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Abstract

The global teacher shortage is pushing schools
and institutions towards an ever-greater reliance
on artificial intelligence. While the Natural
Language Processing community has dedicated
significant resources in developing educational
technologies (EdTech) that support this shift, it
remains unclear whose interests are being best
served among the stakeholders of education.

In this paper, we present a systematic literature
review of 204 papers published in venues of
the Association for Computational Linguistics’
Special Interest Group on Building Educational
Applications in 2024 and 2025, and validate
these against EdTech papers from the wider
ACL Anthology. By examining stakeholder in-
clusion and the prioritisation of research tasks,
our findings reveal a critical tension: a push
and pull between private-sector incentives and
the foundational needs of educational infras-
tructure. Our analysis reveals that teachers are
systematically under-represented as beneficia-
ries of research (33.3%) despite being the most
affected, that real-world deployment remains
rare (9.8%), and that ethical engagement tends
toward acknowledgement rather than action.
Drawing on exemplary papers in our corpus,
we offer concrete recommendations for more
responsible EduNLP research practices.

1 Introduction

Education has long been a domain of inspiration
for Artificial Intelligence (AI) and Natural Lan-
guage Processing (NLP). From early feature-based
auto-markers (e.g., e-rater®; Attali and Burstein,
2000) to large language model (LLM)-powered in-
telligent tutoring systems (ITS) (e.g., Khanmigo'
by Khan Academy), the goals have remained con-
stant: for technology to extend the reach of good
teaching and to support learners who might oth-
erwise go without. These are meaningful goals —
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socially urgent, technically challenging, and wor-
thy of scientific investment — and their urgency
has only grown in recent years with global teacher
shortages (UNESCO, 2026), widening equity gaps
(World Inequality Lab, 2026), and the rapid uptake
of commercial Al products for education (Gomes,
2026). Held together, they have made the question
of the role of technology in supporting education
more pressing than ever.

There is a particular risk that comes with being
deeply embedded in a fast-moving research area:
the closer we are to the technical problems in front
of us, the easier it is to lose sight of the overarching
goal. As researchers, we are drawn towards the
datasets we know, the metrics we trust, the tasks
where progress is legible. Specialisation is neces-
sary, but it can quietly narrow the frame of refer-
ence until the question, “Does this system work?”,
crowds out the most important question: “Does this
actually serve the people we said we were building
it for?” This paper is, in part, an attempt to step
back from that narrowing and ask plainly: as a field,
are we meeting our own aspirations?

To answer this question, we conduct a systematic
literature review of EQuNLP research. We survey
204 papers published in 2024 and 2025 at ACL
SIGEDU venues (BEA? and NLP4CALL? work-
shops) and the main *ACL conferences. To the best
of our knowledge, this is the first systematic review
of EduNLP research that focuses on publications in
the ACL Anthology. For each paper, we examine
its tasks, motivations, stakeholder inclusion, incen-
tives, and engagement with ethical risks to answer
three research questions:

RQ1 Which tasks are prioritised in EQuNLP re-
search, what motivates them, and in which
contexts are the resulting systems deployed?

2Workshop on Innovative Use of NLP for Building Educational Applications
3Workshop on NLP for Computer-Assisted Language Learning
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RQ2 Who are the stakeholders of EAduNLP re-
search, how are they included, and whose
interests does the research serve?

RQ3 What risks, concerns, and limitations are
raised, and to what extent does the research
mitigate them?

Our findings show that teachers are systemati-
cally under-represented as beneficiaries in EQuUNLP
research, real-world deployment is rare, and eth-
ical engagement tends toward acknowledgement
rather than action. We identify exemplary counter-
examples and derive from them a set of concrete
recommendations for the field.

2 Related Work

Education has been a domain for innovation dating
back millennia. Digital technology is a modern
feature of this long history: much of the early pi-
oneering work on Al in the twentieth century was
directed towards educational aims and applications
in AIED (Newell et al., 1958; Minsky, 1974; Pa-
pert, 1980; Doroudi, 2023). In recent years the
growth of interest in LLMs has also seen increas-
ing application to education (Caines et al., 2023;
Davis et al., 2024; Pack et al., 2024), further ev-
idenced by the growing popularity of the annual
Workshop on Innovative Use of NLP for Build-
ing Educational Applications (BEA), the founda-
tion of the ACL SIGEDU in 2017 and investment
by large technology firms into products such as
Google’s LearnLM? and OpenAI’s ChatGPT Edu.®

EdTech covers a wide-range of applications for
educational purposes, often involving Al or NLP.
There have been several surveys on EdTech and
its use in various domains (Ahmad et al., 2024;
Benedetto et al., 2023; Hidayat and Firmanti, 2024)
spanning classroom support, virtual learning envi-
ronments, websites, and tutoring chatbots. In this
paper, we focus on ethical matters, which have
received growing attention in Al and NLP more
broadly, including the identification of different
bias types throughout the “machine learning life
cycle” (Suresh and Guttag, 2021).

Within EdTech, several surveys and position pa-
pers have addressed ethical issues. Yan et al. (2025)
presents a systematic review of 34 publications in-
volving EdTech with Al in schools or higher edu-
cation from 2020-2024, reporting a “constellation
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of recurring ethical tensions” relating to algorith-
mic bias, data privacy, transparency, accountability,
and academic integrity. They observe that these
are known issues with Al applications, and recom-
mend co-design with stakeholders, an emphasis on
explainability, regulatory improvements, and Al
literacy training for teachers. Alfredo et al. (2024)
arrive at similar conclusions from a review of 108
papers relating to human-centred or participatory
design and learning analytics.

Fu and Weng (2024) conduct a systematic review
of empirical studies focused on EdTech and respon-
sible Al, making similar conclusions to Yan et al.
(2025) based on 40 selected papers. They present
a vision for “responsible human-centered AIED”
which includes core principles of Fairness and Eq-
uity, Transparency and Intelligibility, Agency and
Autonomy, Privacy and Security, and Beneficence
and Non-maleficence. Holmes et al. (2022) sur-
veyed EdTech researchers, reporting high inter-
est in but low confidence about ethical issues, at-
tributed to a lack of ethics training in Al-related
courses. They propose a framework for ethics in
AIED aimed at ensuring “ethical by design” re-
search, and emphasise the importance of cross-
disciplinary engagement. Taken together, these
reviews converge on a shared diagnosis: ethical
considerations are widely recognised in principle
but inconsistently integrated in practice.

This review extends these prior work by includ-
ing research published throughout 2025, and by
considering tasks, contexts, stakeholders, incen-
tives, and risks across 204 EduNLP papers from
* ACL main conference and workshop proceedings.

3 Methodology

Search Protocol. We collected all papers from
the BEA and NLP4CALL workshops published
in 2024 and 2025. We also conducted a search of
the ACL Anthology using the Anthology API” for
papers published in main *ACL and associated con-
ferences whose title or abstract contained at least
one of 38 EduNLP-relevant search terms (e.g., “stu-
dent modeling”; see Appendix B for a complete list
of venues and search terms).® This sampling ap-
proach affords an in-depth view into contemporary
trends at the expense of longitudinal analyses. This
search resulted in 191 papers from the two work-
shops, and 316 papers from * ACL conferences.

7
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8”l"hc search was conducted on January 21, 2026.
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Figure 1: Number of papers per venue and year. We
reviewed a total of 204 papers (160 BEA+NLP4CALL
papers and 44 ACL Anthology main conference papers).

For BEA and NLP4CALL, we randomly sample
25% of contributions for each shared task, with a
minimum sampling threshold of 5 papers for each
task. We further include all shared task overview
papers, as these represent a qualitatively distinct
type of contribution. For the *ACL main confer-
ence papers, we reviewed all abstracts for relevance
to educational applications, excluding 214 papers
as non-relevant. The remaining 102 papers were
stratified by publication year, venue, and search
term, yielding a sample of 44 papers. This resulted
in a final sample of 160 papers from BEA and
NLP4CALL workshops, and 44 papers from *ACL
conferences, for a total of 204 papers (see Table 8
for paper details). Figure 1 shows the distribution
of papers across venues and years.

Data extraction. Data extraction was conducted
manually by three of the authors using a shared
extraction schema (see Appendix C). The schema
captures: the specific task addressed; datasets used
and their availability; the explicit motivation for
the research; stakeholders mentioned and included
(with associated quotes); the level of stakeholder
inclusion; the deployment context of any system;
incentives (both explicit and implicit) that the re-
search serves; ethical risks and concerns raised;
measures taken to address those risks; and future
directions pertaining to risk, ethics, or aspiration.
Extraction proceeded in three phases. In the first
phase (1), a single paper was annotated collabo-
ratively to develop and validate the schema. In
the second phase (2), annotators independently re-
viewed a shared batch of 25 papers,’ meeting to

The shared batch was a stratified sample from our corpus
of 204 papers (12.3%) based on venue and year of publication;
it included 6 BEA 2024, 10 BEA 2025, 2 NLP4CALL 2024,

Automated assessment (AES, ASAG) 56

Grammatical error correction (GEC) 30

Text simplification and complexity prediction 28
Intelligent tutoring system (ITS) 22
Content generation 22
Datasets, data mining and knowledge extraction 19

Knowledge tracing and learner modelling{ | 8

Other 19

0 10 20 30 40 50
count of publications

Figure 2: Number of papers per high-level task. See
Table 8 for the detailed mapping.

discuss schema revisions and resolve ambiguities.
Note that phase (2) was conducted in an iterative
manner: following phase (1), each time the schema
was modified or extended, all annotators updated
their previous phase (2) annotation to reflect the
revised guidelines. In the third and final phase (3),
the remaining papers were reviewed independently
by three authors. Extracting data took an annotator
on average 45 minutes per paper (ranging between
30-60 minutes); we estimate that the review took a
combined total of about 190 hours to complete.

Agreement. Inter-annotator agreement (IAA)
was measured on phase (2)’s independently re-
viewed shared batch. Table 1 in Appendix D shows
the agreement for the free-text dimensions of our
schema based on the Percentage Agreement (PA;
Roaché, 2017) measure (see Tables 6 and 7 for
illustrations of how free-text agreement was com-
puted). For the four multi-label dimensions, we
report both Krippendorff’s v (Krippendorff, 2011)
and PA in Tables 2, 3, 4 and 5.

For the free-text fields, PA ranges between 0.52
(for implicit incentives) and 1 (for deployment).
For the multi-label dimensions, PA was consis-
tently high (0.84-94 overall), while o was more
variable. Agreement on the presence of stakehold-
ers was generally moderate to strong (o = 0.49-0.7
overall, with agreement on teachers being particu-
larly high at « = 0.79-0.84). Agreement on stake-
holder inclusion level and risk engagement level
was lower (o = 0.52-0.61 overall). Taking into
account the qualitative and inherently interpreta-
tive nature of the annotation task (especially for
dimensions such as risks/concerns), we consider
these agreement values to be sufficiently high to

1 NLP4CALL 2025, 1 EACL 2024, 1 LREC-COLING, 1
NAACL 2025, 1 ACL 2025, and 2 Findings 2025 papers.
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justify the independent reviewing in phase (3).

4 Tasks, Motivations, Deployment

Tasks. Figure 2 shows the distribution of high-
level tasks across our corpus of papers. Automated
assessment — i.e., automated essay scoring (AES)
and automated short-answer scoring (ASAG) —is
by far the most common task (56 papers), followed
by grammatical error correction (GEC, 30 papers)
and text simplification and complexity prediction
(28). Content generation (22), intelligent tutor-
ing systems (ITS, 22 papers), dataset creation and
knowledge extraction (19), and knowledge trac-
ing and learner modelling (8) are also represented.
The “Other” task type includes a variety of re-
search, most often relating to the novel capabilities
of LLMs (e.g., multimodal assessment, alignment
with human eye-tracking data, and discourse evalu-
ation) and detecting LLLM-generated texts.

The dominance of language assessment and feed-
back tasks is striking: taken together, AES/ASAG
and GEC account for almost half of the corpus.
This reflects a longstanding priority in EduNLP:
indeed, automated assessment has been an active
area of research for decades, benefitting from well-
established datasets (e.g., ASAP; Hamner et al.,
2012). However, this prevalence also raises ques-
tions about whose priorities are being served: auto-
mated assessment and feedback tools are of direct
commercial value to large-scale testing organisa-
tions and EdTech companies.

Shared tasks. The NLPACALL 2025 shared task
introduced multilingual GEC (Masciolini et al.,
2025), a direction of particular importance given
that GEC, while already the second most repre-
sented task in our corpus, has historically been
dominated by English-language systems. Broaden-
ing GEC to multilingual settings introduces non-
trivial challenges around low-resource languages,
cross-lingual transfer, and the availability of an-
notated learner corpora, and a shared task fram-
ing is well-suited to mobilising community effort
around these barriers. On the other hand, the
BEA 2024 shared tasks addressed automated pre-
diction of item difficulty and response time (Yaneva
et al., 2024a), and multilingual lexical simplifica-
tion (Shardlow et al., 2024); the 2025 shared task
addressed pedagogical ability assessment of Al-
powered tutors (Kochmar et al., 2025). We note
that all three of these problems receive less atten-
tion in the non-shared-task literature.

This suggests that shared tasks are playing a valu-
able role in broadening the community’s agenda,
including towards less commercially obvious but
educationally important problems such as pedagog-
ical quality assessment, and towards underserved
languages in otherwise established tasks. Beyond
their immediate proceedings, shared tasks also ex-
ert a longer-lasting influence through the datasets
they produce; resources like the W&I+LOCNESS
dataset which was introduced for the BEA 2019
Shared Task on GEC (Bryant et al., 2019) tend
to attract sustained reuse by the community (as il-
lustrated by Figure 3), and thus continue to shape
which problems remain visible and tractable long
after the shared task itself has concluded.

Datasets. Papers in the corpus reported using
284 distinct datasets used a combined total of
460 times (373 for public datasets, 33 for those
available upon-request and 54 for private datasets).
Figure 11 shows that 73.9% of datasets used are
publicly available, 7.4% are only available upon-
request or through paid licences, and 18.7% are
private. While the high proportion of public
datasets is a positive indicator for reproducibil-
ity, Figure 3 reveals a high concentration of usage
around a small number of datasets: the top three
— W&I+LOCNESS (Bryant et al., 2019), ASAP
(Hamner et al., 2012), and CoNLL-2014 (Ng et al.,
2014) — together account for 12.9% of total pub-
lic dataset usage (373), with a long tail of datasets
used only once. This concentration partially re-
flects the task distribution noted previously: namely
that AES and GEC are both well-established. How-
ever, this also raises questions about whether re-
search findings generalise beyond the narrow slice
of learner populations, languages, and educational
contexts that these datasets represent. We return to
this concern in Section 7.

Motivations. During extraction, we took note of
the explicit motivation presented by papers for their
presented research, and later classified each into
one or more of seven high-level categories. Fig-
ure 12 shows that the most common motivation
type across our corpus is to “help a stakeholder”
(110 papers), followed by addressing a pedagogi-
cal or ethical concern (82), and assuming the role
of a stakeholder (53). Technical motivation alone,
with no stated stakeholder benefit, accounts for 43
papers, which is a non-trivial proportion (21.1%).
Figure 4 reveals the stakeholder composition under-
lying papers’ motivations: learners and students are
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Figure 3: Dataset popularity (i.e., the number of times a dataset was used, and not only mentioned). We do not

report private datasets given their absence of references.

Learner/student (n=96)- | 89 6
Teacher (n=63) I 31 28
Examiner/human rater (n=24)

Academia (n=14)
Non-profit (n=10)7 | 10
School/university (n=8) |7

General public (n=8)1 |8 .
Motivation Type
Assume role of stakeholder
Help stakeholder
I Include stakeholder in research
0 10 20 30 40 50 60 70 80 90 100
count of publications

Industry (n=2)
Governmental body (n=2)

Figure 4: Distribution of different stakeholders for the
three stakeholder-based motivations in Figure 12.

invoked in 61.1% of papers with stakeholder-based
motivation (96 of 157 papers), making them by
far the most frequently cited intended beneficiary.
Teachers appear in 40.1% of such papers (63 of 157
papers), though they are most commonly invoked
as a pressure points, referenced in terms of the cost,
time, or burden associated with their labour, and im-
plicitly positioned as a bottleneck that automation
should relieve. This framing matters. A motiva-
tion to reduce teacher burden through automation is
meaningfully different from one that seeks to aug-
ment teacher capability or support teacher agency.
In a number of papers in our corpus, teachers ap-
pear in the motivation but then disappear from the
research design entirely: they are not consulted,
included in evaluation, or named as beneficiaries
of the results. We discuss this pattern and its impli-
cations further in Section 6.

Context deployment. Figure 5 shows that 79.4%
of papers (162 papers) present systems or models
that are never deployed to real-world users. Only

Not deployed (n=162) 79.4%

10.8%

Not a system paper (n=22)

Deployed (n=20)1 9.8%

0 10 20 30 40 50 60 70 80
percentage of publications

Figure 5: Papers that deployed their method to real-
world users or tested it on pre-existing real-world data.

9.8% of papers report genuine deployment. We
label resource and survey papers as “Not a system
paper.” Non-deployment is not itself a failing: fun-
damental research that develops methods, datasets,
or evaluation frameworks may legitimately precede
any deployment. More concerning is that papers
describing non-deployed systems rarely discuss the
pathway to deployment: the educational contexts in
which the system might operate, the stakeholders
who would need to be involved, or the risks real-
world deployment would introduce. This creates a
body of research that is optimised for benchmark
performance in conditions that may bear little re-
semblance to the classrooms, tutoring sessions, and
assessment environments it nominally serves.

5 The Roles of Stakeholders

Author affiliations and acknowledged entities.
Figure 15 shows that the paper author affiliations
in our corpus are geographically concentrated:
the United States accounts for the largest single-
country share of author affiliations (58 papers), fol-
lowed by Germany (29 papers), China (23 papers),
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Figure 6: Number of papers per type of author affiliation
and type of entity mentioned in acknowledgements.

and other European countries (similar observations
can be made on the origin of the acknowledged
entities in Figure 14). Figure 6 shows that uni-
versities dominate author affiliations (188 papers),
followed by research institutes (75) and companies
(30). Funding acknowledgements are concentrated
within governmental bodies (80), with national sci-
ence foundations of China and the US appearing
the most frequently (Figure 16). Industry acknowl-
edgements (e.g., Microsoft) appear in a small but
non-trivial number of papers (20). While indus-
try involvement in research funding is not inher-
ently problematic, it creates potential conflicts of
interest that deserve explicit discussion, particu-
larly in a field where commercial EdTech products
are directly shaped by research agendas. Notably,
few papers in our corpus explicitly disclose or dis-
cuss potential conflicts of interest arising from their
funding sources; a gap that mirrors findings in ad-
jacent fields (Garrett et al., 2020).

Stakeholders mentioned or included. Figure
7 shows that learners and students are mentioned
in the most papers overall (170 papers), followed
by teachers (97), and domain experts (88). How-
ever, mention does not equate to inclusion: the
proportion of mentioned stakeholders who are also
actively included in the research is substantially
lower across all groups. Among teachers, 26.8% of
papers that mention them also include them in the
research (26). For learners, 22.4% of mentioning
papers include them (38). Domain experts show a
much higher inclusion rate (56.8%), in part because
they are frequently recruited as annotators or raters.
Most strikingly, parents were only mentioned in
two papers, despite their having such an important

Learner/student (n=171) 38 133

Teacher (n=97){ | 26 7
Domain expert (n=90) 50 40
School/university (n=36){ 13| 23
Other researcher (n=35){ |10, 25

Paper author (n=24)1 | 23

General public (n=22){ 5 17
Industry (n=14)1 59
Non-profit (n=10)1 64

Governmental body (n=6)1 5 Mentioned only

Parents (n=2) Included

0 20 40 60 80 100 1320 140 160
count of publications

Figure 7: Number of papers per type of stakeholder
included or mentioned only in the research.

Domain expert (n=52)- - 39 2

Learner/student (n=37)1 I 13 2
Teacher (n=26)1 - 17 2
Paper author (n=23)- _
School/university (n=13)1 - 3
Other researcher (n=10)- . 6
Non-profit (n=6)- -
General public (n=6)1 |4 2
Industry (n=5)1 . W High
Governmental body (n=1)- I ﬁf\‘ld““g

Level of Inclusion

0 10 20 30 40 50
count of publications

Figure 8: Level of inclusion of included stakeholders by
stakeholder type; we distinguish 3 levels: High (integral
to research design & completion), Middling (involved in
data evaluation or annotation, without input on research
design), and Low (test subjects in data collection only).

role in children education (Kostov, 2026).

Figure 13 reveals the overall distribution of inclu-
sion levels across all included stakeholders: 47.0%
of inclusions are classified as Middling (involved
in data evaluation or annotation, but with no in-
put on research design), 32.1% as High (integral
to research design and completion), and 20.9% as
Low (test subjects in data collection only). Figure
8 shows that this breakdown varies substantially by
stakeholder type. Other than paper authors them-
selves, schools and universities are most likely to
be included at a High level (76.9%), while teachers,
when included at all, are predominantly included
at a Middling level (65.5%), most often as annota-
tors. Learners are most often included as test sub-
jects (59.5%). The implication is that even when
stakeholders are formally included, they are rarely
positioned as agents who shape the research, they
are more often positioned as instruments of it.
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Incentives. Figure 9 shows the distribution of
stakeholders explicitly mentioned as benefiting
from the research alongside those we identified as
implicit beneficiaries. We note that the identifica-
tion of implicit beneficiaries is the most subjective
dimension of our annotation: it required annotators
to infer who stands to gain from a piece of research
beyond what authors themselves state, based on
the nature of the task, the deployment context, and
the funding sources involved. For instance, a paper
developing an AES system for standardised test-
ing, funded by a testing organisation, was coded
as implicitly benefiting industry, even if no such
benefit was named. Due to the subjective nature of
this dimension, inter-annotator agreement was ac-
cordingly lower (0.53; Table 1), and these findings
should be read as indicative rather than definitive.

Learners and students are the most frequently
named explicit beneficiary (125 papers). Teachers
stand out starkly here: 80.9% of their appearances
are explicit (55 papers). Stated differently, teachers
are almost never the unstated but evident benefi-
ciary of research; when they benefit, papers say
so. However, the vast majority of papers do not
position them as benefiting at all. On the other
hand, non-profit organisations, industry and gov-
ernmental bodies appear prominently as implicit
beneficiaries. That is, while they are not named
in the paper as intended beneficiaries, the research
clearly serves their interests. This is most visible in
the task-level breakdown in Figure 17: automated
assessment research (the largest task category in
the corpus) consistently benefits learners and in-
dustry, while teachers and examiners are sparsely
represented. The commercial relationship here is
direct: automated scoring tools reduce the need for
human markers and are of clear value to large-scale
testing organisations. For ITS, learners dominate,
with limited acknowledgement of teachers. GEC
research shows the broadest stakeholder spread, in
part because GEC tools serve not only learners and
teachers but also the general public who use writing
assistance tools in everyday tasks.

6 Risks, Concerns, Limitations, and
Measures Taken

Risks, concerns and limitations raised. Figure
18 shows the distribution of risks, concerns, and
limitations explicitly raised by paper authors, or-
ganised into six high-level categories. We note
that inter-annotator agreement was lower for this

721
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Figure 9: Stakeholders explicitly stated as benefitting
from the research, as well as those that we could see
benefitting that were not explicitly mentioned (Implicit).
Note that a stakeholder may be both explicitly men-
tioned to benefit in some way and implicitly in another.

dimension than others (0.57; Table 1), owing to
the need to assess coverage across a large and
varied set of concerns; these results should there-
fore be read as indicative trends rather than precise
counts. The most commonly noted concerns are
methodology limitations (69 papers), dataset lim-
itations (60), followed by lack of generalisability
and language-specificity (56), risk of bias (46) and
and task/domain-specific limitations (44), reflect-
ing the tendency of research to develop systems for
specific languages or educational contexts that may
not transfer. Several important risk categories are
raised much less frequently. Risk of hallucination
appears in only 12 papers, risk of dual-use in 6, and
safety concerns in 26. Within the contextualising
research category, the gap between research and
real-world application is noted in 32 papers and the
need for human-in-the-loop in 19, suggesting some
awareness of deployment limitations, this rarely
translates into direct mitigation (Figure 19). Data
protection and anonymisation concerns are raised
in 37 papers, while informed consent and fair com-
pensation for included stakeholders, critical ethical
requirements for human-subjects research, appear
in only 11 and 10 papers respectively. That human-
subjects protections remain among the least com-
monly raised concerns in a corpus that routinely
collects learner data and recruits human annotators
is itself a notable finding.

Engagement with risks. Figure 19 distinguishes
three levels of engagement with stated risks: High
(directly mitigated or discussed in substantial
depth), Middling (discussed as part of future work),
and Low (briefly mentioned only). Across most risk



categories, the majority of engagement is at a Low
or Middling level. High engagement is most con-
sistently found in the participant and data concern
category: fair compensation for included stake-
holders (100.0%) and informed consent (72.7%)
are the most actively addressed concerns, though
both are raised by relatively few papers to begin
with. By contrast, the largest categories show the
weakest engagement: methodology limitations are
98.6% Middling or Low, and dataset limitations
90.0% Middling or Low. Risk of bias, one of the
most frequently raised concerns at 46 papers, is en-
gaged at a High level in only 15.2% of cases. The
gap between research and real-world application
and the need for human-in-the-loop, two concerns
with clear implications for responsible deployment,
are predominantly Middling or Low. This pattern
suggests a community that is aware of the ethical
dimensions of its work but has not yet developed
consistent norms for acting on them within the
scope of individual papers.

Future work. Figure 20 shows a distribution of
the areas of future work explicitly mentioned in the
papers. We report future work specifically related
to any risks, concerns or higher aspirations rather
than any purely technical work; of our data sam-
ple, 21 papers do not discuss any such future work.
Four high-level themes emerge within discussed
future work: stakeholder inclusion, technical devel-
opment, expanding the scope of the research, and
engaging with issues emerging from the research.
Of these, the most frequently mentioned category
is expanding the scope of the research, with ex-
panding the data (42), language selection (36), and
subject domain (35) the most common fine-grained
directions. EQuNLP research is often performed at
language- or task-specific levels, resulting in com-
mon limitations which translate to clear future di-
rections. The least common high-level category is
engaging with issues emerging from research, with
fine-grained categories including interpretability
and bias mitigation (16 and 14 papers respectively),
exploring performance-cost trade-offs (12), and ini-
tiating broader discussions in the EQuNLP space.
Within the fine-grained categories overall, the most
frequently referenced future direction is general
technical improvements related to the paper’s risks
and concerns (91 papers). Despite controlling for
purely technical work in our analysis, the primary
focus for EQuNLP researchers remains within this
domain. Within the stakeholder inclusion category,

user study and user inclusion (37) and integration
into real-world systems (32) are the most common
directions, suggesting some awareness that current
work falls short. Analysis of the future directions in
our sample therefore reveals a tendency towards pri-
oritising empirically-motivated fine-grained techni-
cal work rather than ethically-driven broader work.
In part, this may be due to an imbalance in available
resources for conducting such research.

7 Discussion: Opportunities,
Recommendations, Aspirations

Opportunities. Our findings reveal some struc-
tural gaps in EQuUNLP research that constitute gen-
uine opportunities for the field. First, teachers are
under-represented both as beneficiaries and active
participants, despite their central role in education.
This represents a significant misalignment between
stated purpose and actual design. Research that
nominally aims to support education but system-
atically excludes the professional educators who
mediate it risks building tools that are technically
sophisticated but pedagogically ill-fitting, or that
automate away precisely the human judgement that
makes good teaching effective. Second, the gap
between research development and real-world de-
ployment is striking: only 9.8% of system papers
are deployed in live educational settings. This re-
flects a missing discourse about what responsible
deployment looks like: which stakeholders need
to be involved, what evaluation is appropriate for
real students and teachers, and what accountabil-
ity mechanisms should be in place. This gap is
further sharpened by the concentration of datasets
around high-stakes standardised testing contexts,
and by the dominance of assessment tasks which,
given their direct commercial value to the testing
industry, risk pulling the research agenda toward
institutional efficiency over the full range of educa-
tional stakeholders.

Recommendations. Drawing on exemplary pa-
pers in our corpus, we offer three concrete recom-
mendations for the EQUNLP community:

1. Co-design with teachers and learners from
the outset. Research that positions stakehold-
ers as genuine co-designers, rather than test
subjects or future-work items, produces better-
grounded systems and more honest evalua-
tion. Galletti and Cesaroni (2025) offer a
replicable model for this: conducting focus
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groups and questionnaires with teachers at
different stages of system development sur-
faced concerns around transparency, auton-
omy, and pedagogical alignment that would
not have emerged from technical evaluation
alone. See also Huovinen and Himildinen
(2025). Their work echoes principles of de-
sign justice (Costanza-Chock, 2020) which
seek to decentre technical expertise in favour
of lived experience and domain expertise —
in all regards save technical implementation
— as a mechanism for ensuring that those af-
fected by a system retain meaningful agency
in shaping it. As it stands, a true expression of
design justice was not found in any of the re-
viewed papers of this corpus, however Wang
et al. (2025¢) embodies some aspects of it.
Though not a system, the paper demonstrates
that design justice principles can be embed-
ded even at the resource creation stage: their
math world problem benchmark was devel-
oped through structured interviews with pri-
mary school math teachers, whose pedagogi-
cal expertise directly shaped what counts as
a meaningful visual, ensuring that future sys-
tems trained or evaluated on this benchmark
will be held to a standard defined by them.

2. Make deployment contexts and costs ex-
plicit. Authors should describe the educa-
tional context in which their system could
or has been deployed, the stakeholder roles
involved, and provide an honest account of
computational, financial, and human costs
alongside claimed benefits (Akter et al., 2025;
Gupta et al., 2025; Li and Ng, 2024).

3. Adopt structured ethical reflection and act
on it. Our data show that named concerns
rarely translate into mitigation within the same
paper. Venues should normalise the expecta-
tion that ethical risks raised are addressed in
the current work, not deferred to future work.
Checklists like the ARR Responsible NLP
Checklist already support this: they prompt
authors to interrogate their own design choices
(e.g., Goto et al., 2025a, who voluntarily en-
gage in detailing a number of the checklist
items) and give reviewers a structured basis
for evaluating ethical engagement.

Aspirations. The potential for Al in education
is genuine: it could improve access to education,

helping reduce inequalities related to geography,
language, resources, and infrastructure, for learn-
ers who might otherwise go without. It could
also help free educators of repetitive and time-
consuming tasks so they can concentrate on the
relational aspect of education that systems cannot
and should not replace. Automated tools can also
mitigate some human weaknesses that threaten fair-
ness in assessment: fatigue, inconsistency, and un-
conscious biases. The question is not whether Al
belongs in education, but whether we are steward-
ing its development responsibly. The exemplary
papers in our corpus demonstrate that it is possible.
Our aspiration for the field is a research commu-
nity that treats educational infrastructure as a site
of social responsibility, not merely technical oppor-
tunity. The trajectory the field takes will depend
on choices that are made now about which tasks
to prioritise, whose voices to include, and what
counts as success. Harding (2025), reflecting on Al
in language assessment, frames this as a choice be-
tween utopian and dystopian futures: one in which
assessment technology is context-sensitive, trans-
parent, connected with learning, and deeply ori-
ented toward justice; as opposed to one driven by
expediency, opacity, and the logic of scale.

8 Conclusion

This paper has presented a systematic review of
204 EduNLP papers published at ACL SIGEDU
venues and main *ACL conferences in 2024 and
2025, examining tasks, motivations, stakeholder
inclusion, incentive structures, and ethical engage-
ment. Our analysis reveals a field that is techni-
cally productive but structurally misaligned with
key educational stakeholders, particularly teach-
ers who are rarely included in research and almost
never positioned as implicit beneficiaries. At the
same time, our corpus contains exemplary work
that demonstrates what responsible, stakeholder-
grounded EduNLP research looks like in practice.
The norms and practices embedded in these pa-
pers are neither technically burdensome nor novel
in principle. What is needed is for the commu-
nity to adopt them consistently, and for publication
venues to create the conditions in which doing so
is expected rather than exceptional. We hope this
review serves as both a diagnostic and a resource:
a map of where the field currently stands, and a set
of orientations for where it should go.
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9 Limitations

This review has several limitations that should be
noted. First, while our corpus of 204 papers is
broad in scope, it is not exhaustive, meaning that
some relevant papers will have been missed. Our
focus on ACL Anthology venues also means that
work published in AIED journals, learning analyt-
ics conferences, and EdTech-specific venues falls
outside our scope: the picture we paint is of the
NLP community specifically, not the broader field.
Second, annotation of inherently interpretive di-
mensions, particularly stakeholder inclusion level
and risk engagement level, carries subjectivity that
agreement scores can only partially represent. We
report these as indicative trends rather than pre-
cise counts, but readers should bear this in mind
when interpreting figures. Third, our corpus covers
2024-2025 only; while this captures the most re-
cent work, it is a short window and trends may not
generalise to earlier or future periods. An interest-
ing direction for future work would be to extend the
temporal scope to publications published before the
release of ChatGPT (OpenAl, 2026) in November
2022, which would allow for a direct comparison
of research priorities, stakeholder inclusion, and
ethical engagement before and after the widespread
availability of generative Al. Finally, as researchers
embedded in the EQuUNLP community ourselves,
we are not neutral observers, our framing of what
constitutes meaningful stakeholder inclusion or ad-
equate ethical engagement reflects our own values,
which we have tried to make explicit throughout.

On financial disclosures. While complete finan-
cial disclosures of which entities have funded re-
search is a desirable trait in papers due to the trans-
parency it affords, disclosure can be structurally
limited. For example, some grant funders — particu-
larly military funding — may require non-disclosure,
nation-wide regulation may limit disclosure, re-
search can be funded across multiple grants, work
may be conducted on an entirely voluntary basis,
among many other reasons. We therefore see fi-
nancial disclosure as a spectrum between complete
opacity and complete transparency. We advocate
for researchers to approach the question of finan-
cial disclosure according to a maximalist approach,
1.e., we argue that researchers should share as much
information as is possible to them in a given sit-
uation. A transparency maximalist approach will
afford greater insight into how research into educa-
tional technologies is being, forcefully and subtly,

shifted by the interests of different entities.

10 Ethical considerations

All papers surveyed in this review are publicly
available through the ACL Anthology; no private
or unpublished materials were used. No human
subjects were involved in the review itself. The
annotation process involved researchers reading
and characterising the work of others, which car-
ries a risk of misrepresentation; we have sought
to mitigate this through iterative schema develop-
ment, inter-annotator agreement measurement, and
the use of direct quotes to ground our characteri-
sations. Our normative claims — that teachers are
under-served, that ethical engagement is insuffi-
cient, that commercial incentives distort research
agendas — are recommendations and observations,
not accusations about individual papers or authors.
We acknowledge that we are ourselves part of the
community we critique, and that future reviews
may find similar gaps in our own work. This paper
has been pre-registered on OSF.!”
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A A Structured Taxonomy for Ethical
and Stakeholder Review of EduNLP
Research

Figure 10'? presents the complete taxonomy devel-
oped in this review, offered here as a standalone
contribution. The taxonomy is organised around
the three research questions and a concluding rec-
ommendations dimension. Beyond its role in this
review, the taxonomy can be reused for future sur-
veys of EdTech research. It can also serve as a
practical self-audit tool: researchers can use it to
situate themselves within the EQuNLP space, and
assess the rigour and inclusivity of their work be-
fore submission.

B ACL Anthology Main Conference
Search

We retrieve all papers with at least one of the
following search terms in the title or abstract.
The venues included are: ACL, EACL, NAACL,
EMNLP, LREC-COLING, and Findings, for the
years 2024 and 2025. The search terms were de-
veloped through internal discussion and discussion
with other researchers in the EQuNLP field. The
search terms are as follows:

“automated essay scoring”,
“automated writing evaluation”,
“short answer grading”,

“automatic short answer grading”,
“open-ended response assessment”,
“automated assessment of spoken responses”,
* “spoken response scoring”,

* “speech-based assessment”,
“automatic speech scoring”,
“dialogue-based tutoring”,

“spoken dialogue system education”,
“intelligent tutoring systems NLP”,
“student modeling”,

“learner modeling”,

“knowledge tracing”,

* “learner cognition modeling”,
“educational data mining NLP”,
“learning analytics text”,

* “game-based learning assessment”,
“stealth assessment”,

“peer assessment NLP”,

12 . .
This figure was created in app . xmind. com.

“peer review automated feedback”,
“automated feedback generation”,
“formative feedback writing”,

* “grammatical error correction”,

* “grammar error detection”,

* “lexical complexity prediction”,
“text simplification for learners”,
“multimodal learning analytics”,
“generative Al in education”,

* “mathematic education”,

“math education”,

“math word problems”,
“mathematical reasoning”,
“student error in mathematics”,
“intelligent tutoring system math”,
“knowledge tracing mathematics”,
* “misconception detection mathematics”.

C Extraction Schema

For extracting the entities relevant to our research
questions, we used the following schema:

¢ [RQ2] Author affiliations

[RQ1] Specific task worked on

[RQ1] Datasets used and availability

[RQ1] Explicit motivation for the paper and
associated quotes

[RQ2] Stakeholders mentioned (multi-label;
the options being Learner/student, Teacher,
School/university, Paper author, Other re-
searcher, Domain expert, Parent, Governmen-
tal body, Inudustry, Non-profit which includes
large-standardised testing providers, and None
/N.A.), and associated quotes

[RQ2] Stakeholders included in the research
(multi-label; same list as above), as well as
their respective level of inclusion (multi-label
with High, Middling and Low) and associated
quotes for how they are included

* [RQ1] Context in which the system deployed
(if any) and relevant quotes

[RQ2] Explicit stakeholder incentives

[RQ2] Implicit stakeholder incentives

¢ [RQ3] Risk, concerns and limitations raised,
associated quotes, level of engagement (multi-
label with High, Middling and Low) and mea-
sures taken to address risk
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(RQ1) Tasks, motivations, deployment (RQ2) Stakeholder analysis

— Automated assessment (AES, ASAG)
|~ Grammatical error correction (GEC)
|~ Intelligent tutoring systems (ITS)

- Dataset creation, data mining and knowledge
extraction

High-level task categories =
| Text simplification and complexity prediction

|~ Content generation

| Knowledge tracing and learner modelling

Tasks
= Other
BEA 2024 - Automated Prediction of Item Difficulty and Item Response Time
BEA 2024 - Multilingual Lexical Simplification Pipeline
Shared tasks
BEA 2025 - Pedagogical Ability Assessment of Al-powered Tutors
NL4CALL 2025 - Multilingual Grammatical Error Correction
Helping a stakeholder
Assuming the role of a stakeholder
Including a stakeholder
Motivations

Addressing a pedagogical or ethical concern
Purely technical motivation
Position paper / review paper
System deployed and tested with real users
Real-world deployment

No system deployment

Not a system paper

— Learner/student
{— Teacher

|— Domain expert
|~ Other researcher
|— Paper author
Stakeholders mentioned and included =t— School/university
= General public
I~ Industry

I~ Non-profit

I Govemmental body

- Parent

High (integral to research design & completion)
Level of inclusion Middling (involved in evaluation/annotation, no input on research design)
Low (test subject in data collection only)
Explicitly mentioned

Incentives (who benefits from research) {
Implicit

(RQ3) Engagement with risks and ethical concerns (Discussion) Recommendations

— Language specificity

— Specificity —— Task/domain specificity

\— Demographic specificity

— Dataset limitations

I— Methodology limitations

}— Limitation of LM-based method/evaluation
|— Limitations —t— Compute/memory limitation

= Limited model selection

= Limits to human inclusion

= Models as limited human proxies
— Lack of generalisability

— Lack of human inclusion

I— Lack of explainability/interpretability

\— Gaps =

_ s
Risks, concerns, limitations = Lack of scalability

N Lack of reproducibility
"= Lack of human evaluation
— Risk of bias

|~ Safety risk

[ Risks —|
= Risk of dual-use

= Risk of hallucination
Fair compensation

Informed consent
= Participant and data concerns

Data protection and anonymising

Need for human-in-the-loop

-~ Contextualising research

Research is open-source and accessible

Involve teachers and learners as co-designers,
not just test subjects.

Co-design with stakeholders
Encourage venues to require co-design
statements.

Clearly describe deployment contexts,
stakeholder roles, and costs.

Deployment transparency
Report computational, financial, and human
resource implications.

Address ethical risks within the current work,
not only in future work.

Ethical reflection and action
Normalize structured ethical reflection and
mitigation in publications.

Difference between research and real-world applications

Rapidly changing field: results are not definitive

Environmental cost of technology
High (directly mitigated or discussed in substantial depth)
Level of engagement Middling (discussed as part of future work)

Low (briefly mentioned only)

Figure 10: Detailed taxonomy for reviewing EQuNLP research.
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* [RQ3] Future directions/aspirations men-
tioned and relevant quotes

* [RQ1] Entities acknowledged (including fund-
ing)

Once phase (3) was completed, the three annota-
tors independently extracted high-level categories
and labels from the data:

* [RQ1] Mapping specific tasks to high-level
tasks (as reported in Figure 2)

* [RQ2] Mapping free-text dataset names to
unique labels (as reported in Figure 3) and
their availability (as reported in Figure 11)

* [RQ1] Categorising free-text motivations to
high-level labels (as reported in Figure 12)
and the mentioned stakeholders (as reported
in Figure 4)

* [RQ1] Mapping context deployment to high-
level labels (as reported in Figure 5)

* [RQ2] Extracting standardised stakeholder
types from explicit and implicit incentives (as
reported in Figure 9)

* [RQ3] Mapping risks, concerns and limita-
tions to high-level categories (as reported in
Figure 18) and the authors’ level of engage-
ment associated to each (as reported in Figure
19)

* [RQ3] Mapping future directions and aspi-
rations high-level categories (as reported in
Figure 20)

For each dimension, the mapping was made by
one of the three annotators independently. This
was considered sufficient given that the high-level
categories were derived directly from the extracted
free-text data rather than applied to raw papers:
the iterative reconciliation process in phases (1)
and (2) had already established shared interpretive
norms among annotators, and the categorisation
task at this stage involved consolidating labels that
were already grounded in agreed extractions rather
than making independent judgements about unseen
material.

D Agreement Computation

Table 1 reports agreement for the free-text di-
mensions. Table 6 includes examples of how

Dimension Agreement
Task 0.95
Datasets used” 0.87
Dataset availability 0.93
Methods 0.93
Evaluation 0.92
Motivation 0.96
Deployment 1.0
Explicit incentives 0.72
Implicit incentives 0.53
Risks/concerns” 0.57

Measures taken to address risks/concerns”  0.91
Future directions” 0.69
Future deployment 0.92

Table 1: Agreement for free-text annotation dimensions.
For dimensions with an asterisk, we computed per-paper
percentage agreement. For the other dimensions, we
computed majority percentages (i.e. O if none of the
annotators agree, 0.67 if 2/3 annotators agree, and 1 if
3/3 annotators agree). The values reported correspond
to the averages across all 25 papers in the shared batch.
Computation examples are included in Table 6 and Ta-
ble 7.

Label PA e
Overall 091 0.49
Domain experts 0.84 0.64
General user 0.97 0.74
Industry/company 0.97 0.49
Learners 0.92 -0.03
None / N.A. 0.95 -0.01
Other Researchers 0.79 0.44
Paper authors 0.92 0.46
Policy makers/governments/ministries 0.95 0.31
Schools/universities 0.79 0.27
Special needs/disability user 0.97 0.0
Teachers 0.89 0.79

Table 2: Average percentage agreement (PA) and inter-
annotator agreement (Krippendorff’s «) for “stakehold-
ers mentioned”.

percentage agreement (PA) was calculated for
the following free-text dimensions: “datasets
used”, “risks/concerns”, “measures taken to ad-
dress risks/concerns”, and “future directions”. As
these dimensions often included many different el-
ements (e.g., dataset names for the “datasets used”
dimension and specific suggestions for future re-
search for “future directions”), PA was calculated
in the form of pairwise agreements (at the level of
the paper, with the score reported in Table 1 corre-
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Label PA «

Overall 0.94 0.7
Domain experts 0.89 0.61
General user 1.0 1.0
Industry/company 0.97 0.49
Learners 0.92 0.71
None / N.A. 0.92 0.84
Other Researchers 0.92 0.53
Paper authors 0.92 0.46
Policy makers/governments/ministries 0.97 0.0
Schools/universities 0.97 0.0
Teachers 0.97 0.84

Table 3: Average percentage agreement (PA) and inter-
annotator agreement (Krippendorff’s «) for “stakehold-
ers included”.

Label PA «

Overall 0.88 0.61
High 0.84 0.51
Middling 0.84 041
Minimal 0.92 0.53

None /N.A. 092 0.84

Table 4: Average percentage agreement (PA) and inter-
annotator agreement (Krippendorff’s alpha) for “level
of inclusion stakeholders included”.

Label PA «

Overall 0.84 0.52
High 0.87 0.66
Middling 0.79 0.56
Minimal 0.79 0.57

None /N.A.  0.92 0.37

Table 5: Average percentage agreement (PA) and inter-
annotator agreement (Krippendorff’s alpha) for “level
of engagement risks/concerns”.

sponding to the mean of these per-paper pairwise
agreement values).

Table 7 contains examples of how PA was cal-
culated for the following free-text dimensions:
“task”, “dataset availability”, “methods”, “evalu-
ation”, “motivation”, “deployment”, “explicit in-
centives”, “implicit incentives”, and “future de-
ployment”. As these dimensions virtually always
included only a very limited number of core ele-
ments, PA was calculated in the form of majority
percentages (at the level of the paper, with the score

reported in Table 1 corresponding to the mean of

Public (n=205)- 71.9%

Upon-request/paid licence (n=55)1 | 193%

Private (n=25)1 838%
0 10 20 30 40 50 60 70
percentage of publications

Figure 11: Availability of datasets used in the surveyed
papers.

Help stakeholder- 109
Address a pedagogical/ethical concern 82
Assume role of stakeholder 52
Technical motivation only 43

Include stakeholder in research; |7
Literature review paper 3

Position paper 2
0 20 40 60 80 100

count of publications

Figure 12: Distribution of papers’ explicit motivations
for the task; papers may belong to more than one cate-

gory.

these per-paper majority percentage values).

Tables 2 to 5 further present the agreement
for the multilabel dimensions (stakeholders men-
tioned, stakeholders included, level of inclusion
stakeholders included, and level of engagement
risks/concerns).

E Mapping Papers to High-Level Tasks

The mapping of the analysed papers to the eight
high-level tasks is presented in Table 8.

F Availability of Datasets

The availability of the datasets used in the analysed
papers is presented in Figure 11.

G Explicit Motivations

The distribution of the papers’ explicit motivations
for the research conducted is visualised in Fig-
ure 12.
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Paper ID Annotator 1 Annotator 2

Annotator 3 Computation

Datasets

2025.bea-1.38 LORuGEC LORuGEC
RULEC-GEC RULEC-GEC
RU-LAng8 RU-LAng8
GERA GERA

LORuGEC * LORuGEC: 3/3 PWA
RULEC-GEC *« RULEC-GEC: 3/3 PWA
RU-LAng8 * RU-LAng8: 3/3 PWA
GERA * GERA: 3/3 PWA

English_ BEA * English_BEA: 1/3 PWA

— PA paper = 13/15 = 86.87 %

2025.bea-1.72 custom_dataset custom_dataset EKI-L2 * custom_dataset: 1/3 PWA
EKI-L2 EKI-L2 « EKI-L2: 3/3 PWA
Estonian EstGEC-L2 * Estonian National Corpus: 1/3 PWA
National Corpus * EstGEC-L2: 1/3 PWA
EstGEC-L2 — PA paper = 6/12 = 50%
Risks/concerns
2025.acl-long.1026  Limited dataset Limited to Manual ¢ (Remunerate) annotators: 3/3 PWA
size; Error English; ensured  annotation; * (Limited) language/resource coverage:
Operation Ratio ~ fair dataset size; 3/3 PWA
Limitation; compensation ratio of error * Error operation ratio: 1/3 PWA
limited language  for the operations isnot ~ — PA paper =7/9 =77.78%
coverage; fair annotators; controlled for;

limited number
of minimal pairs
due to manual
creation

pay of annotators

limited focus (on
English)

Table 6: Examples of percentage agreement (PA) computation for free-text annotation dimensions. “PWA” stands
for pairwise agreement among the annotators (i.e. Annotator 1 compared to 2, Annotator 1 compared to 3, and
Annotator 2 compared to 3). Note that absence of annotation also counts as agreement (e.g., between Annotator 1

and 2 for the “English_BEA” dataset).

Middling (n=84)- 46.1%

High (n=65)1 36.1%

Low (n=31)1 17.2%

0 10 20 30 40
percentage of publications

Figure 13: Overall level of inclusion of included stake-
holders; we distinguish 3 levels: High (integral to re-
search design & completion), Middling (involved in data
evaluation or annotation, but have no input on research
design), and Low (test subjects in data collection only).

H Stakeholders Included and Mentioned

As the authors are the primary stakeholders of the
research, we present demographic information in
terms of country of author affiliation in Figure 15.
Secondly, Figure 13 visualises the level of inclusion
of the stakeholders included in the research.

I Acknowledged Entities

Figure 14 depicts the “acknowledged countries”
(i.e., the the number of papers per country of affil-
iation of entities acknowledged), while Figure 16
provides more details on the number of times enti-
ties were acknowledged.

J Relation between Tasks and Implicitly
Benefitting Stakeholders

Figure 17 presents a heat-map that links the high-
level tasks to the combined explicitly and implicitly
benefitting stakeholders.

K Risks, Concerns and Limitations
Breakdown

Figure 19 distinguishes three levels of engagement
with stated risks: High (directly mitigated or dis-
cussed in substantial depth), Middling (discussed
as part of future work), and Low (briefly mentioned
only). Across most risk categories, the majority of
engagement is at a Low or Middling level. Method-
ology limitations show 90% Middling engagement —
they are widely acknowledged but rarely addressed
in the current work. Dataset limitations are 56%

743



EU-wide entities acknowledged in 10 papers.

s

=L

20

Figure 14: Acknowledged countries (i.e., the number of papers per country of affiliation of entities acknowledged in
the surveyed papers).

50

40

30

10

Figure 15: Author countries (i.e., the number of papers per country of author affiliation).
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National Natural Science Foundation of China - I 12 ‘

U.S. National Science Foundation -
Cambridge University Press & Assessment -

Horizon Europe -

Center of Advanced Technology for Assisted Learning and Predictive Analytics (CATALPA) of the FernUiversitit -

German Ministry of Education and Science, JST SPRING, Swedish Research Council

Institute for Information communications Technology Planning (II'TP) of Korea, Research Foundation Flanders (FWO) and 11 others...

City University of Hong Kong, Comproved, Deutsche Forschungsgemeinschaft (DFG) and 10 others...

A*STAR-I2R, Academia Sinica and 107 others...+

0 2 4 6 5 10 12
count of publications

Figure 16: Acknowledged entities (i.e., the number of times an entity was acknowledged in the surveyed papers).

Automated assessment (AES, ASAG)

Content generation

=)
=

Datasets, data mining and knowledge extraction

=]
=4

Proportion of papers per task

Grammatical error correction (GEC)

Intelligent tutoring system (ITS)

High-level task
1
o
I

Knowledge fracing and learner modelling
Other -02

Text simplification and complexity prediction
- 00

Stakeholder type

Figure 17: Heat-map relating the high-level tasks to the combined explicitly and implicitly benefitting stakeholders.

745



Paper ID Annotator 1 Annotator 2 Annotator 3 Required elements Computation
Task
2024.nlp4call-1.14 Conversational  Intelligent Conversational  *ITS ITS mentioned in
intelligent tutoring intelligent all three
tutoring systems tutoring annotations —
system (ITS) system (ITS) agreement = 100 %
for EFL for L2 English
speakers
2025.bea-1.2 LLM vs. Proofreading Analysis of * Human vs. LLM Element of “human
human in L2 writing lexical and proofreading vs. LLM” not
proofreading (automated syntactic * L2 writing mentioned by
of L2 writing error interventions Annotator 2 —
correction) of human and agreement =
LLM 66.67 %
proofreading
aimed at
improving
intelligibility
in identical L2
writings
Methods
2024.bea-1.58 Compare Zero-shotand ~ Use of LLMs » Comparison Element of
zero-short and  few-shot (GPT and between zero-shot “zero-shot vs.
few-shot prompting LLaMA) for and few-shot few-shot” not
prompting (with some automated  Use of fine-tuned ~ mentioned by
with LLMs vs.  fine-tuning) scoring of models Annotator 3 —
fine-tuned for automated  short answer agreement =
models for scoring responses 66.67 %
assessing short
answers.
Future deployment
2025.emnlp-main.992  In teacher-in- In high-stakes ~ AES systems * Teacher in the None of the
the-loop real assessment for English loop annotators fully
world scoring * High-stakes overlap —
applications assessments agreement = 0%

* AES systems

Table 7: Examples of majority agreement computation for free-text annotation dimensions. Possible values: 0%
(none of the annotations fully overlap), 66.67% (full overlap for two of the three annotations), or 100% (full overlap

for all three annotations).

Middling. Risk of bias, one of the most commonly
cited concerns, is engaged at a High level in only
17% of papers that raise it; in 45% of cases it is
Middling, and in 38% it is Low.

High engagement is most consistently found in a
small set of categories: fair compensation for stake-
holders (100% High, though only 6 papers raise
this at all), and to a lesser extent data protection
(65% High). Risk of hallucination, lack of human
evaluation, and the gap between research and real-
world application are predominantly engaged at
Low or Middling levels — noted as future work, but
rarely designed around. This pattern suggests a
community that is aware of the ethical dimensions
of its work but has not yet developed consistent
norms for acting on them within the scope of indi-

vidual papers.

L Areas of Future Work

Figure 20 shows the areas of future work explicitly
mentioned in the papers, split across five high-level
categories (“stakeholder inclusion”, “technical de-
velopment”, “expand scope”, “engage with issues”,

and “none/not applicable).
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Data protection/anonymising data I ey
Research is open-source and accessible I 25
Informed consent for included stakeholders T
Fair compensation for included stakeholders 10
Risk of bias [N 46
Safety concerns [N 26
Risk of hallucinations | 12
Risk of dual-use NG
Lack of generalisabilty S 55
Lack of human involvement (i.e. user study), 7
Lack of explainability/interpretability
Lack of human evaluation 12
Lack of reproducibility 11
Lack of scalability N6
Methodology limitation: | 69
Dataset limitations | 60
Compute/memory limitations  [[INEEEGEGGEEEn 33
Limited model selection I 32
Limits of human inclusion NN 28
Limitations of LM-based method/evaluation NG 21
Models as limited human proxies |GG 20
Language-specific I
Task/domain-specific I 44
Culture/demographic-specific [INIEIEGN 18

8

Difference between research and real-world _32 Category
application B Specificity
Need for human-in-the-loop I 19 BN Study limitations
Rapidly changing field: results not definitive N9 m |dentified gaps
. I Risks
2
Environmental cost of technology Il I Participant and data concerns
None/N.A. I 14 B Contextualising research
[ None/N.A.
0 10 20 30 40 50 60 70 80

Figure 18: Risks, concerns and limitations explicitly raised by paper authors split across six high-level categories
(showing the number of papers; note that a paper may report more than one area of risk).
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Data protection/anonymising data -[ [ T v 3s
Research is open-source and accessible -0 SN I e 25
Informed consent for included stakeholders [N NNSHNNN SN 11
Fair compensation for included stakeholders -- _1[}
Rk ot ies - I I S
e —
Risk of hallucinations —[JIN SN IS 4 12
Risk of duat-use - EZIIENA6
Lackof gonerataity - I A <5
Lack of human involvement (i.e. user study) [N |21 NN s 18
Lack of explainability/interpretability [ [ESH IR 3 17
Lack of reproducibility [N il IS e 12
Lack of human evaluation [ IS 4 12
Lack of scalability - [  EZEI216
Datase mations N S Y S 60
LM selection limitations —- ._— 33
Compute/memory limitations - SN S T 32
Limits of human inclusion - NN S o 29
Limitations of LM-based method/evaluation ~[JIlIlll 1 IS T 21
LMs as limited proxies for humans —- l__19
Languagetsyspecic NN N I S -
Tasacomai-spectc - S S 44
Culture/demographic-specific -- l_-18
Difference between research and real-world application -- -_—32

Need for hybrid use of the system and human judgement —- _-_19 E"‘91393|"1“:~""1 level
Large and rapidly changing field: results not definitive —- ---9 = :iil:lling
Environmental cost of technology —- IlZ s Low
0 10 20 30 40 50 60 70

Figure 19: Engagement levels for the risks, concerns and limitations explicitly raised by paper authors; we
distinguish 3 levels of risk engagement: High (a risk, concern or limitation that is directly mitigated in the paper or
discussed in great depth), Middling (discussed as part of future work), and Low (briefly mentioned only).
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Provide explanations/increase interpretability,
Initiate discussion

Increase generalisability,

Bias identification/mitigation

Explore trade-offs between performance and cost

Explore balance between human and technological
education applications

Transparent Al methods
Expand the data
Expand the language selection

Expand the subject domain

Expand the (non-human) evaluation methods,
Expand the LMs used

Make different (e.g. learner) backgrounds explicit

General technical improvements related to risks
lconcerns

Build new datasets

Data pre-processing

User study/user inclusion

Integrate into real-world systems

Human evaluation

Include more diverse stakeholders
Human-in-the-loop validation/human alignment

None/N.A.

6
—
—2
—

B2

P 3
P 55

—

e
e
2

[

T

2

—2e Category

e mmm  Stakeholder inclusion
I Technical development

_14 W Expand scope

I 2 B Engage with issues
N None/N.A.

0 20 40 60 80 100

Figure 20: Areas of future work explicitly mentioned in the papers split across four high-level categories (showing
the number of papers; note that a paper may report more than one area of future work).
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High-level task

Papers

Automated as-
sessment (AES,
ASAG)

Yaneva et al. (2024b); Yarmohammadtoosky et al. (2025); Chamieh et al. (2024);
De Vrindt et al. (2024); Crossley et al. (2024); Frederick Eneye et al. (2025); Carpenter
et al. (2024); Doi et al. (2024); Arronte Alvarez and Xie Fincham (2025); Chifligarov
et al. (2025); Rezayi et al. (2025); Yancey et al. (2024); Bradford et al. (2024); Bannd
et al. (2024); Kwako and Ormerod (2024); Lober et al. (2024); Nebhi et al. (2025);
Qwaider et al. (2025); Hjortnaes et al. (2024); De Vrindt et al. (2025); Banno et al.
(2025); Stahl et al. (2024); Mirabella and Brunato (2025); Asano et al. (2025); Li et al.
(2024); Li and Ng (2024); Wang et al. (2024c¢); Chen and Li (2024); Chen et al. (2025);
Shibata and Miyamura (2025); Srivatsa et al. (2025b); Eltanbouly et al. (2025); Kim et al.
(2025a); Lee et al. (2024b); He and Li (2024); Boquio and Naval (2024); Chakravarty
et al. (2025); Yoo et al. (2025); Karim et al. (2025); Li and Ng (2025); Su et al. (2025);
Chu et al. (2025a); Bexte et al. (2024); Koutcheme et al. (2024); Schaller et al. (2024);
Muiioz Sanchez et al. (2024a); Bexte and Zesch (2025); Geng and Alfter (2025); Bexte
et al. (2025); Bloch et al. (2025); Zesch et al. (2025); Urrutia et al. (2025); Zehner et al.
(2025); Elaraby and Litman (2025); Tran et al. (2025); Dascalescu et al. (2025)

Grammatical
error correction
(GEC)

Staruch et al. (2025); Sorokin and Nasyrova (2025); Vainikko et al. (2025); Luhtaru
et al. (2024); Yang and Quan (2024); Wang et al. (2024b); Tang et al. (2024); Goto et al.
(2025c¢); Ye et al. (2025); Goto et al. (2025b); Bhattacharyya and Bhattacharya (2025);
Li et al. (2025); Qorib et al. (2024); Koo et al. (2024); Katinskaia and Yangarber (2024);
Wau et al. (2024); Alhafni and Habash (2025); Cao et al. (2025); Koyama et al. (2025);
Goto et al. (2025a); Wang et al. (2025d); Stahlberg and Kumar (2024); Omelianchuk
et al. (2024); Kobayashi et al. (2024); Qiu et al. (2025); Ostling et al. (2025); Michael and
Horbach (2025); Masciolini et al. (2025); Seminck et al. (2025); Staruch (2025); Tyen
et al. (2024); Kucharavy et al. (2025); Galletti and Cesaroni (2025); Koutcheme et al.
(2025); Marciniak et al. (2025); Petukhova and Kochmar (2025); Tiwari and Rastogi
(2025); Correa Busquets et al. (2025)

Text simplifica-
tion and com-
plexity predic-
tion

Tack (2024); Veeramani et al. (2024); Alfter (2024); Sastre et al. (2024); Padovani
et al. (2024); Rooein et al. (2024); Katinskaia et al. (2025); Ribeiro-Flucht et al. (2024);
Yousefpoori-Naeim et al. (2024); Wang et al. (2024a); Kelious et al. (2024a); Cristea
and Nisioi (2024); Lim and Lee (2024); Yaneva et al. (2024a); Tack et al. (2024); Bulut
et al. (2024); Cristea and Nisioi (2024); Shardlow et al. (2024); Enomoto et al. (2024);
Dutilleul et al. (2024); Goswami et al. (2024); Strohmaier and Buttery (2024); Uberriick-
Fries et al. (2024); Kelious et al. (2024b); Alfter (2025); Miyata et al. (2025); Vu et al.
(2025); Degraecuwe (2025)

Intelligent
tutoring system
dTS)

Pérez-Ortiz et al. (2024); Yasser et al. (2025); An et al. (2025); Kochmar et al. (2025);
Park et al. (2025); Wang et al. (2025a); Ribeiro-Flucht et al. (2025); Almasi and
Kristensen-McLachlan (2025); Kucheria et al. (2025); Lee et al. (2024a); Pal Chowdhury
et al. (2025b); Ikram et al. (2025); Siyan et al. (2024); Wang et al. (2025b)

Content genera-
tion

Bodnar (2025); Benedetto et al. (2025); Leite and Lopes Cardoso (2025); Paddags et al.
(2024); Berruti et al. (2024); Ma et al. (2025); Liu et al. (2025); Durward and Thomson
(2024); Jiang et al. (2025); Wang et al. (2025c¢); Scaria et al. (2024); Ashok Kumar and
Lan (2024); Scarlatos et al. (2024); Stowe et al. (2024); Glandorf and Meurers (2024);
Nikolova-Stoupak et al. (2024); Toussaint et al. (2024); Sduberli et al. (2025); Parikh
et al. (2025); Kim et al. (2025b); Huovinen and Hamélédinen (2025); Poon et al. (2025)

data
and

Datasets,
mining
knowledge
extraction

Sung et al. (2025); Akef et al. (2025); Chitez et al. (2025); De Kuthy et al. (2025); Han
and Choi (2025); Akter et al. (2025); Sharma and Zhang (2025); Chen and Zhao (2025);
Foret et al. (2024); Yang et al. (2025); Velentzas et al. (2024); Rozovskaya (2024); Zhao
et al. (2025); Mita et al. (2024); Ding et al. (2024); Beigman Klebanov et al. (2024);
Schaller et al. (2025); Dumitran et al. (2025); Mulcaire and Madnani (2025)

Knowledge trac-
ing and learner
modelling

Gurin Schleifer et al. (2024); Cristea and Nisioi (2024); Martynova et al. (2025); Srivatsa
et al. (2025a); Stearns et al. (2024); Chu et al. (2025b); Hayat et al. (2024); Shi and
Mangalam (2025)

Other

Gupta et al. (2025); Ilagan et al. (2024); Schmalz and Tack (2025); de Chillaz et al.
(2025); Singh et al. (2025); Muifioz Sanchez et al. (2024b); Ballier and Méli (2024);
Degraeuwe and Goethals (2024); Ayari and Li (2024); Hiilsing and Horbach (2024);
Pal Chowdhury et al. (2025a); Skidmore et al. (2025); N J et al. (2025); Kolagar et al.
(2025); Shimabukuro et al. (2025); Sakunkoo and Sakunkoo (2025); Mao et al. (2025);
Uluslu and Schneider (2025)

Table 8: Table showing the mapping from high-level tasks to individual papers and their specific tasks.
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