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Abstract. LLMs have gone from theoretical computer science research
to widespread use by the general public, with the emergence of increas-
ingly powerful and popular LLMs models. These effective models have
been incorporated into AIED research, but they raise several questions,
since in this field, every prediction and every decision can have a signif-
icant impact on the learner. In this paper, we propose a study of LLMs’
use in education, focusing on the evolution of the presence of these sys-
tems, their evaluation, and the tasks assigned to them. To this end, we
conducted a meta-analysis, leading to the construction of a codebook
based on the articles published from 2023 to 2025 editions of the AIED
conference, ensuring agreement between annotators on a sample.

Keywords: Large Scale Language Models · Education · Content Anal-
ysis

1 Introduction

The landscape of educational technology is undergoing a “generative turn”. Large
Language Models (LLMs), with their transformer architectures and emergent
reasoning capabilities, have moved beyond sophisticated auto-complete to serve
as multifaceted instruments within the pedagogical ecosystem, facilitating func-
tions such as learning, supporting content creation, dialogue-based learner assis-
tance, assessment, and feedback [5]. However, this rapid integration has outpaced
our theoretical understanding of its impact. Initially confined to low-stakes sup-
port functions—such as text summarization or grammar correction—LLMs are
increasingly being delegated "High-Level Cognitive Tasks" (HLCTs). In edu-
cation, these include instructional design, learner misconception modeling, and
even acting as pseudo-tutors in collaborative learning environments [7]. This
shift makes rigorous socio-technical evaluation all the more important: LLM out-
puts are probabilistic, sensitive to prompt and context variations, and prone to
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generating fluent but nonfactual content–commonly known as "hallucinations"
– which poses real risks to educational validity and trust. This article presents
early findings from a broader, ongoing review of generative AI in education. This
broader review addresses educational uses of LLMs, approaches for evaluating
such uses, ethical and governance considerations, and prompting strategies for
different educational uses.

We restrict the present synthesis to papers published in the AIED (Artificial
Intelligence in Education) Conference over the most recent three-year window.
This scope is motivated (i) temporally because widely accessible LLM systems
entered public use at the end of 2022 and the first sustained wave of educa-
tional research followed in 2023 and (ii) venue-wise because AIED is a long-
standing, field-defining conference at the intersection of AI and the learning sci-
ences, and its proceedings provide a concentrated view of methodological norms
and emergent application patterns in AI-in-education research. This scope might
be expanded in future works. Given the identified need for rigorous evaluation
methods for LLM systems in education, we narrow the focus to a foundational
research question that structures the first phase of synthesis: How are dif-
ferent tasks assigned to LLMs in educational settings evaluated?

2 Related Works

Recent syntheses have studied LLM’s appearance in education. Position and
survey-style papers outline opportunities and risks across student-facing sup-
port (explanations, dialogue tutoring, practice generation, writing support) and
teacher-facing work (lesson/assessment authoring, feedback drafting), emphasiz-
ing the socio-technical implications of deploying probabilistic text generators in
instructional settings [5, 4]. Scoping and systematic reviews further catalogue
applications and recurring challenges (e.g., transparency/replicability, privacy,
bias), often grouping findings by use-case families such as feedback, grading,
content generation, and teaching support [11, 9, 3]. These syntheses also focus
on specific application domains evaluation, especially assessment and tutoring.
Reviews and empirical studies report mixed evidence on reliability/validity when
LLMs grade or score open-ended work, and highlight sensitivity to prompts,
rubrics, and rater disagreement [2, 6, 8]. In tutoring, recent work proposes
pedagogy-grounded evaluation taxonomies and benchmarks, reflecting the lack
of shared standards for assessing “instructional quality” beyond surface plausibil-
ity. Human-centered evaluation frameworks in adjacent fields stress multidisci-
plinary protocols and validity threats in human judgment of generative systems
[10, 1].

But a key gap still remains: most reviews organize studies by application
area rather than by what is actually delegated to the LLM. This is important
because different delegated tasks require distinct evaluation designs and out-
come measures. When studies with fundamentally different delegation choices
are grouped, results are harder to compare and may not reflect genuine learning
effects. A task-level lens makes the unit of analysis explicit, aligns evaluation
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methods with the delegated function, and supports more educationally valid in-
terpretations. Addressing this gap, our content analysis (restricted to the last
three years of AIED) builds a task-level delegation taxonomy and synthesizes,
by task, the evaluation approaches used

3 Methodology

3.1 Annotation Process

Because the application of LLM to education is both recent and rapidly diver-
sifying, existing reviews organize the space from multiple angles (applications,
risks, stakeholders, technical approaches) but do not yet provide a shared, ready-
to-use taxonomy that directly operationalizes the constructs needed for our re-
search question on the evaluation of the different tasks provided to LLMs. We
have therefore developed a purpose-built coding scheme using a hybrid content-
analysis strategy: categories were inductively derived and iteratively refined from
the corpus, while individual labels and decision rules were anchored in established
frameworks, such as canonical prompting and adaptation methods (see 3.2).

To this end, the authors formed a team of four annotators and followed an
iterative codebook-development procedure common in systematic content anal-
ysis. First, we jointly read a small subset of papers to determine which variables
were necessary to address the research questions and draft an initial codebook
specifying constructs, admissible values, and explicit decision rules. We then
conducted a broader pilot annotation on additional papers, during which we
applied the draft codebook and logged ambiguities, missing categories, and re-
current edge cases. These observations informed successive refinements (merg-
ing/splitting categories, tightening definitions, and adding decision rules) until
the coding scheme stabilized—i.e., newly sampled papers rarely prompted new
categories and the rules could be applied consistently. To quantify reliability, we
ran a two-round agreement assessment: in Round 1, we coded 24 of 86 papers
in the 2025 subset, and we computed Cohen’s κ for single-choice variables and
Krippendorff’s α for multi-label variables (alongside percent agreement, follow-
ing reporting recommendations). We then held a structured calibration meeting
to resolve disagreements, clarify definitions, and revise decision rules, to read all
papers again with these adjusted guidelines, and repeated the procedure with
the same codebook on a second sample of 24 papers to verify improved consis-
tency. Second-round κ and α scores (and percent agreement) are reported for
each variable in the next subsection. After this calibration-and-verification cycle,
we applied the finalized codebook to annotate the full set of included papers (all
papers from 2024 and 2023).

3.2 Coding Scheme

This section documents the operational definitions used in our annotation pro-
tocol. We grouped our annotations in three main categories: (A) Technical Ar-
chitecture and Implementation, (B) Task, and (C) Evaluation (specifically to
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answer RQ). Table 1 sum up all the categories, variables, and labels. In line
with our research question, we confined our meta-analysis to variables that were
both pertinent and supported by strong annotator agreement. Variables deemed
non-essential for the questions at hand were omitted, as were those with unre-
solved annotator disagreement—an issue we interpret as reflecting insufficient
definitional clarity. Some variables that were kept still yielded low κ or α scores
while having an acceptable percentage of agreement. They represent potentially
imbalanced categories that should be clarified. Moreover, our results for these
few might be mitigated by this limitation (Category A: reproducibility, Category
C: LLM Evaluation, surveys).

Category /
Variable

Definition & Rules Labels (Values) Reliability
(κ/α & %)

Category A: Technical Architecture & Implementation
Model Used Name of the model used. Free text
Adaptation Level Level of adaptation to the task. Zero-Shot,

Few-Shot,
Fine-Tuning...

α = 0.84 - 83.3%

Deployment Mode How is the model accessed and
executed?

Local, API,
Unspecified

κ = 0.75 - 91.7%

Reproducibility Was the prompt given or the
method detailed?

Prompt, Method,
Unspecified

κ = 0.58 - 74.8%

Category B: Task
Task Category What is the category of the

educational task that was delegated
to LLM according to our taxonomy

Evaluation,
Generation,
Chatbot, Other

α = 0.72 - 84.7%

Task Type What educational task was
delegated to LLM ?

Scoring, Feedback... α = 0.64 - 72.2%

Category C: Evaluation
Evaluation Focus What was the LLM evaluated on? Performance,

Usefulness, Usability
α = 0.84 - 91.7%

Human evaluation Were there any human evaluation?
And if so, were they experts?

Yes/No κ = 0.75 - 91.7%
κ = 0.81 - 91.7%

LLM evaluation Were there any LLM-as-judge? And
if so, were they validated by
experts?

Yes/No κ = 0.59 - 87.5%
κ = 0.00 - 91.7%

A/B Testing Were there any A/B Testing
protocol?

Yes/No κ = 1.0 - 100%

Statistical tests Were there any statistical tests ? Yes/No κ = 0.83 - 91.7%

Surveys Were there any standardized survey
used and if so, which one?

Yes/No
+ Free text

κ = 0.57 - 83.3%

Datasets Were there any external dataset
used and if so, which one?

Yes/No
+ Free text

κ = 0.80 - 91.7%

Metrics What metrics were used? Free text

Table 1: Annotation Scheme Summary: Features and Reliability
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Category A: Technical Architecture & Implementation captures
implementation-level descriptors that can be coded directly from the methods:
(A1) the model family used (verbatim model IDs and parameter scales were first
recorded, then collapsed to families such as GPT/Llama/Mistral for analysis),
(A2) the adaptation level describing how an off the shelf LLM was personalized
for the use case (from prompt-based in-context learning and structured prompt-
ing to parameter-efficient and full fine-tuning) and, (A3) the deployment mode
at inference time (API/hosted, local/self-hosted, or unspecified)

Category B: Task identifies the educational task(s) assigned to the LLM
(coded as multi-label when applicable) in order to situate each study’s evalua-
tion within its functional intent. We also define a task-level delegation taxonomy:
Generation (educational content generation, feedback...), Evaluation (assess-
ment, educational content difficulty...), Chatbots, and Other. This category
could also be coded as multi-label when necessary.

Category C: Evaluation records how studies evaluate LLM-based systems
and is the primary basis for our research question: we coded an Evaluation
Focus as Performance (output quality against a reference/criterion), Useful-
ness (perceived or measured educational value/outcomes), or Usability (inter-
action quality in terms of effectiveness/efficiency/satisfaction), and additionally
captured structured metadata about the evaluation design (e.g., instruments,
raters, agreement metrics, statistical tests).

Overall, the methodology combines data-driven codebook construction with
iterative annotator calibration and inter-annotator agreement checks, yielding a
coding scheme that is both grounded in the corpus and sufficiently operational-
ized for reproducible application.

4 Results

4.1 Tendencies and Global Observations

Fig. 1: Model supplier evolution across
years

Fig. 2: Task type distribution evolution
across years

A global examination of the results confirms a steady rise in the use of LLMs
either as standalone systems or as components within systems over the last
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three years in our research domain, increasing from 7 articles in 2023 (8.98% of
articles) to 21 in 2024 (27.63%) and 86 in 2025 (34.40%). These figures exclude
papers that discuss LLMs without actually deploying them, which also grow
over time: from 1 (1.28%) in 2023 to 13 (17.11%) in 2024 and 53 (21.2%) in
2025. These results show that LLMs are a subject that is growing enormously
in importance, accounting for half of all articles published in 2025. Regarding
the specific models employed, Figure 1 presents their evolution across years. A
total of 128 different models were used. While only 1 article used more than one
model in 2023, this number rose to 9 in 2024 (42.9% of LLM-operating papers)
and 29 in 2025 (33.7% of LLM-operating papers), enabling broader comparative
evaluations across systems. We observe the strong predominance of OpenAI
models (specifically coming from GPT-4o in the 2025 graph) in the last two
years, along with the emergence of an increasingly diverse range of alternatives,
captured in the expanding “Other” category. Regarding models’ openness, 70, 3%
of the 78 models used in our scope were proprietary, 21, 9% the models were
open weights, and 7.8% were open source. 72.6% were online models only usable
through APIs or interfaces, and 27.4% were downloadable models. Figure 2 shows
how the tasks delegated to LLM evolved throughout the year according to our
taxonomy. Although there are slightly more papers with an evaluation task, the
proportions of the 3 task types remain balanced throughout the year.

4.2 Evaluation Methods

Fig. 3: Methodologies of evaluation
used depending on evaluation category

Fig. 4: Methodologies of evaluation per
task delegating to the LLM system

Of the 115 papers that used LLM as or within a system, 19 evaluated it on
multiple dimensions. Most assessed performance (N = 86, 74.8%), while fewer
examined usefulness (N = 26, 22.6%) or usability (N = 17, 14.8%). Only three
papers did not evaluate either the LLM or its host system.

When diving into details, 67.8% of articles evaluate their models through hu-
man annotation, among which 84.6% are experts’ annotations (the others might
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be from the learners or users of the system). 31.3% of articles performed statis-
tical tests, 30% used surveys, 22.6% used existing datasets. LLM was used as
a judge in 14 (12.2%) articles, and these evaluations were validated by humans
in 6 cases. A/B testing protocol was used in 10.4% of studies. Figure 3 illus-
trates the prevailing methods used to evaluate the system, broken down by the
performed evaluation types. However, this visualization has a limitation: several
papers include multiple evaluation types, sometimes applying a method to only
one aspect. For example, a study might assess both performance and useful-
ness, while A/B testing is used only for usefulness, yet it still appears on the
performance line. Nearly half of the studies (44.5%) used human annotation to
evaluate performance. When it was not the case, they often relied on existing
datasets (17.8%). Usability shows an important survey uses (28.6%), usefulness
of statistical tests (27.0%), and A/B Testing (17.5%).

Figure 4 shows how different tasks are evaluated. We can see that systems
for Chatbot or Generation tasks are generally similarly assessed. For Evaluation
tasks, there is a clear prevalence of expert labeling and an absence of A/B
testing. This tends to indicate that, for this type of system (mostly classification
systems), authors aim to develop systems focusing on performance metrics but
do not consider the possible pedagogical impact these systems could have.

We can note that 28 studies (24.5%) did not evaluate model performance,
focusing instead on the usefulness and/or usability aspects. This shift is partic-
ularly evident in studies utilizing proprietary models (89.3% of the 28 studies),
where the research objective moves from benchmarking technical capabilities to
assessing educational impact. These studies employed human-centric method-
ologies such as surveys and A/B testing, representing a “qualitative turn” in
LLM-assisted education. In a sensitive area like education, the accuracy of sys-
tems and their performance in a given task seems to be a first and necessary
assessment step. The fact that only 67% of the total corpus utilized either Expert
Annotators or existing datasets suggests a potential “validation gap” where
the pedagogical safety of a system is assumed rather than tested, es-
pecially when automated performance metrics are bypassed. A weakness of the
LLMs lies in their exploratory nature, especially for proprietary models where
results are harder to replicate. To try to answer this issue, we underline that
45.6% of articles detailed their prompting methods while 28.9% even gave an
example of their prompt. Lastly, 30 papers (26.3%) did not propose any method
or prompt to illustrate their approach, limiting reproducibility of the work.

An interesting methodological shift identified in the recent AIED proceed-
ings is the emergence of the “LLM-as-judge” paradigm, which reflects a growing
tension between scalability and pedagogical validity. Our analysis shows that 14
articles (12.3%) entrust the assessment of learner outputs or system performance
to an LLM, yet this automation is not always subjected to rigorous oversight.
Specifically, only 6 of these 14 integrate expert validation to verify alignment
with educational standards. This trend reveals a growing validation gap, where
system reliability is assumed rather than empirically proven. Without a robust
“human-in-the-loop” framework to audit these automated judges, we risk em-
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bedding algorithmic biases that remain invisible to both learners and
educators.

5 Conclusion

This work on the evaluation of LLM-based systems raises important questions
about the trust placed in such technologies, especially in education, where sensi-
tive data is handled. Although LLMs are powerful and effective tools, it is crucial
to remember that every decision or output they produce can significantly affect
learners, as sustaining their motivation, confidence, and engagement is inher-
ently challenging. Our work also shows how some studies try to keep “Expert-in-
the-loop” and persist in rigorous evaluation protocols, evaluating performance,
usability, and utilisability. The growing use of LLMs on HLCTs in education
should still make us keep these conclusions in mind to ensure pedagogical safety.

In this paper, we present a preliminary overview of our work. Although we are
focusing on a subset of our annotations, there is already much to be seen in the
AIED publications of the last three years. We still explore other aspects of the
corpus to evaluate more precisely the techniques used or how the use of LLM was
compared to existing works. This global study aims to engage a discussion within
our research community over our practices and the use of these technologies.

Acknowledgments. This work was partly supported by Génération 5 (Cifre PhD
scholarship).
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