.,

ChatGPT) could contain human-like biases based on the existing ethical and moral norms of society, such as inheriting

biased and toxic knowledge (e.g., gender and racial biases) when trained on unfiltered internet text data (Schramowski

2022). Prior systematic reviews have focused on investigating these issues related to one specif@l
scenario of LLMs-based innovations (e.g., question generation, essay scoring, chatbots, or automated feedback) m
|let al.}12020; |Cavalcanti et al., |2021; Wollny et al.,|2021; |Ramesh and Sanampudi,|2022). The practical and ethicall
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challenges of LLMs in automating different types of educational tasks remain unclear. Understanding these challenges

is essential for translating research findings into educational technologies that stakeholders (e.g., students, teachers,
and institutions) can use in authentic teaching and learning practices (Adams et al,, 2021b.|

| The current study is the first systematic scoping review that aimed to address this gap by reviewing the current|

| state of research on using LLMs to automate educational tasks and identify the practical and ethical challenges of|

| adopting these LLMs-based innovations in authentic educational contexts. A total of 118 peer-reviewed publications|

| from four prominent databases were included in this review following the Preferred Reporting Items for Systematic|

| Reviews and Meta-Analyses (PRISMA) (Page et al.,[2021) protocol. An inductive thematic analysis was conducted|

| to extract details regarding the different types of educational tasks, stakeholders, LLMs, and machine learning tasks|

investigated in prior literature. The practicality of LLMs-based innovations was assessed through the lens of techno-

logical readiness, model performance, and model replicability. Lastly, the ethicality of these innovations was assessed

by investigating system transparency, privacy, equality, and beneficence.

| The contribution of this paper to the educational technology community is threefold: 1) we systematically sum-

marise a comprehensive list of 53 different educational tasks that could potentially benefit from LLMs-based in-|

novations through automation, 2) we present a structured assessment of the practicality and ethicality of existing

LLMs-based innovations based on seven important aspects using established frameworks (e.g., the transparency in-
dex (Chaudhry et al.}|2022)), and 3) we propose three recommendations that could potentially support future studies
to develop LLMs-based innovations to be practically and ethically implement in authentic educational contexts. As

the intersection of LLMs and education is continuously evolving, the findings of this systematic scoping review can

serve as an essential reference point for researchers, allowing them to leverage the strengths, learn from the limita-

tions, and uncover potential opportunities for novel LLMs in supporting educational research and practice. Specifically,

emerging works should carefully consider the practical and ethical challenges identified in this study while exploring

|the research opportunities enabled by ChatGPT and other generative Al models.l

[2 | BACKGROUND)|

In this section, we first establish the definitions for the key terminologies, specifically the definitions of practicality

and ethicality in the context of educational technology. We then provided an overview of prior systematic reviews on

LLMs in education. Then, we present the research questions based on the gaps identified in the existing Iiterature.l

2.1 | Practicality

|Several theoretical frameworks have been proposed regarding the practicality of integrating technological innovations|

|in educational settings. For example, Ertmer’s (1999) first- and second-order barriers to change focused on the ex-|

|ternal conditions of the educational system (e.g., infrastructure readiness) and teachers’ internal states (e.g., personal|
: beliefs). (2000) further suggested that for technological innovations to have actual benefits in supporting ped-
agogical practices, these innovations should be convenient to access, support constructivist pedagogical beliefs, be

adaptable to changes in the curriculum, and be compatible to teachers’ level of knowledge and skills. These factors:

| were also presented in an earlier framework of the practicality index (Doyle and Ponder} [1977), which summarised |

three critical components for integrating educational technologies, including the degree of adoption feasibility, the|

cost and benefit ratio, and the alignment with existing practices and beliefs. Based on these prior theoretical frame—l

works and considering the recentness of LLMs-based innovations (which only emerged in the past five years), thel
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practical challenges of LLMs-based innovations in automating educational tasks can be assessed from three primary

perspectives. First, evaluating the technological readiness of these innovations is essential for determining whether

|there is empirical evidence to support successful integration and operation in authentic educational contexts. Second,

assessing the model performance could contribute valuable insights into the cost and benefits of adopting these inno-|

vations, such as comparing the benefits of automation with the costs of inaccurate predictions. Finally, understanding

whether these innovations are methodologically replicable could be important for future studies to investigate their|

alignment with different educational contexts and stakeholders. We elaborated on the evaluation items for each|
challenge in Section[3.2)|

2.2 | Ethicality

|Ethical Al is a prevalent topic of discussion in multiple communities, such as learning analytics, Al in education, educa-|
tional data mining, and educational technology communities (Adams et al.}[2021}|Pardo and Siemens}|2014). There are
ongoing debates regarding Al ethics in education with a mixture of focuses on algorithmic and human ethics among
educational data mining and Al in education communities . As such debates
continue, it is difficult to identify an established definition of ethical Al from these fields. Whereas, ethicality has|
already been thoroughly investigated and addressed in a closed field to Al in education, namely, the field of learning
Wens&ﬁlﬁm. Drawing on the established definition of ethicality from the field
|of learning analytics (Pardo and Siemens,|2014), the ethicality of LLMs-based innovations can thus be defined as the|
systematisation of appropriate and inappropriate functionalities and outcomes of these innovations, as determined by ‘
all stakeholders (e.g., students, teachers, parents, and institutions). For example,[Khosravi et al(2022) explained that
the ethicality of Al-powered educational technology systems needs to involve the consideration of accountability, ex-

plainability, fairness, interpretability, and safety of these systems. These different domains of ethical Al are all closely

related and can be addressed by considering system transparency. Transparency is a subset of ethical Al that involves

making all information, decisions, decision-making processes, and assumptions available to stakeholders, which in turn
enhances their comprehension of the Al systems and related outputs (Chaudhry et al.,[2022). Additionally, for LLMs-
based innovations, Weidinger et al. (2021) suggested six types of ethical risks, including 1) discrimination, exclusion,

and toxicity, 2) information hazards, 3) misinformation harms, 4) malicious uses, 5) human-computer interaction harms,

and 6) automation, access, and environmental harms. These risks can be further aggregated into three fundamental

ethical issues, such as privacy concerns regarding educational stakeholders’ personal data, equality concerns regard-

ing the accessibility of stakeholders with different backgrounds, and beneficence concerns about the potential harms

and negative impacts that LLMs-based innovations may have on stakeholders (Ferguson et al.,|2016). These three|
fundamental ethical issues were considered in the analysis of the reviewed literature. Further details were available|
in Section|3.2]

|2.3 | Related Work

Prior systematic reviews have focused primarily on reviewing a specific application scenario (e.g., question generation,

automated feedback, chatbots and essay scoring) of natural language processing and LLMs. For example, |Kurdi et al.
]2020b have systematically reviewed empirical studies that aimed to tackle the problem of automatic question gener-l

ation in educational domains. They comprehensively summarised the different generation methods, generation tasks,

and evaluation methods presented in prior literature. In particular, LLMs could potentially benefit the semantic-based
|approaches for generating meaningful questions that are closely related to the source contents. Likewise,|Cava cantil
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|[etal](2021) have systematically reviewed different automated feedback systems regarding their impacts on improving
students’ learning performances and reducing teachers’ workloads. Despite half of their reviewed studies showing
no evidence of reducing teachers’ workloads, as these automated feedback systems were mostly rule-based and

required extensive manual efforts, they identified that using natural language generation techniques could further
enhance such systems’ generalisability and potentially reduce manual workloads. On the other hand, Im:
1(2021) have systematically reviewed areas of education where chatbots have already been applied. They concluded|
that there is still much to be done for chatbots to achieve their full potential, such as making them more adaptable
to different educational contexts. A systematic review has also investigated the various automated essay scoring sys-
tems (Ramesh and Sanampudi}[2022). The findings have revealed multiple limitations of the existing systems based on
traditional machine learning (e.g., regression and random forest) and deep learning algorithms (e.g., LSTM and BERT).
In sum, these previous systematic reviews have identified room for improvement that can be potentially addressed
using state-of-the-art LLMs (e.g., GPT-3 or Codex). However, none of the prior systematic reviews has investigated

the practical and ethical issues related to LLMs-based innovations in education generally rather than particularly (e.g.,
limited to a specific task).]

| The recent hype around one of the latest LLMs-based innovations, ChatGPT, has intensified the discussion about |
the practical and ethical challenges related to using LLMs in education. For example, in a position paper,|Kasneci et al.
(2023) provided an overview of some existing LLMs research and proposed several practical opportunities and chal-
lenges of LLMs from students’ and teachers’ perspectives. Likewise, Rudolph et al](2023) also provided an overview
of the potential impacts, challenges, and opportunities that ChatGPTmigTw:onfuture educational practices. Al-
| though these studies have not systematically reviewed the existing educational literature on LLMs, their arguments |
| resonated with some of the pressing issues around LLMs and ethical Al, such as data privacy, bias, and risks. On thel

|other hand, |Sallam|(2023) systematically reviewed the implications and limitations of ChatGPT in healthcare educa-|

tion and identified potential utility around personalisation and automation. However, it is worth noting that most
papers reviewed in Sallam’s study were either editorials, commentaries, or preprints. This lack of peer-reviewed em-
pirical studies on ChatGPT is understandable as it has only been released since late 2022 (OpenAl, [2023). None of
the existing work has systematically reviewed the peer-reviewed literature on prior LLMs-based innovations. Such|
investigations could provide more reliable and empirically-based evidence regarding the potential opportunities and
challenges of LLMs in educational practices. Thus, the current study aimed to address this gap in the literature by
conducting a systematic scoping review of prior educational research on LLMs. Specifically, the following research
| questions were investigated to guide this review:|

e | RQ1: What is the current state of research on using LLMs to automate educational tasks, specifically through thel

lens of educational tasks, stakeholders, LLMs, and machine-learning tasksFI?l

e | RQ2: What are the practical challenges of LLMs in automating educational tasks, specifically through the lens of|

technological readiness, model performance, and model replicability?l

e | RQ3: What are the ethical challenges of LLMs in automating educational tasks, specifically through the lens of|
| system transparency, privacy, equality, and beneficence?|

1Such as classification, prediction, clustering, etc
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[3 | METHODS

A systematic scoping review was conducted in this study as this method has been frequently used in emerging and

rapidly evolving research areas to scope a body of literature and identify the key concepts, methods, evidence, and
challenges (Munn et al}[2018). Consequently, the quality of the included studies was often not assessed as the aim
is to provide a boarder picture of an emerging field.

|3.1 | Review Proceduresl

We followed the PRISMA (Page et al., [2021) protocol to conduct the current systematic scoping review of LLMs.
We searched four reputable bibliographic databases, including Scopus, ACM Digital Library, IEEE Xplore, and Web

of Science, to find high-quality peer-reviewed publications. Additional searches were conducted through Google

Scholar and Education Resources Information Center (ERIC) to identify peer-reviewed publications that have yet to

be indexed by these databases, either recently published or not indexed (e.g., Journal of Educational Data Mining; prior|

to 2020). Our initial search query for the title, abstract, and keywords included terms such as "large language model",

"pre*trained language model", "GPT-*", "BERT", "education", "student™®", and "teacher*". A publication year constraint
was also applied to restrict the search to studies published since 2017, specifically from 01/01/2017 to 12/31/2022,
as the foundational architecture (Transformer) of LLMs was formally released in 201ﬂmm
peer-reviewed publications were considered to enhance the scientific credibility of this review. The initial database

search was conducted by two researchers independently. Any discrepancies between the search results were resolved

through further discussion or consulting the librarian for guidance.l

ITwo researchers independently reviewed the titles and abstracts of eligible articles based on five predetermined

inclusion and exclusion criteria. First, we included studies that used large or pre-trained language models directly or

built on top of such models, and excluded studies that used general machine-learning or deep-learning models with

unspecified usage of LLMs. Second, we included empirical studies with detailed methodologies, such as a detailed

description of the LLMs and research procedures, and excluded review, opinion, and scoping works. Third, we only

included full-length peer-reviewed papers, and excluded short, workshop, and poster papers that were less than six

and eight pages for double- and single-column layouts, respectively. Additionally, we included studies that used LLMs

for the purpose of automating educational tasks (e.g., essay grading and question generation), and excluded studies|

that merely used LLMs as part of the analysis without educational implications. Finally, we only included studies

that were published in English (both the abstract and the main text) and excluded studies that were published in

other languages. Any conflicting decisions were resolved through further discussion between the two researchers or

consulting with a third researcher to achieve a consensus

|The database search initially yielded 854 publications, with 191 duplicates removed, resulting in 663 publicationsl

for the title and abstract screening (see Figure. After the title and abstract screening, 197 articles were included for

the full-text review with an inter-rater reliability (Cohen’s kappa) of 0.75, indicating substantial agreement between

the reviewers during the title and abstract screening. A total of 118 articles were selected for data extraction after the

full-text review with an inter-rater reliability (Cohen’s kappa) of 0.73, indicating substantial agreement between the

reviewers during the full-text review. Out of the initial 197 articles, 79 were excluded for various reasons, including not

full paper|(n=41), lack of educational automation|(n=17), lack of pre-trained or LLMs (n=12), merely using pre-trained

or LLMs as part of the analysis|(n=3|, non-English paper|(n=2J, and non-empirical paperl(n=2l]




|

Database search Title and abstract screen Full-text screen Included for extraction
Included (n=854) I (n=663) (n=197) | (n=118)
1 I
| Duplicates removed Irrelevant removed | Excluded with reasons
Excluded (n=191) (n=466) (n=179)

| FIGURE 1 Systematic scoping review process following the PRISMA protocol.l

|3.2 | Data Analysis

For the first research question (RQ1), we conducted an inductive thematic analysis to extract information regarding the

current state of research on using LLMs to automate educational tasks. Specifically, we extracted four primary types

of contextual information from each included paper: educational tasks, stakeholders, LLMs, and machine-learning

tasks. This contextual information would provide a holistic view of the existing research and inform researchers and

| practitioners regarding the viable directions to explore with the state-of-the-art LLMs (e.g., GPT-3.5 and Codex). A|

total of seven data extraction items were developed to address the second and third research questions. These items|

were developed as they are directly related to the definition of practicality (RQ2: Item 1-3) and ethicality (RQ3: ltem

4-7), as defined in the Background section (Section. The following list elaborates on the final set of items along with

the corresponding guiding questions. For the thematic analysis and Items, two researchers independently coded 20

| random samples of the included studies. Any conflicts were resolved through further discussion or consulting a third|

researcher. After reaching a Cohen’s kappa of more than 0.80 (indicating almost perfect agreement), each researcher

coded half of the remaining 98 studies (49 studies each) and cross-checked each other’s work. The database of the

studies included in this review and the extracted data for each item are available in the supplementary document.l

| 1. Technology readiness What levels of technology readiness are the LLMs-based innovations at? We adopted the

| assessment tool from the Australian government, namely the Australian Department of Defence’s Technology
Readiness Levels (TRL) (Science and Group), which has been used to assess the maturity of educational technolo-
gies in prior SLR (Yan et al}[2022). There are nine different technological readiness levels: Basic Research (TRL-1),
Applied Research (TRL-2), Critical Function or Proof of Concept Established (TRL-3), Lab Testing/Validation of
Alpha Prototype Component/Process (TRL-4), Laboratory Testing of Integrated/Semi-Integrated System (TRL-5),

Prototype System Verified (TRL-6), Integrated Pilot System Demonstrated (TRL-7), System Incorporated in Com-

mercial Design (TRL-8), and System Proven and Ready for Full Commercial Deployment (TRL-9), further explained

in the Result section.|

|2. Performance: How accurate and reliable can the LLMs-based innovations complete the designated educational

|tasks? For example, what are the model performance scores for classification (e.g., AUC and F1 scores), generation

| (e.g., BLEU score), and prediction tasks (e.g., RMSE and Pearson’s correlation)?l

|3. Replicability: Can other researchers or practitioners replicate the LLMs-based innovations without additional

| support from the original authors? This item evaluates whether the paper provided sufficient details about the

|LLMs (e.g., open-sourced algorithms) and the dataset (e.g., open-source data).l
|4. ]| Transparency: What tiers of transparency index (Chaudhry et al.,|2022) are the LLMs-based innovations at? The
transparency index proposed three tiers of transparency, including transparent to Al researchers and practitioners

(Tier 1), transparent to educational technology experts and enthusiasts (Tier 2), and transparent to educators
|and parents (Tier 3). The tier of transparency increases as educational stakeholders become fully involved in

|developing and evaluating the Al system. These tiers were further elaborated on in the Results section.|




[

|5. Privacy: Has the paper mentioned or considered privacy issues of their innovations? This item explores poten-l

|tial issues related to informed consent, transparent data collection, individuals' control over personal data, and|

| Equality: Has the paper mentioned or considered equal access to their innovations? This item explores poten-|

|tial issues related to limited access for students from low-income backgrounds or rural areas and the linguistic|

|limitation of the innovations, such as their capability to analyse different languages (Ferguson et al.,[2016)]

|Beneficence: Has the paper mentioned or considered potential issues that violate the ethical principle of benef-

icence? Such violations may include the risks associated with labelling and profiling students, inadequate usage

of machine-generated content for assessments, and algorithmic biases (Ferguson et al.} 2016} [Zawacki-Richte

et al} [2019).

[4 | RESULTS|

| 4.1 | The Current State — RQ1|

We identified nine different categories of educational tasks that prior studies have attempted to automate using
LLMs (as shown in Table . Prior studies have used LLMs to automate the profiling and labelling of 17 types of
education-related contents and concepts (e.g., forum posts, student sentiment, and discipline similarity), the detection

of six latent constructs (e.g., confusion and urgency), the grading of five types of assessments (e.g., short answer

questions and essays), the development of five types of teaching support (e.g., conversation agent and intelligent

question-answering), the prediction of five types of student-orientated metrics (e.g., dropout and engagement), the

construction of four types of knowledge representations (e.g., knowledge graph and entity recognition), the provision

of four different forms of feedback (e.g., real-time and post-hoc feedback), the generation of four types of content (e.g.,

MCQs and open-ended questions), and the delivery of three types of recommendations (e.g., resource and course).

Of the 118 reviewed studies, 85 studies aimed to automate educational tasks related to teachers (e.g., question

grading and generation), 54 studies targeted student-related activities (e.g., feedback and resource recommendation),

| 20 studies focused on supporting institutional practices (e.g., course recommendations and discipline planning), and |

| 14 studies empowered researchers with automated methods to investigate latent constructs (e.g., student confusion)|

| and capture verbal data (e.g., speech recognition).|

|We identified five categories of LLMs used in prior studies to automate educational tasks. BERT and its varia-|
[tions (e.g., RoOBERTa, DistilBERT, multilingual BERT, LaBSE, EstBERT, and Sentence-BERT) were the most predominant |
model used in 109 reviewed studies. However, they often required manual effort for fine-tuning (n=90). GPT-2 and

GPT-3 have been used in five and three studies, respectively. Specifically, GPT-2 and GPT-3 have performed better

than BERT-based models in content generation and evaluation tasks, such as generating university math problems

(Drori et al.}[2022) and evaluating the quality of student-generated short answer questions (Moore et al.}[2022). Ope-.

nAl’s Codex has been used in two prior studies, specifically for code generation tasks. T5 has also been used in two

prior studies for classification and generation purposes. In terms of machine-learning tasks, 74 studies used LLMs to

perform classification tasks. Generation and prediction tasks were investigated in 24 and 23 prior studies, respectively.

| In'sum, LLMs-based innovations have already been used to automate a range of educational tasks, but most of these|

innovations were developed on older models, such as BERT and GPT-2. Although state-of-the-art models, such as
GPT-3, have been introduced for over two years (Brown et al.|[2020), they have yet to be widely applied to automate

educational tasks. A potential reason for this lack of adoption could be these models’ commercial and close-sourced

nature, increasing the financial burdens of developing and operating educational technology innovations on top of
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such models.

|TABLE 1 Educational Tasks in LLMs Researchl

Categories Educational Tasks

Profiling and Labelling Forum post classification, dialogue act classification, classification of learn-
ing designs, review sentiment analysis, topic modelling, pedagogical classifi-
cation of MOQC:s, collaborative problem-solving modelling, paraphrase qual-
ity, speech tagging, labelling educational content with knowledge components,
key sentence and keyword extraction, reflective writing analysis, multimodal
representational thinking, discipline similarity, concept classification, cognitive
level classification, essay arguments segmentation

Detection Semantic analyses, detecting off-task messages, confusion detection, urgency

detection, conversational intent detection, teachers’ behaviour detection

Assessment and Grading =~ Formative and summative assessment grading, short answer grading, essay
grading, subjective question grading, student self-explanation

Teaching Support Classroom teaching, learning community support, online learning conversation
agent, intelligent question-answering, teacher activity recognition

Prediction Student performance prediction, student dropout prediction, emotional and
cognitive engagement detection, growth and development indicators for col-
lege students, at-risk student identification

Knowledge Representa- Knowledge graph construction, knowledge entity recognition, knowledge trac-

tion ing, cause-effect relation extraction

Feedback Real-time feedback, post-hoc feedback, aggregated feedback, feedback on

feedback (peer-review comments)

Content Generation MCQs generation, open-ended question generation, code generation, reply
(natural language) generation

Recommendation English reference selection and recommendation, resource recommendation,

course recommendation

4.2 | Practical Challenges — RQ2

421 | Technology readiness

According to the Technology Readiness Level scale (Science and Group), the LLMs-based innovations are still in thel
early development and testing stage. Over three-quarters of the LLMs studiesl(n=8§|D are in the applied research stage
(TRL-2), which aims to experiment with the capability of LLMs in automating different educational tasks by develop-

ing different models and combining LLMs with other machine-learning and deep-learning techniques (e.g., RCNN
(Shang et al.,[2022)). Thirteen studies have established a proof of concept and demonstrated the feasibility of using
LLMs-based innovations to automate certain processes of educational tasks (TRL-3). Nine studies have developed

functional prototypes and conducted preliminary validation under controlled laboratory settings (TRL-4), often invoIv—|
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| ing stakeholders (e.g., students and teachers) to test and evaluate the output of their innovations. Only seven studies|
have taken a further step and conducted validation studies in authentic learning environments, with most functional
components integrated into the educational tasks (TRL-5), such as an intelligent virtual standard patient for medi-

cal students training ﬂSong et al|[2022) and an intelligent chatbot for university admission (Nguyen et al. Yet
. none of the existing LLMs-based innovations has been verified through successful operations (TRL-6). Together, these
findings suggest although existing LLMs-based innovations can be used to automate certain educational tasks, they
have yet to show evidence regarding improvements to teaching, learning, and administrative processes in authentic

educational practices.l

4.2.2 | Performance

The performance of LLMs-based innovations varies across different machine-learning and educational tasks. For clas-

sification tasks, LLMs-based innovations have shown high performance for simple educational tasks, such as modelling
the topics from a list of programming assignments (besﬂIFl = 0.95) (Fonseca et al}[2020), analysing the sentiment of
student feedback (best|F1 = 0.94) (Truong et al.||[2020), constructing subject knowledge graph from teaching mate-

[rials (besEIFl = 0.91 ﬂSu and Zhang[ 20205, and classifying educational forum posts dSha et al.[ 2022c§ (bestlFl =

|0.92). However, the classification performance of LLMs-based innovations decreases for other educational tasks. For|

| example, the F1 scores for detecting student confusion in the course forum (Geller et al.}|2021) and students’ off-task|
messages in game-based collaborative learning QCareenter et al.l 2020p are around 0.77 and 0.67, respectively. Like-
wise, the F1 score for classifying short-answer responses varies between 0.61 to 0.82, with the lower performance on
(Condor et al][2021). Similar performances were also observed in classifying
(Ghosh et al}[2020).

|For prediction tasks, LLMs-based innovations have demonstrated reliable performance compared to ground truth
or human raters. For example, LLMs-based innovations have achieved high scores of quadratic weighted kappa (QWK)
| in essay scoring, specifically for off-topicl(QWK = O.Sd, gibberishl(QWK = 0.80|, and paraphrased answers (QWIE
0.94), indicating substantial to almost perfect agreements with human raters ‘
| performances on essay scoring have been observed in several other studies (e.g., 0.80 QWK in (Beseiso et al.}|[2021)
and 0.81 QWK in (Sharma et al}[2021)). Likewise, LLMs-based innovations’ performances on automatic short-answer
|mith human ratings (Pearson’s correlation between 0.75 to 0.82) m
[2022} [Sawatzki et al}[2022) ]

|Regarding generation tasks, LLMs-based innovations demonstrated high performance across different educa-|
tional tasks. For example, LLMs-based innovations have achieved an F1 score of 0.92 for generating MCQs with|
single-word answers (Kumar et al.} . Educational technologies developed by fine-tuning Codex also demon-
strated the capability m the advanced mathematics problems m'
generated using BERT had no significant differences compared with student-generated summaries and can not be
differentiated by graduate students 1Merine and Purkayastha[ _. Similarly, BERT-generated doctor-patient dia-|
logues were also found to be indistinguishable from actual doctor-patient dialogues, which can be used to create
virtual standard patients for medical students’ diagnosis practice training (Song et al.,[2022). Additionally, for intro-
ductory programming courses, the state-of-the-art LLMs, Codex, could generate sensible and novel exercises for

out-of-sample questions (bestF1=0.6

students’ argumentative essays (besfF1 = 0.6

students along with an appropriate sample solution (around three out of four times) and accurate code explanation

[67‘yqaccuracy) (Sarsa et al.| 2022b.|

|In sum, although the classification performance of LLMs-based innovations on complex educational tasks is far

Ifrom suitable for practical adoption, LLMs-based innovations have already shown high performance on several rel-
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| atively simple classification tasks that could potentially be deployed to automatically generate meaningful insights|
that could be useful to teachers and institutions, such as navigating through numerous student feedback and course|
review. Likewise, LLMs-based innovations’ prediction and generation performance reveals a promising future of po-

tentially automating the generation of educational content and the initial grading of student assessments. However,

ethical issues must be considered for such implementations, which we covered in the findings for RQ3.|

4.2.3 | Replicability

| Most reviewed studies [n=107) have not disclosed sufficient details about their methodologies for other researchersl

|and practitioners to replicate their proposed LLMs-based innovations. Among these studies, 12 studies have open-|

| sourced the original code for developing the innovations but failed to open-source the data they used. In contrast, 20|

| studies have open-sourced the data they used but failed to release the actual code. Around two-thirds of the reviewed|
| studies|(n=75) have failed to release both the original code and the data they used, leaving only 11 studies publicly|
| available for other researchers and practitioners to replicate without needing to contact the original authors. This|

lack of replicability could become a vital barrier to adoption, as 87 out of the 107 non-replicable studies required fine-|

tuning the LLMs to achieve the reported performance. This replication issue also limits others from further evaluating

the generalisability of the proposed LLMs-based innovations in other datasets, constraining potential practical utilities.

4.3 | Ethical Challenges — RQ3

43.1 | Transparency

|Based on the transparency index and the three tiers of transparency (Chaudhry et al.,[2022), most of the reviewed|

| study reached at-most Tier 1|(n=109), which is merely considered transparent to Al researchers and practitioners
Although these studies reported details regarding their machine learning models (e.g., optimisation and hyperparam-
eters), such information is unlikely to be interpretable and considered transparent for individuals without a strong

background in machine learning. For the remaining nine studies, they reached at-most Tier 2 as they often involved|

some form of human-in-the-loop elements. Specifically, making the LLMs innovations available for student evaluation|
has been found in three studies (Nguyen et al,|2021}|Song et al.}, 2022} |Merine and Purkayasthal}|2022). Such evalua-
tions often involved students differentiating Al-generated from human-generated content (Song et al}[2022

|and Purkayastha[ 2022b and assessing student satisfaction with Al-generated responses nguyen et al‘[ 20215‘ Like-|

| wise, two studies have involved experts in evaluating specific features of the content generated by the LLMs-based |

innovations, such as informativeness 1Maheen et aI.[ 2022! and cognitive level gMoore et aI.[ 2022!. Surveys have been|

used to evaluate students’ experience with LLMs-based innovations from multiple perspectives, such as the quality|
|and difficulty of Al-generated questions gDrori et aI.[ 2022t Li and Xingl 2021p and potential learning benefits of the|
systems (Jayaraman and Black} [2022). Finally, semi-structured interviews have been conducted to understand stu-
dents’ perception of the LLM system after using the system in authentic computer-supported collaborative learning
‘mheng et al., m Although these nine studies had some elements of human-in-the-loop, stakeholders
were often involved in a post-hoc evaluation manner instead of throughout the development process, and thus, have

limited knowledge regarding the operating principle and potential weakness of the systems. Consequently, none

of the existing LLMs-based innovations can be considered as being at Tier 3, which describes an Al system that is

considered transparent for educational stakeholders (e.g., students, teachers, and parents).l
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4.3.2 | Privacy

| The privacy issues related to LLMs-based innovations were rarely attended to or investigated in the reviewed studies. |

|Specifically, for studies that have fine-tuned LLMs with textual data collected from students, none of these studies|

has explicitly explained their consenting strategies (e.g., whether students acknowledge the collection and intended

usage of their data) and data protection measures (e.g., data anonymisation and sanitisation). This lack of attention

to privacy issues is particularly concerning as LLMs-based innovations work with stakeholders’ natural languages that

may contain personal and sensitive information regarding their private lives and identities (Brown et al)|2022). It
is possible that stakeholders might not be aware of their textual data (e.g., forum posts or conversations) on digital
platforms (e.g., MOOCs and LMS) being used in LLMs-based innovations for different purposes of automation (e.g.,
automated reply and training chatbots) as the consenting process is often embedded into the enrollment or signing up
. This process can hardly be considered informed consent. Consequently,
Wﬂmeh’mmalirﬁormation on these platforms in natural language (e.g., sharing phone numbers
and addresses with group members via digital forums), such information could be used as training data for fine-tuning
LLMs. This usage could potentially expose private information as LLMs are incapable of understanding the context and
sensitivity of text, and thus, could return stakeholders’ personal information based on semantic relationships (Brown

|let al}[2022

4.3.3 | Equality

Although most of the studies (n=95) used LLMs that only apply to English content, we also identified applicatio

scenarios of LLMs in automating educational tasks in 12 other languages. Specifically, 19 studies used LLMs that

can be applied to Chinese content. Ten prior studies used LLMs for Vietnamese (n=3], Spanish [(n=3} Italian|(n=2),

and German|(n=2] contents. Additionally, seven studies applied LLMs to Croatian, Indonesian, Japanese, Romanian,

Russian, Swedish, and Hindi content. While the dominance of English-based innovations remains a concerning equality|

issue, the availability of innovations that support a variety of other languages, specifically in non-western, educated,
industrialized, rich and democratic (WEIRD) societies (e.g., Indonesia and Vietnam), may indicate a promising sign
for LLMs-based innovations to have potential global impacts and levels such equality issues in the future. However,
the financial burdens from adopting the state-of-the-art models (e.g., OpenAl’'s GPT-3 and Codex) could potentially!
exacerbate the equality issues, making the best-performing innovations only accessible and affordable to WEIRD

societies.

434 | Beneficence

| A total of seven studies have discussed potential issues related to the violation of the ethical principle of beneficence.|
| For example, one study has discussed the potential risk of adopting underperforming models, which could negatively|
affect students’ learning experiences (Li and Xing [2021). Such issues could be minimised by deferring decisions|
made by such models (Schneider et al)}[2022) and labelling the Al-generated content with a warning message (e.g.,
teachers’ manual revision is mandatory before determining the actual correctness) (Angelone et al}[2022). Apart from
issues with adopting inaccurate models, two studies have suggested that potential bias and discrimination issues may

occur if adopting a model that is accurate but unfair _2021 Merine and Purkayastha - This issue is|

particularly concerning as most existing studies focused solely on developing an accurate model. Only nine reviewed

studies released information regarding the descriptive data of different sample groups, such as gender and ethicality
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|(e.g., (Pugh et al] [2027)). Two studies have proposed potential approaches that could address such fairness issues.l
|Specifically, using sampling strategies, such as balancing demographic distribution, has been found as an effective|

approach to improve both model fairness and accuracy (Sha et al) [2022bfa). These approaches are essential for

ensuring that LLMs-based innovations will not perpetuate problematic and systematic biases (e.g., gender biases),|

|especially as the best-performing LLMs are often black-boxed with little interpretability, traceability, and justification

[of the results 2022)]

|5 | DISCUSSION|

5.1 | Main Findings

|The current study systematically reviewed 118 peer-reviewed empirical studies that used LLMs to automate educa-|

| tional tasks. For the first research question (RQ1), we illustrated the current state of educational research on LLMs.|

|Specifically, we identified 53 types of application scenarios of LLMs in automating educational tasks, summarised into|

|nine general categories, including profiling and labelling, detection, assessment and grading, teaching support, predic-|

tion, knowledge representation, feedback, content generation, and recommendation. While some of these categories

resonate with the utilities proposed in prior positioning works (e.g., feedback, content generation, and recommen-
dation) (Kasneci et al.| [2023} [Rudolph et al [2023), novel directions such as using LLMs to automate the creation
of knowledge graph and entity further indicated the potential of LLMs-based innovations in supporting institutional

|practices (e.g., creating knowledge-based search engines across multiple disciplines). These identified directions could
benefit from the state-of-the-art LLMs (e.g., GPT-3 and Codex) as most of the reviewed studies|(92%) focused on us-
ing BERT-based models, which often required manual effort for fine-tuning. Whereas, the state-of-the-art LLMs could
potentially achieve similar performance with a zero-shot approach (Bang et al}}[2023). While the majority of the re-
viewed studies|(63%) focused on using LLMs to automate classification tasks, there could be more future studies
that aimed to tackle the automation of prediction and generation tasks with the more capable LLMs QSaIIam[ 2023!.
Likewise, although supporting teachers are the primary focus|k72%| of the existing LLMs-based innovations, students
and institutions could also benefit from such innovations as novel utilities could continue to emerge from the educa-|

tional technology literature. Together, the findings of the first research question could spark educational researchers

with ideas of exploring the potential of state-of-the-art LLMs in augmenting educational practices, specifically, the

identified 53 types of application scenarios may all worth to re-explore in the light of ChatGPT and other powerful
generative Al models (Kasneci et al 2023b.|

|Regarding the second research question (RQ2), we identified several practical challenges that need to be ad-|

| dressed for LLMs-based innovations to have actual educational benefits. The development and educational research |

| on LLMs-based innovations are still in the early stages. Most of the innovations demonstrated a low level of technol-|

ogy readiness, where the innovations have yet to be fully integrated and validated in authentic educational contexts.

This finding resonates with previous systematic reviews on related educational technologies, such as reviews on au-
tomated question generation , feedback provision (Cavalcanti et al.}[2021), essay scoring
1Wo||ny et al.l 2021p. There is a pressing need for in-the-wild studies that
Imnnovations directly to educational stakeholders for supporting actual educational tasks instead
| of testing on different datasets or in laboratory settings. Such authentic studies could also validate whether the exist-

ing innovations can achieve the reported high model performance in real-life scenarios, specifically in prediction and

generation tasks, instead of being limited to prior datasets. This validation process is vital for preventing inadequate

usage, such as adopting a subject-specific prediction model for unintended subjects. Researchers need to carefully
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examine the extent of generalisability of their innovations and inform the limitations to stakeholders (Gasevic et al.|
:m. However, addressing such needs could be difficult considering the current literature’s poor replicability, which
increases the barriers for others to adopt LLMs-based innovations in authentic educational contexts or validate with
different samples. Similar replication issues have also been identified in other areas of educational technology research
|(Yan et al.,[2022).
| For the third research question (RQ3), we identified several ethical challenges regarding LLMs-based innovations.|
| In particular, most of the existing LLMs-based innovations|(92%) were only transparent to Al researchers and prac-|
titioners (Tier 1), with only nine studies that can be considered transparent to educational technology experts and
enthusiasts (Tier 2). The primary reason behind this low transparency can be attributed to the lack of human-in-the-|
loop components in prior studies. This finding resonates with the call for explainable and human-centred Al, which
stresses the vital role of stakeholders in developing meaningful and impactful educational technology
2022;Yang et al.;|2021). Involving stakeholders during the development and evaluation of LLMs-based innovations is
m both practical and ethical issues. For example, as the current findings revealed, LLMs-based|
|innovations are subject to data privacy issues but were rarely mentioned or investigated in the literature
m, which may be due to the little voice that stakeholders had in prior research. Them

| concerning issues around beneficence also demand the involvement of stakeholders as their perspectives are vital |

for shaping the future directions of LLMs-based innovations, such as how responsible decisions can be made with
these Al systems (Schneider et al}[2022). Likewise, the equality issue regarding the financial burdens that may occur
when adopting innovations that leverage commercial LLMs (e.g., GPT-3 and Codex) can also be further studied with
institutional stakeholders.l

5.2 | Implications

|The current findings have several implications for education research and practice with LLMs, which we have sum-|
marised into three recommendations that aim to support future studies to develop practical and ethical innovations|
that can have actual benefits to educational stakeholders. First, the wide range of application scenarios of LLMs-basedl
innovations can further benefit from the improvements in the capability of LLMs. Updating existing innovations withl

state-of-the-art LLMs may further reduce the amount of manual effort required for fine-turning and achieve similar
[‘performances (Bang et al.[2023). Considering the 53 identified use cases of LLMs in education, there are multiple
| research trajectories that could foster the development of practical educational technologies. These avenues have|
| the potential to address some of the pressing challenges that plague the global education system. Particularly, the|
| use cases involving teaching support, assessment and grading, feedback, and content generation categories (Table

could act as catalysts for the development of educational technologies that could alleviate teachers’ workload

and mental stress by automating the laborious tasks associated with creating, evaluating, and providing feedback for
student assessments (Carroll et al.,[2022). Similarly, further exploration of the use cases in profiling and labelling, de-
tection, prediction, and recommendation could lead to the development of educational technologies that can deliver]

personalised learning support for each student across various disciplines (Wollny et al.,|2021). Such improvements

could enhance the overall well-being of teachers and increase students’ learning opportunities, thereby contributing
to the achievement of SDG 4 by 2030 . Nonetheless, researchers should also be mindful of the po-
tential financial and resource burdens that could be imposed on educational stakeholders when innovating with the
commercial LLMs (e.g., GPT-3/4 and ChatGPT).I

|The unrivalled natural language generation capabilities exhibited by ChatGPT and other cutting-edge LLMs (e.g.,l

| LLaMA and PalLM 2) might also inspire future studies to delve into a broader spectrum of research directions. Thesel
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|include comparisons between the quality of student-generated and ChatGPT-generated writings (Li et al.}[2023) and

|evaluating these LLMs’ capability to tackle educational assessments !Gilson et al.[-. Such explorations would not |

only unveil the potential of LLMs and generative Al models in educational content generation and evaluation tasks but

also expose the possible threats that these models pose to academic integrity, a pervasive issue across the education
sector (Kasneci et al}[2023). Intriguingly, leveraging the use cases of LLMs in tasks such as creating knowledge repre-]

: sentation ]Zhené et al.[ 2023b and classifying cognitive levels dLiu et al‘[ 2022b could potentially facilitate the transition|

from outcome-focused to process-focused assessments. Here, LLMs and generative Al models could be employed
for learning assessments in a manner similar to learning analytics (GaSevi€ et al}[2022). Consequently, future studies
may begin to explore methods of addressing the potential threats of LLMs with LLMs-based solutions.l

|For LLMs-based innovations to achieve a high level of technology readiness and performance, the current report-|

ing standards must be improved. Future studies should support the initiative of open-sourcing their models/systems

when possible and provide sufficient details about the test datasets, which are essential for others to replicate and

validate existing innovations across different contexts, preventing the potential pitfall of another replication crisis
(Maxwell et al [2015). This initiative is particularly vital in the era of generative Al models as most of these models
especially the commercial ones (e.g., ChatGPT and the GPT series), are proprietary. Thus, when using these LLMs
for augmenting educational practices, such as scoring student essays m
time feedback GZheng et al}[2022), or generating questions for learning activities (Sarsa et al|[2022), researchers need
to be systematic and transparent about the reporting of the model usage and prompts . For example, when
using the ChatGPT API for question generation at scale, researchers should at least report the exact models, prompts,

and model temperature used in the process, as different models may differ in their ability to generate accurate and
reliable content and the prompts are essential for others to replicate the same or similar results (Kasneci et al}[2023),

| Apart from the aforementioned technical and methodological details, researchers and educational policymakers|

should also consider the potential wider impacts of LLMs-based solutions on different stakeholders. For example, in

terms of detection and academic integrity, some institutions have rapidly adopted Al-detection tools that claim to

have high accuracy and a low false positive rate. Yet, as disclosed in a recent report by Turnitin, a company whose|

Al-detection function has been utilised on more than 38.5 million student submissions, the real-world performance

of their solution resulted in a significantly higher occurrence of false positives compared to their laboratory findings
HChechiteIIi[ 2023b. Such negligence can be devastating for students who have been falsely accused of academic
| misconduct, as well as for educators who must handle the repercussions. This example reinforced the importance of |

|conducting rigorous scientific studies with key stakeholders when adopting any LLMs-based solutions that have direct|

| or indirect impacts on students, educators, and other stakeholders. Likewise, the reporting of such studies should aIso|

| adhere to high standards, incorporating both methodological specifics and detailed data descriptions. These details

are especially pertinent when considering the diverse cultural backgrounds of students and the fact that most LLMs

are primarily trained on English datasets, which could potentially introduce biases towards non-native English students
(Liang et al.,[2023)

|Adopting a human-centred approach when developing and evaluating LLMs-based innovations are essential for

ensuring these innovations remain ethical in practice, especially as ethical principles may not guarantee ethical Al due
to their top-down manners (e.g., developed by regulatory bodies) (Mittelstadt}|2019). Future studies need to consider
the ethical issues that may arise from their specific application scenarios and actively involve stakeholders to identify!

and address such issues. Specifically, LLM-based innovations should aim to reach at least Tier 3 in the transparency

index and TRL-7 in technology readiness. This involves a fully functional system being integrated into authentic

learning environments and validated by students and educators in terms of its practicality and ethical considerations.

For any decisions made by the LLM-based innovations, the relevant stakeholders should be informed about how|
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|the decision was reached, as well as the potential risks and biases involved. For instance, when students receive an

assessment that has been automatically graded, these grades should be accompanied by a warning message indicating
that they have been graded by LLMs and Al dAngelone et all[2022). Students should also have the opportunity to
consult their teacher regarding any concerns.|

|The active involvement of stakeholders should also extend beyond the education sector, also involving policymak-

ers and industry companies to establish the guidelines for adopting LLMs-based innovations in learning and teaching

practices, as such adoptions could have broader implications on society beyond the education sector. For example,

| human-Al collaboration might become an essential skill for students to succeed in the job market as Al solutions beq
come an integral component of productivity in the industrial sector 1Wan; et al.l -2020. Therefore, institutions that
aim to prohibit Al tools could inadvertently place their students at a disadvantage compared to other institutions that

proactively welcome such changes. This could be achieved by consistently refining their policy regarding the use of|

LLMs and generative Al solutions, based on stakeholder feedback and empirical evidence.l

| 5.3 | Limitations

| The current findings should be interpreted with several limitations in mind. First, although we assessed the prac-|

ticality and ethicality of LLMs-based innovations with seven different items, there could be other aspects of these

multi-dimensional concepts that we omitted. Nevertheless, these assessment items were chosen directly from the

corresponding definitions and related to the pressing issues in the literature (Adams et al., |2021} Weidinger et al.|

L——
2021). Second, we only included English publications, which could have biased our findings regarding the availability

of LLMs-based innovations among different countries. Thirdly, as we strictly followed the PRISMA protocol and only

included peer-reviewed publications, we may have omitted the emerging works published in different open-sourced

[archives. These studies may contain interesting findings regarding the latest LLMs (e.g., ChatGPT). Additionally, this|

review focused on the potential of LLMs-based innovations in automating educational tasks, and thus, other pressing

issues, such as the potential threat to academic integrity, were outside of the scope of this systematic scoping review.

We briefly touched on these pressing issues in the implications and illustrated the importance of the current findings

in supporting future educational studies to address these issues. Moreover, since this study is a systematic scoping

review, we did not assess the quality of the included studies, and thus, the findings, particularly, the performance met-|

rics extracted from the reviewed studies, may need further evaluation. The goal of this study is to provide an overview

of the different educational tasks that can be augmented by LLMs and generative Al models, which can serve as a

reference point for future studies to further develop on using the state-of-the-art models (e.g., ChatGPT and PaLM 2),

Furthermore, the transparency index that we adopted for RQ3 did not consider the transparency to students, which

could be an important direction for future human-centred Al studies. Finally, we recognise the rapid development in

| the field of artificial intelligence in education. It is pertinent to mention that a number of recent workshops and pre-|

liminary papers, while contributing to this field, were not incorporated in this scoping review due to time constraints

(Leiker et al.,[2023;|Ma et al.,|2023} [Caines et al.}[2023). Their exclusion represents a limitation to the breadth of this

study, acknowledging the relentless pace of scholarly advancements in this area.

|6 | CONCLUSION|

In this study, we systematically reviewed the current state of educational research on LLMs and identified several prac—l

tical and ethical challenges that need to be addressed in order for LLMs-based innovations to become beneficial and |
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impactful. Based on the findings, we proposed three recommendations for future studies, including updating existing
innovations with state-of-the-art models, embracing the initiative of open-sourcing models/systems, and adopting a
human-centred approach throughout the developmental process. These recommendations could potentially support
future studies to develop practical and ethical innovations that can be implemented in authentic contexts to automate|
| a wide range of educational tasks.|
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