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Abstract
This paper presents Conplext 1.0, a multilingual dataset designed for lexical complexity prediction in the
context of second language (L2) learning. The resource covers 3,901 sentence contexts for 1,000 vocabulary
items across five languages (English, French, Spanish, Swedish, and Dutch), each aligned with Common
European Framework of Reference (CEFR) proficiency levels. Contexts were generated using a generative
large language model and subsequently filtered for pedagogical suitability. A large-scale best—worst scaling
(BWS) annotation experiment is being conducted with L2 learners to derive continuous, learner-informed lexical
complexity values. The resulting dataset enables the development of context-aware word difficulty models
that account for variation across both languages and learning stages. In addition to its primary use in lexical
complexity prediction, Conplext provides valuable opportunities for research in word sense disambiguation,
generative model evaluation, and adaptive language learning applications. By integrating computational and ed-
ucational perspectives, this work advances the study of lexical difficulty in multilingual language learning environments.
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1. Introduction sition and supports applications such as adaptive
learning materials (Burstein et al., 2017; Alfter and
Lexical complexity denotes the degree of difficultya ~ Graén, 2019) and personalized vocabulary learn-
word poses to a reader, influenced by linguisticand ~ ing systems (Avdiu et al., 2019; Ehara et al., 2018;
contextual factors such as frequency, morphology,  Yancey and Lepage, 2018).
length, and usage. The study of lexical complex- However, lexical complexity is not an inherent
ity forms the foundation of lexical simplification, a  property of words but a contextual and relative
research area aimed at improving the accessibility =~ phenomenon (Alfter, 2021). The perceived diffi-
of texts for specific audiences, including children  culty of a word depends not only on its intrinsic
(De Belder et al., 2010), language learners (Pe-  features such as frequency, length, or morphology
tersen and Ostendorf, 2007; Rets and Rogaten,  but also on its surrounding context and the reader’s
2021), and individuals with reading impairments ~ world knowledge (North et al., 2023). Even non-
(Devlin, 1998; Chung et al., 2013), as well as for ~ polysemous words may vary in complexity across
specialized domains such as medicine (Deléger ~ contexts, as their semantic, syntactic, or domain-
and Zweigenbaum, 2009) and law (LoPucki, 2014).  specific usage imposes varying cognitive demands.
Early research addressed lexical complexity Furthermore, the dimension of language learn-
through complex word identification (Shardlow, ing as well as the focus on languages other than
2013), a binary classification task that distinguishes ~ English remain comparatively underexplored. Most
simple words from complex words. Shardlow  €xisting work concentrates on lexical complexity
(2013) provided one of the first comprehensive stud-  Prediction for English, where the primary objective
ies of automatic lexical simplification, combining the IS to determine which words are complex in a given
identification of complex words with the generation  text, rather than how complex those words are for
of simpler alternatives. Subsequent approaches ex-  learners at different proficiency levels (Alfter, 2025).
tended this paradigm using feature-based machine ~ Addressing this gap requires models capable of
learning models (Paetzold and Specia, 2016b). capturing not only general lexical difficulty but also
In parallel, the field evolved toward graded lexi- its variation across learning contexts, which in turn

cal complexity prediction (Gala et al., 2013, 2014), "equires the existence of annotated resources.

which seeks to assign continuous or discrete com- This stuc;jy a|ms't'o fill this 9ap by presenting
plexity scores reflecting educational or proficiency ~ COPRIext ;2 multilingual (English, French, Span-
levels (Tack et al., 2016; Alfter et al., 2016; Alfter ish, Swedish, and Dutch) lexical complexity predic-
and Volodina, 2018; Tack et al., 2018; Pintard and
Francois, 2020). This graded perspective closely
aligns with research on (second) language acqui-

'"The dataset is made publicly available in a
GitHub  repository at https://github.com/
JasperD-UGent/Conplext.
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tion dataset containing 3,901 sentence contexts
for 1,000 vocabulary items covering five different
CEFR? (Council of Europe, 2001, 2018) language
proficiency levels. At the time of writing, a large-
scale best-worst scaling annotation experiment is
being performed on the dataset, with foreign/sec-
ond language (L2) learners as the participants. For
each in-context use of a given vocabulary item, the
annotations will be converted into a numerical com-
plexity value. These values can then be used to
train context-aware word difficulty classifiers that
meet the specific needs of language learners. The
results of the annotation experiment will be pre-
sented in a separate follow-up study.

2. Related Research

Since the first Shared Task on Complex Word
Identification (CWI) in 2016 (Paetzold and Spe-
cia, 2016a), lexical complexity research has un-
dergone several conceptual and methodological
developments. The 2016 task focused exclusively
on English and framed complexity prediction as a
binary classification problem, distinguishing sim-
ple from complex words. The subsequent 2018
CWI Shared Task (Yimam et al., 2018) expanded
this framework to include multilingual and cross-
lingual settings while maintaining the same binary
distinction.?

A major change occurred with the 2021 Se-
mEval Shared Task on Lexical Complexity Predic-
tion (LCP; Shardlow et al., 2021), which introduced
continuous complexity scores derived from Likert-
scale annotations and provided multiple contextual
instances for many words. This represented an im-
portant step toward a more fine-grained modeling
of lexical difficulty, aligning the task more closely
with psycholinguistic and educational perspectives
on word comprehension.

Despite this progress, recent work continues to
exhibit a tendency toward simplification. The 2024
MLSP Shared Task (Shardlow et al., 2024), while
advancing the multilingual dimension, largely re-
verted to a one-to-one mapping between words
and complexity labels, offering limited contextual
variation. A notable exception is the LexComSpal.2
dataset, which was specifically built to train person-
alized word-level difficulty classifiers for L2 learners
of Spanish (Degraeuwe, 2025). In a similar vein,
the 2025 Shared Task on Readability-Controlled
Text Simplification (Alva-Manchego et al., 2025)
sought to bridge text simplification and language

2Common European Framework of Reference for Lan-
guages

3The 2018 task also included a continuous prediction
subtask, but its labels were derived by averaging binary
annotations. We therefore regard it primarily as a binary
classification task.
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learning by requiring participants to simplify English
paragraphs to CEFR target levels A2 or B1.

However, as highlighted in Alfter (2025), current
lexical complexity prediction resources remain ill
suited for language learning applications. They typ-
ically provide too few contexts per word to capture
the fact that a single lexical item can exhibit multi-
ple complexity values depending on its contextual
usage. Consider the following sentences, in which
the word bear exhibits different levels of complex-
ity, notably due to the multi-word expression bear
market in the second sentence:

* The brown bear is a wild animal.
» We currently have a bear market.

While the example uses a polysemous word,
even non-polysemous words can exhibit different
complexity values, as in the two sentences pre-
sented below. This highlights the importance of
context in complexity estimation.

* The dress has lace.

» The antique tablecloth was edged with intricate
lace.

Finally, although generative large language mod-
els (LLMs) may sometimes struggle to accurately
interpret CEFR levels (Benedetto et al., 2025), pre-
vious studies have shown that learners tend to pre-
fer generated example sentences over “authentic”
examples selected from corpora (Degraeuwe and
Goethals, 2024). Motivated by this finding, our
approach employs generative LLMs to produce di-
verse contextual instances for the selected target
words.

3. Data Compilation

3.1.

As the starting point for Conplext, we take the
textbook-derived word lists collectively known as
CEFRLex*. Comprising a collection of machine-
readable graded lexical resources that describe the
frequency distributions of words observed across
the six CEFR levels®, CEFRLex is perfectly aligned
with our L2 learning target setting. The resources
used in the present study are EFLLex for English
(Darlich and Frangois, 2018), FLELex for French
(Tack et al., 2016), NT2Lex for Dutch (Tack et al.,
2018), SVALex for Swedish (Francois et al., 2016),
and ELELex for Spanish (Frangois and Cock, 2018).
Details on the specific CEFRLex files used and the
mapping of their resource-specific part-of-speech

Data Source

4https ://cental.uclouvain.be/cefrlex
®In practice, the last level C2 is often left out due to
scarcity of data. Only French contains this level.
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Language #total #C2 #MWEs #nouns #verbs #adjectives #adverbs
EN 15,281 0 3,852 9,244 2,230 2,630 754
ES 14,290 0 629 8,297 2,222 2,698 163
FR 14,199 490 0 7,807 2,597 3,010 603
NL 15,227 0 459 9,049 2,656 2,190 449
SV 15,686 0 1,451 9,300 1,991 2,145 367
Table 1: Statistics on CEFRLex resources prior to applying pre-processing steps. “MWE” stands for

multi-word expression.

NOUN VERB
Language
A1 A2 B1 B2 C1 Al A2 B1 B2 C1
EN 1,064 1,056 1,036 1,300 1,201 348 280 368 545 463
ES 2,027 2,051 1,713 1,095 1,037 594 548 394 376 293
FR 2,290 1,634 2,133 711 870 794 511 744 216 269
NL 396 2,993 3,044 2,348 252 157 1,151 744 556 46
S} 523 1,431 2,617 2,822 1,884 178 288 595 556 374

Table 2: Statistics on CEFRLex resources after applying pre-processing steps.

(POS) tags to Universal Dependencies (UD) tags
can be found in Appendix A.

3.2. Data Pre-Processing

Before selecting the vocabulary items for con-
plext, a series of pre-processing steps was ap-
plied to the five original CEFRLex resources. First,
for each entry in each of the five resources, we
retrieved (1) its CEFR label (which corresponds to
“the level of first occurrence”, i.e. the CEFR level
at which the word first occurs in the textbooks on
which the resource is based) and (2) its overall
frequency across all textbooks.

Secondly, as our goal is to create a dataset that
provides a wide variety of different sentence con-
texts per target item, we decided to focus on the
two part-of-speech POS categories that show the
highest degree of polysemy: nouns and verbs (Ra-
ganato et al., 2017). All other POS categories were
excluded. Nouns and verbs together account for
around 74% of all entries included in the five CEFR-
Lex resources used in this study (see Table 1 for the
exact numbers). In future releases of Conplext,
we plan to expand coverage by including adjectives
and adverbs as well (i.e. the two remaining major
content word categories).

Thirdly, to ensure a consistent approach across
all five target languages, we excluded words at C2
level (only available for French) and multi-word ex-
pressions (not available for French). Finally, single-
character entries that passed the above mentioned
exclusion criteria (predominantly letters of the al-

phabet tagged as nouns) were eliminated as well,
since we consider knowledge of the alphabet to be
a basic prerequisite for L2 learning.

The statistics on the CEFRLex resources prior to
applying any pre-processing steps are included in
Table 1. The overview of the number of remaining
candidate entries per language, POS category, and
CEFR level after applying the pre-processing steps
is presented in Table 2.

3.3. Data Sampling

On this remaining set of candidate entries, we per-
formed a structured data sampling procedure to
arrive at a final dataset that was (1) balanced in
terms of frequency distribution of the vocabulary
items and (2) manageable in terms of number of
items to annotate in the best-worst scaling experi-
ment to be conducted afterwards (see Section 3.7
for more details on the latter). We decided to select
1,000 target items in total, with an equal number
of items for each unique language—CEFR-POS
combination:

* 1,000 + 5 = 200 items per language

* 200 ~ 5 = 40 items per CEFR level per lan-
guage

* 40+2 = 20 items per POS category (i.e. nouns
and verbs) per CEFR level per language

As the data selection method, we employed ran-
dom stratified sampling (n = 10), drawing from the
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top 50% most frequent vocabulary items. Sam-
pling was performed separately for each unique
language—~CEFR-POS combination. For instance,
in the case of the 1,064 A1-level nouns for English,
the 50% (i.e. 532) most frequent nouns were first
ranked by overall frequency and then divided into
ten distinct strata. From each stratum, two items
were randomly selected to form part of the final
dataset. This process was repeated for the remain-
ing 49 unique language—CEFR—PQOS combinations
to yield a balanced and representative set of vocab-
ulary items. Finally, all items were manually verified:
in case (1) tagging errors®, (2) offensive vocabulary,
or (3) highly specialized words occurred in the sam-
ple, these were eliminated and randomly replaced
by another item from the same stratum.

3.4. Model Selection

In order to select a model for the task of context
generation, we conducted a preliminary study with
three current state-of-the-art models — namely Ope-
nAl's GPT-40, Anthropic’s Claude Sonnet 4.5 and
Google’s Gemini 2.5 Flash — prompted through
their respective APls. We randomly selected three
words per POS per language, for atotal of 3x2x5 =
30 words resulting in a total of 30 x 5 = 150 contexts.
The contexts were analyzed both quantitatively (see
Table 3) and qualitatively.

As the prompt included the directive to be concise
yet complete (see Section 3.5 for more details), we
measure the average length of the generated sen-
tences in characters and words. Since the model
was given the possibility to refuse a generation if
it deemed the word too difficult for the requested
level, we also count how often the models return
‘Too Difficult’. Table 3 shows that Gemini had the
least amount of “Too Difficult’, and also the shortest
sentences. GPT-40, on the other hand, returned
‘Too Difficult’ frequently, and Claude generated the
longest sentences overall. The generated contexts
were also qualitatively evaluated by the authors to
check for potential problems such as non-target
language generation, after which Gemini 2.5 Flash
was chosen for the remainder of the study.

3.5. Context Generation

In order to generate the contexts, we prompt the
model to generate one sentence suitable for each
CEFR level, or to respond with ‘Too Difficult’ if
no sense of the word is understandable at the re-
quested level (according to the model’s own “un-
derstanding” of what should be understandable at
what level). Table 4 presents the context generation

8In the CEFRLex resource for Dutch, for example,
beelden (‘images, sculptures’) is wrongfully tagged as a
verb.
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for the English A2-level noun column. With three
different senses present in the sentences (“vertical
stone post”, “vertical block of words”, and “regular
newspaper/magazine article by same author”), the
example also illustrates the importance of context
in relation to the complexity of one and the same

vocabulary item, as discussed in Section 2.

The system prompt, to guide the model in its
generation, is set as follows:

You are an expert language tutor Al spe-
cialized in generating concise and level-
appropriate example sentences.

Your Task:

1. Receive a target language, a profi-
ciency level (e.g., A1, B2, C1), and

a target word.

. Generate exactly one complete, sim-
ple, and natural sentence in the spec-
ified language that contains the target
word.

The sentence must be suitable and fully
understandable for a language learner
at the given proficiency level.

Crucially: If the word, in any of its com-
mon meanings, is deemed too difficult
or too rare for a learner at that specific
proficiency level to use or understand in
a simple sentence, your only response
must be: ‘Too Difficult'.

Strictly adhere to these formatting rules:

» Do not include any translations.

* Do not include any explanations,
definitions, or grammatical notes.

» Do not use quotation marks
around the generated sentence.

» The output must be only the gen-
erated sentence or the phrase “Too
Difficult’.

The prompt itself (“user prompt”) is set as follows:

Generate one simple and natural sentence
in [LANGUAGE] suitable for a learner at pro-
ficiency level [LEVEL], containing the word
[WORD] as a [PART OF SPEECH,]. If no
sense of the word can be understood at the
given level, reply ‘Too Difficult. Do not in-
clude translations or explanations.




Language Level GeD GeC GeW CID CIC CIlw GD GC GW
A1 4 16.00 3.00 3 28.67 5.33 5 26.00 6.00
A2 2 29.00 5.50 2 42.50 8.25 4 35.50 6.50
Dutch B1 1 4440 8.00 1 54.40 9.60 2 36.25 6.75
B2 0 53.83 9.17 0 73.17 11.33 1 49.20 8.20
C1 0 6567 10.67 0 103.33 15.17 1 59.20 9.80
A1 2 18.25 3.50 2 26.00 5.50 4 22.50 5.00
A2 1 23.60 4.80 0 38.00 7.33 3 27.67 5.67
English B1 0 33.33 6.83 0 49.00 9.17 1 40.60 8.20
B2 0 40.83 7.67 0 70.17 12.83 2 49.25 8.75
C1 0 6917 11.17 0 81.67 13.00 2 76,50 1250
Al 1 21.00 4.20 2 29.00 5.50 4 24.50 5.50
A2 0 32.00 6.00 0 45.33 8.33 1 38.40 7.40
French B1 0 33.50 6.50 0 58.33 10.83 0 40.67 7.67
B2 0 51.00 9.00 0 77.67 13.00 0 50.17 10.17
C1 0 80.17 12.67 0 95.83 16.50 0 5517 9.50
A1 2 18.75 4.00 3 27.33 5.67 5 24.00 5.00
A2 1 30.20 6.20 1 51.60 9.20 2 36.25 6.75
Spanish B1 1 38.20 6.60 1 59.80 10.60 1 47.40 8.80
B2 0 50.17 7.67 1 74.20 12.00 1 49.40 8.40
C1 0 80.00 12.50 1 93.00 15.60 1 63.80 11.60
A1 4 21.00 4.50 3 30.33 6.33 5 15.00 4.00
A2 2 31.75 6.00 2 49.25 9.00 5 36.00 8.00
Swedish B1 0 36.17 7.00 0 56.17 11.00 1 34.00 6.40
B2 0 51.67 8.83 0 68.00 11.83 1  45.60 7.20
C1 0 63.00 9.17 0 78.50 11.50 0 54.50 9.67
Total ‘Too difficult’ 21 22 52
Average length 4415 7.67 61.58 10.63 45.74 8.32

Table 3: Quantitative results of model selection process. Ge: Gemini, Cl: Claude, G: GPT. D: Number of
times ‘Too Difficult’ was returned, C: Length of the generated sentence in characters, W: Length of the

generated sentence in words.

Requested Generated sentence context
level
A1l Too Difficult
A2 The old building has many tall
columns.
B1 Please read the first column of
the newspaper.
B2 She writes a weekly column for
the local newspaper.
C1 She writes a weekly column for

the local newspaper.

Table 4: Example of context generation for English
A2-level noun column.
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3.6. Data Post-Processing

After the context generation step, we obtained a
provisional dataset containing a total of 5,000 sen-
tences (i.e. five in-context uses for each of the
1,000 selected vocabulary items). To arrive at the
final dataset to be used for annotation by L2 learn-
ers (Section 3.7), three post-processing steps were
performed: (1) all instances labeled as ‘“Too Difficult’
were removed, (2) all duplicates were collapsed into
one single entry, and (3) generation errors’ were
fixed.

For the example presented in Table 4, this means

"For six instances in the English subset (nouns: tray
at requested level C1, failure at C1 and cop at B2; verbs
promise at A1, associate at B2, and poke at B1), the
model generated two sentences instead of one. Only the
first sentence was retained.



that (1) the generated context for A1 was removed
and (2) the duplicate generated contexts for B2 and
C1 were merged into one single dataset entry. To
be able to trace back that this sentence was gener-
ated for two different levels, we assign it the new la-
bel “B2-C1”. After completing the post-processing
steps (performed automatically by means of a pro-
gramming script), we arrived at a final dataset con-
sisting of 3,901 instances. As the ‘Too Difficult’
instances contain valuable information for posterior
analyses, we make available the unfiltered version
of the dataset in the repository as well. Using this
version of the dataset, it is possible to gain deeper
insights into the “behavior” of LLMs towards CEFR
levels, for example by analyzing in which particular
cases the model returned ‘Too Difficult’.

3.7. Data Annotation

However, for the main envisaged use of our dataset
(i.e. lexical complexity prediction or LCP, see also
Section 1 and 2), we still need to perform one final
step: human annotation. In previous LCP studies,
these annotations were usually gathered by instruct-
ing annotators to label data instances (usually a
given vocabulary item presented in a sentence) on
a 1 to 5 scale (with 1 being “very easy” and 5 being
“very difficult”). Recent studies, however, have high-
lighted the benefits of using comparative judgment
methods instead of rating scales (Kiritchenko and
Mohammad, 2017; Alfter et al., 2021, 2022). In
our study, we follow this line of research by using
the technique of Best-Worst Scaling (BWS; Lou-
viere et al., 2015), which requires participants to
choose the best and worst item from a set of n
items. Based on BWS annotations, it is possible to
obtain (1) a ranking of the target items (in our case,
from easiest to most difficult) and (2) a numerical
score reflecting the annotated concept (in our case,
the concept of lexical complexity).

Following the procedure outlined in Kiritchenko
and Mohammad (2017), we converted — for nouns
and verbs separately — each “language subset” of
the final dataset into a set of 4-tuples (i.e. sets of
four different sentence contexts, see Figure 1 for
an example). To this end, all sentence contexts
were — for nouns and verbs separately — randomly
shuffled and assigned to different 4-tuples. The to-
tal number of 4-tuples was determined as 1.5 times
the number of available sentence instances per
language—POS combination, resulting in each tar-
get sentence occurring in six different 4-tuples. To
achieve a balanced and representative set, 1,000
iterations® were performed over each language—
POS subset to (1) cover as many unique sentence

8The detailed results per iteration are available in the
“supplementaryData” folder of the dataset repository on
GitHub.
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pairs as possible (measured by standard deviation;
the lower the better) and (2) obtain a distribution as
uniform as possible across all possible sentence
label combinations in the 4-tuples (measured by
entropy; the higher the better).

At the time of writing, we are collecting annota-
tions from 20 L2 learners (four per language), corre-
sponding to a projected total of 23,408 annotations
(see Table 5 for the full statistics on Conplext).
Participants are required to indicate the in-context
word they find easiest (best) and most difficult
(worst) for all 4-tuples in their language-specific
subset. Annotations are gathered through an in-
house online environment specifically built for com-
parative judgment experiments. The full instruc-
tions given to the L2 learners are formulated as
follows (after these instructions, a tuple as shown
in Figure 1 is displayed):

Read these instructions carefully. They
will remain displayed with every instance
of the task, but you do not have to read
them again every time.

Below you will find a series of four vocabu-
lary items, each of them accompanied by an
example sentence illustrating the meaning
of the vocabulary item. Indicate which item
you find the easiest (‘best’) and which item
you find the most difficult (‘worst’). Make
sure you base your judgment on the sense
the word has in the example sentence.
Go to the next item by clicking ‘Next’. Your
progress is saved automatically.

As soon as all annotations are collected, we will
— by LCP convention — convert them into numeri-
cal scores on a continuous scale ranging from 0
to 1, using methods such as the Rescorla-Wagner
model (Rescorla and Wagner, 1972) and the count-
ing procedure (Flynn and Marley, 2014). The full
results of the BWS annotation experiment will be
presented and analyzed in a follow-up paper.

4. Discussion

As emphasized in previous research (Degraeuwe,
2025; Tack, 2021), the creation of relevant vocab-
ulary learning activities for L2 learners depends
to a large extent on the successful identification
of difficult words. Evidently, it is impossible for
L2 teachers to perform this identification process
themselves if they are guiding groups of tens or
hundreds of students. Rule-based methods that
automatically consult computer-readable resources
in which words are linked to difficulty levels provide
a possible solution to this problem (Finlayson et al.,
2023; Van Parys et al., 2025), but these methods



best worst

deéchiffrer — J'ai passé du temps a déchiffrer la vieille lettre manuscrite.

élever — Il a élevé la voix pour étre entendu.

alarmer — Les nouvelles économiques ont commence a alarmer les investisseurs.
esquisser — Il a esquissé les grandes lignes de son projet de recherche.

Figure 1: Example of a 4-tuple used in the BWS experiment (French subset; NOUN as POS). Translations

to English are provided in Appendix B.

#words  sent- #tuples #annot-

ences ations
EN 200 816 1,224 4,896
ES 200 762 1,143 4,572
FR 200 718 1,077 4,308
NL 200 795 1,193 4,772
SV 200 810 1,215 4,860
Total 1,000 3,901 5,852 23,408

Table 5: Statistics on Conplext: number of vo-
cabulary items, filtered sentences, 4-tuples, and
(projected) number of annotations.

come with one major disadvantage, in that they can
only assign a difficulty label to words included in
the resources. To overcome this limitation, more
advanced systems using machine learning tech-
niques can be designed: these systems learn to
generalize over the training data and can, theoreti-
cally, classify any type of textual input into a given
set of difficulty levels.

It is for this specific purpose that the annotations
to be obtained from the BWS experiment (Sec-
tion 3.7) will be particularly useful: they provide the
necessary, relevant, and labeled training data to de-
velop context-aware word difficulty classifiers that
are specifically tailored to L2 learners. Inturn, these
classifiers can be integrated into proper educational
applications, such as computer-assisted language
learning environments or intelligent language tutor-
ing systems. Furthermore, the classifiers can be
used to customize lexical simplification pipelines
according to the specific needs of L2 learners.

While the development of context-aware word
difficulty classifiers constitutes its main envisaged
use, we believe that the Conplext dataset can
also serve other purposes. First, as we gener-
ated multiple sentences for each vocabulary item
in order to factor in the importance of polysemy
and context (Section 3.5), the dataset constitutes a
new valuable resource for word sense disambigua-
tion (WSD) studies targeting L2 learners. In a fu-
ture study, we plan to enrich Conplext by adding
sense labels to the sentences, which will render
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the dataset even more relevant for WSD purposes.

Second, as we also release the unfiltered ver-
sion of the dataset as a part of the repository (Sec-
tion 3.6), Conplext can be used to gain deeper
insights into the capabilities of generative artificial
intelligence models to “think” in terms of CEFR lev-
els. Possible types of analyses that can shed light
on this matter include (1) evaluating for which vo-
cabulary items the model returned ‘Too Difficult’
and (2) studying which differences (if any) can be
identified across the generated contexts of the five
CEFR levels (e.g., in terms of lexis, semantics, and
word frequency).

5. Conclusion

We present Conplext, a new type of resource
specifically aimed at lexical complexity prediction
for language learning purposes. Our resource
bridges a gap in current research by (1) providing
words in multiple contexts to potentially allow for the
learning of multiple complexity values depending
on the context, (2) covering five languages, and (3)
being manually annotated by language learners of
the respective languages. This design allows for
a more nuanced representation of lexical difficulty
across diverse linguistic settings.

At the time of writing, the large-scale best—worst
scaling annotation process with L2 learners is on-
going. The resulting data will provide empirically
grounded complexity values that reflect learner per-
ceptions across languages and proficiency levels,
enabling a more reliable evaluation of lexical diffi-
culty models once complete. This ongoing effort
also ensures that the dataset will scale in both size
and representativeness over time.

This dataset establishes a foundation for devel-
oping context-aware lexical difficulty models and
evaluating multilingual complexity prediction in ed-
ucational natural language processing. By combin-
ing large language model output with empirically
grounded learner data, Conplext contributes a re-
producible and extensible benchmark for advancing
research in lexical complexity and second language
acquisition. It further supports future work on adap-
tive learning systems that rely on fine-grained diffi-
culty estimation.



Limitations

Our study relies on a specific model (Gemini 2.5
Flash) to generate contexts. This may introduce
model-specific stylistic choices and biases.

As pointed out in the paper, models may have
limited understanding of the CEFR scale. However,
as we also conduct a large-scale annotation with
language learners, we believe this risk is mitigated,
as the final dataset will draw its difficulty assign-
ments from the human-annotated data.

Although our resource aims at providing more
contexts per word, the number of contexts is still
limited, mainly due to the large-scale annotation
effort required. We plan on extending the number
of contexts in subsequent work.

Despite presenting a multilingual perspective,
we acknowledge the Eurocentric nature of the lan-
guages involved.

Finally, generating contexts using large language
models and the follow-up large-scale human anno-
tation are costly both in terms of time and money.
These factors might hinder the extension of our
approach to other languages. It is also for this rea-
son that we have not experimented with different
prompting strategies, or executing the same prompt
multiple times to test for stability of the generated
responses.

Ethical Considerations

The contexts were automatically generated. This
fact is explicitly stated to prevent any misunder-
standing or inappropriate comparison with authen-
tic, human-produced material.

While models nowadays are carefully adjusted
to avoid producing or perpetuating biases and prej-
udices, we cannot exclude that such biases or prej-
udices might still be present in the final resource.
Any such cases identified during evaluation or use
will be promptly reviewed and, where appropriate,
removed from the resource.

For the annotation process, no personal or iden-
tifying information is collected. All responses are
anonymous.
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A. Additional Information on
CEFRLex Data Used

The additional information on the CEFRLex data
used in the study can be found in Table 6.

Language CEFRLex file used Mapping CEFRLex tags to UD tags
EN EFLLex_NLP4J.tsv {"NN": "NOUN", "VB": "VERB", "JJ": "ADJ",
n RB n . IIADVVI }
ES ELELex_Freeling.tsv {"NCM": "NOUN", "NCF": "NOUN", "NCC": "NOUN",
|IVMII : VIVERB n , IIAQO n : IVADJII , IIRG n : IIADVII }
FR FLELex_TreeTagger.tsv {"NOM" : "NOUN", "VER": "VERB", "ADJ": "ADJ",
”ADV” . IIADVII }
NL NT2Lex_Frog-CGN.tsv {"N (soort) ": "NOUN", "WW()": "VERB", "ADJ()":
IIADJII , n BW ( ) n : IIADVH }
SV SVALex_Korp.tsv {"NN_NEU": "NOUN", "NN_UTR": "NOUN", "VB":
IVVERB n , n JJ " : VIADJ n , VIAB " : HADVII }

Table 6: Additional details on the CEFRLex data used in the study: specific file and dictionary mapping
CEFRLex tags to Universal Dependencies (UD) tags.

B. English Translations

The translation of the BWS tuple presented as an
illustration in Figure 1 can be found in Table 7.

best worst

o o decipher - | spent time deciphering the old handwritten letter
o o raise - He raised his voice to be heard

o o alarm - The economic news began to alarm investors

o o outline - He outlines the main points of his research project

Table 7: Translation of the example in Figure 1.
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