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Abstract
Lexical complexity prediction is a key task for lan-

guage teaching, as word difficulty varies across learners
and proficiency levels. While prior work has largely fo-
cused on generating content aligned with the Common
European Framework of Reference (CEFR), less attention
has been paid on whether lexical complexity judgments
themselves align with CEFR standards. This paper investi-
gates whether large language models (LLMs) can reliably
predict the CEFR level of individual words using zero-
shot and few-shot prompting. We evaluate model outputs
against three independent CEFR-annotated lexical datasets.
Results show that prompt design strongly affects perfor-
mance. Additionally, LLM predictions exhibit stronger
alignment with certain lexical resources, suggesting that
model judgments reflect biases present in their training
data. These findings highlight both the potential and limi-
tations of LLMs for CEFR-based lexical assessment.

1 Introduction
Research on text accessibility has increasingly focused

on understanding and assessing word difficulty, driving
progress in areas such as lexical simplification (LS) [1],
lexical complexity prediction (LCP) [2], and automated
language proficiency assessment [3]. These tasks aim to
determine how challenging individual words are for dif-
ferent readers and to adapt text accordingly. With the
rise of large language models (LLMs), both LS and LCP
have benefited from stronger contextual understanding and
generation capabilities, enabling more accurate complexity
estimation and more effective simplification strategies.

Standardized frameworks such as the Common Euro-
pean Framework of Reference (CEFR) provide a struc-
tured way to describe language proficiency levels [4],

and using CEFR levels as a proxy for lexical complex-
ity helps align model predictions with language-learning
needs while enabling controlled evaluation of simplifica-
tion quality. However, despite growing interest in CEFR-
controlled text generation [5] and CEFR-based classifica-
tion of multi-word expressions [3, 6], relatively little work
has examined whether LLMs can reliably predict the CEFR
level of individual words. Consequently, it remains unclear
how well LLMs perform on word-level CEFR classifica-
tion, particularly across different prompting strategies and
diverse lexical resources.

This work proposes an evaluation of LLMs on how
well they can estimate the CEFR-aligned difficulty of a
word, when supplied with a word list and given explicit
CEFR-related information, including level descriptors and
example vocabulary. We investigate the effect of different
prompting strategies and compare multiple LLMs across
three CEFR-annotated English lexical resources. The ex-
perimental results indicate that LLM performance is highly
sensitive to prompt design. In particular, simpler prompts
tend to yield better results, and the inclusion of CEFR
level descriptions does not necessarily lead to performance
improvements.

2 Related Work
Work on CEFR level classification has predominantly

relied on masked language models, most notably BERT.
Prior studies have framed CEFR prediction as a super-
vised classification task, leveraging contextualized BERT
embeddings to capture semantic and syntactic cues rele-
vant to lexical and sentence-level difficulty. [7] employs
BERT-based contextual representations combined with tra-
ditional classifiers to predict CEFR levels for lexical items
in context. [6] proposes a metric-based approach in which
BERT sentence embeddings are compared against CEFR-
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level prototypes to address class imbalance. While these
approaches achieve strong performance, they rely on care-
fully curated labeled datasets and task-specific training or
model design.

Recently, LLMs have also been increasingly explored
for simplifying and generating content aligned with learn-
ers’ proficiency levels. One line of work investigates the
ability of generative models to grade and produce vocab-
ulary lists. LLMs have been examined in how they assign
scores to words on a scale from 0 to 4 [8]. Although
CEFR levels were not explicitly used for this study, the
results demonstrated that modern LLMs can provide con-
sistent difficulty judgments across multiple (English, Span-
ish, French, Swedish, and Dutch) languages in a zero shot
setting.

A second line of research incorporates the CEFR directly
into prompting. In [5], models such as GPT-4, Llama-2-
7B, and Mistral-7B were evaluated on their ability to gen-
erate short stories that match a target CEFR levels. Models
received a plot summary and a level (1–6) and were in-
structed to produce text aligned with both. Results showed
that providing CEFR level descriptions significantly im-
proved level control and reduced errors during generation.

3 Methodology

3.1 Datasets

Several CEFR-graded word lists are available for En-
glish, including the Cambridge English Vocabulary Pro-
file (EVP) [9], Pearson’s Global Scale of English (GSE)
[10], and the CEFRLex family of datasets [11]. CEFRLex
is available in five languages (English, Spanish, French,
Swedish, and Dutch), although only the English subset
(EFFLex) is used in this study.

The EVP and GSE datasets were obtained by scraping
their respective websites, with final outputs stored in JSON
format. The EFFLex data set differs from EVP and GSE in
that it contains only information on document-frequency
for each word, rather than a predetermined CEFR label.
Therefore, its CEFR levels had to be inferred from this
information. Due to the small size of the corpus, words
that have a low document frequency (approximately 70%
of words appear in less than 5 documents) might get in-
correctly identified, introducing noise. To mitigate this, we
removed words with document frequency below 20% of the

Table 1 Distribution of CEFR levels after dataset alignment

Final data
Dataset A1 A2 B1 B2 C1 C2

EVP 499 679 1049 948 101 79
GSE 524 282 705 1482 452 0
EFFLex 500 504 561 912 968 0

corpus-wide average. We then assign CEFR levels using
a hybrid approach that combines first-occurrence heuris-
tics with weighted frequency scoring across levels. Words
showing clear dominance at beginner levels (A1–A2) are
classified based on their earliest non-zero occurrence to
prevent them from being pushed to higher levels. For the
remaining words, a continuous CEFR score was computed
by weighting normalized frequency distributions across
levels and mapping this score to discrete CEFR categories.
This approach was selected since it aligned more closely
with expert-annotated resources such as EVP and GSE.

All datasets were cleaned by removing proper nouns
(e.g., personal names), as well as words containing dig-
its (e.g., 12th, 1930s, etc). Multi-word expressions (e.g.,
bullet hole) were also excluded. After this process, only
single-word nouns, verbs, adjectives, and adverbs present
in all three datasets were retained. For polysemous words
with different levels depending on their sense, we assigned
the lowest level, typically corresponding to the most com-
mon sense. For instance, the word run can be classified as
A1 when used as the intransitive verb meaning ‘to move
on one’s feet faster than walking,’ but as C1 when used
metaphorically, as in ‘a piece of equipment is running.’
Since the former represents the most frequent and basic
usage, run was assigned the A1 level. The final word count
is 3,445 and the level distributions are shown in Table 1.

3.2 Prompt setting

Six prompts were evaluated on the final datasets. They
were organized into three groups based on the number
of examples provided to the model (zero-shot, 30-shot,
and 60-shot) and further distinguished by the inclusion of
CEFR level descriptions (A1–C2), resulting in a total of
six prompts for evaluation. The CEFR level descriptions
were sourced from the official Council of Europe website
[12]. All models used a temperature of 0.0.

Zero shot: No examples, no CEFR descriptions.
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Zero shot+CEFR: No examples, CEFR descriptions.
30-shot: 5 word examples per CEFR level, totaling 30.
30-shot+CEFR: 5 word examples per CEFR level, to-

taling 30, and CEFR descriptions.
60-shot: 10 word examples per CEFR level, totaling 60.
60-shot+CEFR: 10 word examples per CEFR level, to-

taling 60, and CEFR descriptions.

The 5 or 10 examples per each of the CEFR levels that
were used in the 30-shot and 60-shot prompts were drawn at
random from a selected subset of words. Due to the nature
of the CEFR itself, level boundaries can be ambiguous,
which leads to disagreements across the three datasets. To
mitigate this issue, a smaller subset containing only words
for which all three datasets agree with each other was
extracted to be used exclusively as examples in the prompts.
The total number of words satisfying this condition is 507.

Since this subset does not contain any C2-level words
due to the constraints of the GSE and EFFLex resources,
the C2 examples were sourced from the final EVP dataset
(which contains 79 C2 words). These examples were se-
lected at random. An example of the simplest prompt that
was used can be seen below.

Zero-shot prompt:
You are an expert in language learning and CEFR levels.
The CEFR stands for the Common European Framework
of Reference for Languages. It’s an international standard
for describing language ability and it categorizes language
proficiency into six levels (A1, A2, B1, B2, C1, C2).

Evaluate the CEFR level of the following list of English
words: [word_list].

If a word has multiple senses or grammatical roles, classify
it according to its most frequent everyday meaning. Provide
the output in a valid JSON format that only contains ’word’
and ’level’ keys. Do not repeat any word, each word should
appear exactly once.

4 Results
The experiments were conducted using GPT4o-mini

[13], Gemini-2.5-flash [14], Mistral-7B-Instruct [15] and
LlaMA3-8B-Instruct [16]. The models were evaluated us-
ing the six prompts discussed earlier. Performance was
assessed using F1 score and quadratic weighted kappa
(QWK) on each of the three datasets.

The results in Table 2 show a clear performance gap
between closed-source and open-source models. The
closed-source models, GPT4o-mini and Gemini-2.5-flash,

Table 2 Scores across prompts against the EVP dataset
GPT4o-mini Gemini-2.5-flash

Prompt F1 QWK F1 QWK

Zero-shot 0.4835 0.6616 0.4303 0.6546
Zero-shot+CEFR 0.4687 0.6314 0.3746 0.5803
30-shot 0.4767 0.6610 0.4122 0.5978
30-shot+CEFR 0.4651 0.6365 0.4129 0.6006
60-shot 0.4766 0.6669 0.4063 0.6120
60-shot+CEFR 0.4694 0.6431 0.4179 0.6024

Mistral-7B LLaMA-3-8B

Prompt F1 QWK F1 QWK

Zero-shot 0.3142 0.3678 0.3276 0.4135
Zero-shot+CEFR 0.2867 0.3140 0.3452 0.3807
30-shot 0.3335 0.3942 0.3368 0.4356
30-shot+CEFR 0.3291 0.3712 0.3578 0.4453
60-shot 0.3479 0.4256 0.3644 0.4550
60-shot+CEFR 0.3432 0.3766 0.3655 0.4530

consistently achieve higher agreement scores than the
open-source models Mistral-7B-Instruct and LLaMA-3-
8B-Instruct across all prompts. The open-source mod-
els, however, outperform a simple frequency-based base-
line (see Appendix C), which achieves QWK of 0.3712.
GPT4o-mini yields the strongest overall performance, with
its best configuration (60-shot without CEFR descriptions)
reaching a QWK of 0.6669. Gemini-2.5-flash follows
closely, achieving a comparable peak QWK of 0.6546 in
the zero-shot setting. In contrast, both open-source mod-
els perform substantially worse, with Mistral-7B-Instruct
having the weakest overall performance. This trend is also
reflected in the F1 scores, where closed-source models con-
sistently outperform open-source ones across all prompting
strategies. In F1 too GPT4o-mini achieves the highest over-
all performance, while open-source models remain notably
behind, indicating weaker per-class prediction accuracy in
addition to lower ordinal agreement. Similar results for the
GSE and EFFLex datasets are reported in Appendix A.

Beyond quantitative differences, the LLM’s behavior
also varies across models. Mistral-7B-Instruct frequently
struggles to follow prompt instructions, repeating entries,
or hallucinating labels. These issues become more pro-
nounced as the number of words evaluated per prompt
increases; reducing batch size from the original 30 words
per request to 10–15 mitigates this behavior. Addition-
ally, it occasionally misspells target words (e.g., “sharpely”
instead of “sharply”), further complicating evaluation.
LLaMA-3-8B-Instruct presents a different set of chal-
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Table 3 QWK scores between dataset pairs

Datasets F1 score QWK

EVP/GSE 0.4412 0.7257
EVP/EFFLex 0.2466 0.5386
GSE/EFFLex 0.3518 0.5219
Mean 0.5954 0.3049

lenges. Without explicit output instructions, it frequently
deviates from the expected JSON structure or includes ex-
planatory reasoning alongside predictions. It also shows a
tendency to split words, such as separating “interestingly”
into “interesting” and “ly”. In contrast, GPT4o-mini and
Gemini-2.5-flash exhibit stable behavior and consistently
adhere to the required output format.

With the exception of Gemini-2.5-flash, the overall best-
performing configuration for each model corresponds to
the 60-shot prompt without CEFR descriptions, indicating
that providing concrete, labeled examples is more benefi-
cial than descriptive guidance. Conversely, adding CEFR
level descriptions rarely improves performance and often
degrades it: in nearly all prompt pairs, the version in-
cluding CEFR descriptions performs worse than its sim-
pler counterpart. This pattern suggests that LLMs benefit
more from practical examples than from abstract descrip-
tions. Furthermore, longer, more complex prompts may
also introduce ambiguity that hinders effective CEFR-level
prediction, skewing prediction towards higher levels.

4.1 Agreement between datasets

QWK and F1 score were used as a metric to measure
the datasets’ agreement level between each other, thus they
were calculated for each pair (EVP/GSE, EVP/EFFLex,
GSE/EFFLex). The mean QWK and F1 scores across all
three datasets were also calculated and are shown in 3.

The strong agreement between GSE and EVP indicates
that expert-curated CEFR resources share a largely consis-
tent interpretation of lexical difficulty, despite differences
in scale design and annotation procedures. In contrast, the
lower agreement that GSE and EVP achieve with EFFLex
suggests a systematic mismatch. This divergence points
to a fundamental difference in what is being measured:
while GSE and EVP reflect expert-judgement of word dif-
ficulty, EFFLex instead captures usage frequency across
educational texts. As a result, frequency-based CEFR ap-
proximations do not reliably align with expert judgments.

Compared to the inter-dataset agreement scores, the
best-performing LLM configuration (GPT with a 60-shot
prompt without CEFR descriptions), achieves substantial
but still lower agreement, QWK of 0.6669 on EVP and
0.6410 on GSE, than the agreement observed between
these two datasets with QWK of 0.7257. This indicates
that, although the evaluated LLMs can approximate expert
judgments of lexical difficulty under optimized prompt-
ing, they do not fully match the consistency achieved by
human-annotated CEFR resources. Notably, LLM agree-
ment is considerably higher than the agreement involv-
ing EFFLex, reinforcing the view that LLM predictions
align more closely with expert-annotated data than with
frequency-based approximations. Together, these results
suggest that expert-annotated datasets remain a stronger
reference for CEFR evaluation, while LLMs offer a com-
petitive but limited approximation of expert consensus.

5 Conclusions
This work evaluated four LLMs (GPT4o-mini, Gemini-

2.5-flash, Mistral-7B-Instruct, and LLaMA-3-8B-Instruct)
covering both closed and open-source systems. The task
focused on CEFR-guided lexical classification, assessing
how effectively these models predict the difficulty level
of English words when provided with different types of
prompt information. Across nearly all prompt configu-
rations and datasets, GPT4o-mini outperformed the other
models, while Mistral-7B-Instruct exhibited the weakest
overall performance. Notably, prompts that included ex-
plicit CEFR level descriptions typically underperformed
compared to their simpler counterparts, suggesting that
additional descriptive information may introduce ambigu-
ity. In contrast, providing labeled word examples generally
improved performance for all models except Gemini-2.5-
flash, indicating that exemplar-based prompting is more
effective than descriptive guidance for this task.

These results highlight the strong sensitivity of CEFR-
based lexical classification to both model choice and
prompt design. While more detailed prompts might seem
beneficial, our findings suggest that concise, example-
driven prompts better align with how current LLMs in-
ternalize and apply notions of lexical difficulty. This re-
inforces the role of expert-annotated data as a benchmark
when deploying LLMs for educational and proficiency-
oriented language tasks.
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A Results in GSE and EFFLex data
The results on the GSE and EFFLex datasets follow

trends similar to those observed for EVP. Across all three
datasets, the best-performing prompt configurations are
largely consistent, with the 60-shot prompt yielding the
highest performance for all models except Gemini-2.5-
flash. As in the EVP results, adding CEFR level descrip-
tions generally degrades performance across most mod-
els. In addition, and consistent with earlier observations,
all LLMs exhibit substantially weaker agreement with the
frequency-based EFFLex dataset compared to the expert-
annotated resources.

Table 4 Scores across prompts against the GSE dataset
GPT4o-mini Gemini-2.5-flash

Prompt F1 QWK F1 QWK

Zero-shot 0.4181 0.6108 0.2672 0.5410
Zero-shot+CEFR 0.4133 0.5828 0.2313 0.4620
30-shot 0.4499 0.6288 0.2536 0.4881
30-shot+CEFR 0.4441 0.6130 0.2549 0.4836
60-shot 0.4611 0.6410 0.2545 0.4954
60-shot+CEFR 0.4489 0.6178 0.2574 0.4926

Mistral-7B LLaMA-3-8B

Prompt F1 QWK F1 QWK

Zero-shot 0.2559 0.3168 0.3259 0.4302
Zero-shot+CEFR 0.2084 0.2481 0.2612 0.3404
30-shot 0.2785 0.3371 0.3829 0.4593
30-shot+CEFR 0.2610 0.3074 0.3727 0.4476
60-shot 0.2815 0.3699 0.3908 0.4731
60-shot+CEFR 0.2754 0.3055 0.3767 0.4562

Table 5 Scores across prompts against the EFFLex dataset
GPT4o-mini Gemini-2.5-flash

Prompt F1 QWK F1 QWK

Zero-shot 0.2391 0.4540 0.1680 0.4045
Zero-shot+CEFR 0.2345 0.4421 0.1455 0.3588
30-shot 0.2591 0.4671 0.1657 0.3764
30-shot+CEFR 0.2533 0.4677 0.1588 0.3687
60-shot 0.2720 0.4824 0.1788 0.3765
60-shot+CEFR 0.2562 0.4732 0.1680 0.3700

Mistral-7B LLaMA-3-8B

Prompt F1 QWK F1 QWK

Zero-shot 0.1814 0.2380 0.2207 0.3243
Zero-shot+CEFR 0.1554 0.2290 0.1635 0.2691
30-shot 0.1846 0.2827 0.2511 0.3482
30-shot+CEFR 0.1841 0.2651 0.2274 0.3318
60-shot 0.1924 0.2854 0.2519 0.3515
60-shot+CEFR 0.1801 0.2595 0.2310 0.3413

B Other Prompt Templates
The same prompt templates were used across all three

models, with one exception: for LLaMA-3-8B-Instruct, it
was not possible to obtain a valid JSON output unless the
output structure was explicitly specified. Consequently, the
instruction“Provide the output in a valid JSON format that
only contains ’word’ and ’level’ keys. Do not repeat
any word, each word should appear exactly once” was
replaced with“Provide the output in a valid JSON format
in the form of words: [word: <word>, level: <level>, ...]
that contains both ‘word’ and ‘level’ keys for each
word. Do not give any reasoning.”

For prompts that included word examples, the word list
was always provided in a simple comma-separated format,
i.e., example1, example2, etc.

30-shot prompt:
You are an expert in language learning and CEFR levels.
The CEFR stands for the Common European Framework
of Reference for Languages. It’s an international standard
for describing language ability and it categorizes language
proficiency into six levels (A1, A2, B1, B2, C1, C2). Below
are some word examples that belong to each CEFR level:

Examples of ’A1’ level words: [word_examples].
Examples of ’A2’ level words: [word_examples].
Examples of ’B1’ level words: [word_examples].
Examples of ’B2’ level words: [word_examples].
Examples of ’C1’ level words: [word_examples].
Examples of ’C2’ level words: [word_examples].

Based on these examples and your own knowledge on the
CEFR, evaluate the CEFR level of the following list of
English words: [word_list].

If a word has multiple senses or grammatical roles, classify
it according to its most frequent everyday meaning. Provide
the output in a valid JSON format that only contains ’word’
and ’level’ keys. Do not repeat any word, each word
should appear exactly once.

C Frequency Baseline
The linear regression baseline was trained using log-

frequency in TUBELEX [17] on 60 examples. Predictions
were rounded to the nearest CEFR level.
Table 6 Linear regression using log-frequency in TUBELEX.

Dataset F1 QWK

EVP 0.3026 0.3712
GSE 0.4171 0.5134
EFFLex 0.2275 0.2601
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