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Daniel Mora,1 Maŕıa José Domı́nguez Vázquez,2 Iván Arias-Arias,2

Idalete Dias,3 Vı́tor Mı́guez-Rego,2 Carlos Valcárcel Riveiro4
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Abstract: This study investigates the effectiveness of three feature representations
for Spanish L2 CEFR level prediction: traditional readability metrics, CEFR-based
lexical overlap features, and unigram TF-IDF. We evaluate these features individu-
ally and in combination under varying data conditions across two types of datasets:
an authentic learner corpus (CAES) and two pedagogical datasets (HablaCultura
and Kwiziq). Results show that distributional features achieve the highest perfor-
mance when sufficient training data is available. In contrast, in smaller or cross-
dataset settings, traditional readability metrics combined with CEFR-based lexical
features provide more stable performance. We also observe limited generalization
across dataset types, particularly when transferring from learner-produced to ped-
agogical texts. Overall, the findings highlight the need to adapt feature representa-
tions to data conditions and domain characteristics for Spanish L2 CEFR prediction.
Keywords: text readability assessment, Spanish L2, learner-produced texts, peda-
gogical texts.

Resumen: Este estudio investiga la efectividad de tres representaciones de carac-
teŕısticas para la predicción de niveles CEFR en español como L2: métricas tradi-
cionales de legibilidad, caracteŕısticas léxicas basadas en solapamiento alineado con
categoŕıas CEFR y TF-IDF de unigramas. Evaluamos estas caracteŕısticas de forma
individual y en combinación bajo distintas condiciones en dos tipos de corpora: un
corpus auténtico de aprendices (CAES) y dos corpora pedagógicos (HablaCultura y
Kwiziq). Los resultados muestran que las caracteŕısticas distribucionales alcanzan
el mejor rendimiento cuando se dispone de suficientes datos de entrenamiento. En
cambio, con pocos datos o entre corpora, las métricas de legibilidad combinadas con
el solapamiento léxico basado en listas CEFR resultan más estables. Hay también
una generalización limitada entre tipos de corpora al transferir textos producidos por
aprendices a textos pedagógicos. Los resultados destacan la necesidad de adaptar
las representaciones de caracteŕısticas a las condiciones de los datos y a las carac-
teŕısticas del corpus para la predicción de niveles CEFR en español como L2.
Palabras clave: evaluación de la legibilidad textual, español como L2, textos pro-
ducidos por aprendices, textos pedagógicos.

1 Introduction

Analyzing text complexity and readability
serves clear real-world purposes with direct

implications for educational practice (Zal-
mout, Saddiki, and Habash, 2016). The
ability to automatically assess text difficulty



is essential for supporting pedagogical and
social goals, such as improving adult read-
ing skills, which is the aim of contemporary
European projects like iRead4Skills (Reis et
al., 2024; Aissa et al., 2025; Rey and Gar-
cia, 2025). This need has driven the de-
velopment of automatic text classification
tools (Rodŕıguez Rey, 2024) and research
into the specific nature of textual complex-
ity in foreign language (L2) teaching contexts
(François et al., 2014). For language teach-
ers, material designers, and L2 learners, se-
lecting texts that are appropriately challeng-
ing, neither prohibitively difficult nor insuffi-
ciently demanding, remains a critical endeav-
our.

However, automatic text difficulty assess-
ment remains challenging. While traditional
readability formulas like Flesch–Kincaid rely
on surface features (e.g., sentence length,
number of syllables), they often yield unreli-
able results, especially in L2 contexts, as they
fail to capture linguistic factors that increase
difficulty from the learner’s perspective (Tan-
prasert and Kauchak, 2021).

Regarding L2 contexts, we distinguish be-
tween two types of texts depending on the
perspective: learning or teaching. Authen-
tic or learner-produced texts are written by
learners, thus come with high language vari-
ation, errors, and tend to fall below the as-
signed level of competence. Pedagogical texts
or learner-oriented texts, on the contrary,
have controlled vocabulary repetition, struc-
tural simplification, and tend to be calibrated
slightly above the assigned level as they are
designed as challenging input. This intro-
duces a systematic asymmetry between both
corpus types that goes beyond mere domain
or register differences.

This study investigates the effectiveness
of different feature representations for pre-
dicting Spanish L2 text readability accord-
ing to CEFR levels on pedagogical and au-
thentic corpora. In particular, we compare
three complementary feature representations:
(i) traditional readability metrics captur-
ing surface-level text complexity, (ii) CEFR-
aligned lexical features derived from expert-
curated resources, and (iii) data-driven dis-
tributional features based on unigram TF-
IDF.

The evaluation is conducted on three
CEFR-annotated Spanish L2 corpora:
Hablacultura and Kwiziq (Vásquez-

Rodŕıguez et al., 2022), which are designed
for Spanish language instruction, and the
Corpus de Aprendices de Español (Rojo
and Mart́ınez, 2016), a large-scale learner
corpus. This setup allows us to examine
performance across different text types,
namely pedagogically curated materials and
authentic learner productions. Given the
diverse nature of these datasets, we also
account for cross-domain generalizability
and the effect of dataset size in the models’
performance.1

Considering CEFR level prediction as a
multi-class classification task, we systemati-
cally assess the contribution of each feature
group by comparing their individual perfor-
mance as well as their combinations through
controlled ablation experiments. In addition
to within-dataset evaluation, we analyse the
robustness of feature representations under
varying data conditions. Specifically, we test
their ability to generalize across types of texts
by training on learner-produced texts and
evaluating on pedagogical corpora. We also
control for differences in dataset size through
downsampling, allowing us to isolate the im-
pact of training data availability from the ef-
fectiveness of the feature representations.

The main research questions addressed in
this study are, thus:

• RQ1: How does combining traditional
readability metrics, CEFR-based lexical
features, and distributional representa-
tions affect Spanish L2 CEFR level clas-
sification performance compared to indi-
vidual feature groups?

• RQ2: To what extent do feature rep-
resentations generalize across pedagog-
ical and authentic texts, and how is
their effectiveness affected by variations
in dataset size?

In what follows, Section 2 reviews related
work. Section 3 describes the datasets, text
features, and experimental setup. Section 4
presents the results, and Section 5 concludes
with a discussion of the findings.

2 Background

Analyzing text complexity and readability
serves critical pedagogical and social pur-
poses: improving adult literacy (Monteiro et

1Source code available at
https://github.com/GrupoPortlex/ReadabilityESMAS



al., 2023; Reis et al., 2024), enhancing pa-
tient comprehension of medical texts (Scholz
and Wenzel, 2025), enabling automatic text
classification (Rodŕıguez Rey, 2024; Rey
and Garcia, 2025), and informing foreign
language teaching practices (François et al.,
2014). These applications require quantita-
tive and qualitative assessment parameters,
annotated datasets (Ribeiro, Mamede, and
Baptista, 2024), and specialized tools such as
MultiAzterTest (Bengoetxea and Gonzalez-
Dios, 2021).

The representation of text remains a crit-
ical issue in supervised CEFR prediction,
as datasets vary substantially in size, lan-
guages differ in their linguistic properties,
and text difficulty depends on interacting
linguistic, extralinguistic, and reader-related
factors. This variability makes it challenging
to design feature representations that both
generalize across settings and capture the
multidimensional nature of readability.

2.1 Traditional Readability

Metrics

Traditional readability metrics rely on
length- and frequency-based features. Early
work established these variables as proxies for
text difficulty (Thorndike, 1921; Lively and
Pressey, 1923; Vogel and Washburne, 1928),
and led to widely used formulas such as
Flesch Reading Ease (Flesch, 1948), Flesch-
Kincaid, Gunning Fog, Dale–Chall (Dale
and Chall, 1948), and SMOG (McLaugh-
lin, 1969). Their main strength lies in
their simplicity, interpretability, and compu-
tational efficiency, which makes them strong
and widely used baselines (Bestgen, 2020;
Martinc, Pollak, and Robnik-Šikonja, 2021;
Vajjala, 2022).

However, most formulas were developed
for English and native speakers, and they
largely overlook semantic, lexical, and prag-
matic aspects of language (Bengoetxea and
Gonzalez-Dios, 2021). As a result, they
fail to capture the multifaceted nature of
text complexity, particularly in L2 contexts
(Zhou, Jeong, and Green, 2017). Cross-
linguistic studies (Azpiazu and Pera, 2019)
and multilingual initiatives further show that
sentence and word length alone are insuf-
ficient, motivating the inclusion of richer
dimensions such as lexical transparency,
conceptual familiarity, domain specializa-
tion, abstraction level, and technical density

(Hiebert, 2011; François et al., 2014; Mon-
teiro et al., 2023).

2.2 The CEFR Framework in

Language Pedagogy

The Common European Framework of Ref-
erence for Languages (CEFR) establishes six
proficiency levels (A1–C2) defined through
“Can-Do” descriptors of learner capabilities
that are widely adopted for curriculum de-
sign, assessment, and materials development
across languages and educational contexts.
This levelling system is influential in vocab-
ulary instruction given the correlation be-
tween lexical knowledge and CEFR profi-
ciency (Milton and Alexiou, 2009; Milton,
2010; Coniam, Milanovic, and Zhao, 2022;
Lew and Wolfer, 2024).

Researchers have developed CEFR-
aligned assessment tools incorporating
lexical profiles and grammatical complex-
ity measures more relevant to language
learners’ actual reading experiences (Xia,
Kochmar, and Briscoe, 2016; Arase, Uchida,
and Kajiwara, 2022; Bestgen, 2020). For
instance, the English Vocabulary Profile
(Capel, 2015) and FLElex for French
(François et al., 2014) demonstrate growing
sophistication in CEFR-based text analysis
across linguistic contexts that are relevant
to multilingual projects like ESMAS-ES+

(Domı́nguez Vázquez, 2025), where con-
sistent levelling across Spanish, French,
German, and Galician requires robust
theoretical foundations.

Curated vocabulary lists play a crucial
role in operationalizing lexical complexity
for CEFR-based assessment. Unlike purely
frequency-based resources, which reflect gen-
eral native language use, curated lists are
constructed through a combination of cor-
pus evidence, expert pedagogical judgment,
and explicit alignment with CEFR descrip-
tors, ensuring that the vocabulary they con-
tain reflects the expected acquisition trajec-
tory of L2 learners at each proficiency stage.

From a practical standpoint, these lists
serve a dual purpose. In language teaching,
they inform material selection, syllabus de-
sign, and vocabulary instruction by provid-
ing level-appropriate targets. In automatic
text assessment, they enable the operational-
ization of CEFR levels as measurable lexical
features, as the degree of overlap between a
text’s vocabulary and a given level’s list pro-



vides a direct and interpretable signal of its
alignment with that proficiency stage.

2.3 Automatic CEFR Assessment

The automatic assessment of text complex-
ity is usually considered a classification task
in which one of the CEFR proficiency levels
is assigned to a text. It poses several chal-
lenges, including the scarcity of annotated
data, variability across domains and learner
populations, and the need to adequately de-
rive feature representations from text that
reflect the actual complexity of the text in
a meaningful way. Existing approaches can
be broadly grouped into three paradigms: (i)
feature-based models relying on handcrafted
linguistic indicators, (ii) neural models based
on distributed representations, and (iii) gen-
erative large language models.

Feature-based approaches Early work
in CEFR prediction predominantly relied on
surface linguistic features. These include
traditional readability metrics, lexical diver-
sity, and morphosyntactic indicators. Vaj-
jala and Rama (2018) explored monolingual,
multilingual, and cross-lingual CEFR clas-
sification, showing that feature-based mod-
els can generalize across languages to some
extent, suggesting the presence of language-
independent signals of proficiency. Bestgen
(2020) demonstrated that basic indicators
such as text length and readability formulas
remain strong predictors of CEFR levels, par-
ticularly in monolingual settings.

Neural approaches More recent research
has shifted toward neural architectures,
particularly transformer-based models
that leverage contextualized embeddings.
Schmalz and Brutti (2021) showed that such
models achieve strong performance on CEFR
classification tasks, benefiting from their
ability to encode syntactic and semantic
information in a unified representation.
Beyond document-level classification, Arase,
Uchida, and Kajiwara (2022) proposed
sentence-level CEFR annotation and demon-
strated that proficiency distinctions can be
reliably detected at this level, enabling more
precise modeling of learner competence.
Recently, Rodŕıguez Rey and Garcia (2025)
show that pre-trained models offer compet-
itive performance compared to traditional
features on the Galician language.

Generative large language models Re-
cent work has investigated the use of large
language models (LLMs) for CEFR pre-
diction. Yancey et al. (2023) showed
that models such as GPT-4 can approxi-
mate human CEFR judgments, indicating
that proficiency-related knowledge is implic-
itly encoded in large-scale pretrained mod-
els. He and Li (2024) proposed a zero-shot
framework for CEFR prediction, learning
language-agnostic representations that gen-
eralize across multiple languages. However,
these approaches raise concerns regarding ro-
bustness, consistency, and fairness, particu-
larly across different learner populations and
text types (Benedetto et al., 2025; Imperial
et al., 2025).

CEFR assessment for Spanish In con-
trast to English, CEFR prediction for Span-
ish remains comparatively underexplored.
Existing studies have primarily focused on
feature-based approaches applied to learner
corpora. del Ŕıo (2019) show that mor-
phosyntactic features, especially part-of-
speech distributions, are highly informative
for proficiency classification. Similarly, Mi-
aschi et al. (2020) modelled the development
of written competence in L2 Spanish learners,
demonstrating that automatically extracted
linguistic features align well with pedagogi-
cal notions of progression.

Due to the limited availability of CEFR-
annotated Spanish data, Vásquez-Rodŕıguez
et al. (2022) introduced a large-scale bench-
mark for Spanish readability assessment, in-
cluding texts targeted at L2 learners. How-
ever, it remains underexplored how differ-
ent feature sets perform across varying text
types, such as authentic and pedagogically
adapted texts.

3 Methodology

We investigate the relevance of different
group of features for automatic CEFR assess-
ment on Spanish L2 datasets. The group of
features are traditional readability metrics,
CEFR-aligned lexical features derived from
resources annotated by experts, and data-
driven distributional features based on TF-
IDF.

The task is formulated as a multi-class
classification problem. We use Quadratic
Weighted Kappa (QWK) (Cohen, 1968) as
our primary evaluation metric, since it ac-
counts for the ordinal nature of the labels and



penalizes misclassifications proportionally to
their distance. For comparability with prior
work, we also report different metrics on Ap-
pendix A.

The main criteria when selecting a model
were its interpretability, the required amount
of training data, and the ease of repro-
ducibility across different domains. We com-
pare several baselines and chose the best
hyperparameters based on preliminary ex-
periments (3-fold stratified cross-validation)
using ngram TF-IDF features. A Logistic
Regression model with L2 regularization2 is
adopted based on overall performance and
stability. The following subsections describe
the datasets used, how features were derived,
and experimental design.

3.1 Datasets

We conduct our experiments on three com-
plementary corpora of Spanish texts com-
piled by Vásquez-Rodŕıguez et al. (2022).
These datasets include both pedagogically
curated materials and authentic learner-
produced texts, providing variation in writ-
ing style, readability, and sample size. Our
goal in using different corpora is to exam-
ine how various text representations model
authentic texts with uncontrolled complexity
and errors, in comparison to texts that are
deliberately simplified or that gloss over such
complexity.

The datasets are collected using the Hug-
ging Face datasets3 library (Lhoest et al.,
2021). Duplicate instances and samples with
missing text or CEFR labels are removed.
For features that depend on lexical nor-
malization, texts are lemmatized using the
stanza library (Qi et al., 2020) to reduce
morphological variation. Other features are
computed from the original text.

Corpus de Aprendices de Español
(CAES) An authentic corpus of learner
Spanish created by Rojo and Mart́ınez
(2016). It consists of 20,636 texts written
by students of Spanish as a foreign language
and annotated with CEFR category (A1–
C1). Because CAES reflects language pro-
duced by L2 learners, it contains authen-
tic errors and varying styles, with overall
level corresponding to what a learner at that

2solver="lbfgs", C=1.0
3lmvasque/hablacultura, lmvasque/kwiziq,

UniversalCEFR/caes es

CEFR stage can produce. This corpus pro-
vides insight into the lexical and syntactic
choices learners make at each level in un-
guided writing, which differs from the other
two datasets that are meant to be used for
teaching purposes.

HablaCultura A pedagogical text corpus
consisting of reading materials from an edu-
cational website for Spanish learners (habla-
cultura.com) annotated with CEFR category
(A2–C1). These texts cover cultural and gen-
eral topics (e.g., arts, customs, science) in-
tended for learners. Because they are pre-
pared for teaching, they typically use con-
trolled language: even at higher levels, texts
are designed to be comprehensible to learn-
ers, reinforcing learned vocabulary from pre-
ceding levels.

Kwiziq A pedagogical dataset from the on-
line platform Kwiziq (spanish.kwiziq.com),
which provides lessons and readings for Span-
ish learners annotated with CEFR level (A1–
C1). The Kwiziq corpus represents short
reading comprehension passages and gram-
mar explanations, carefully written to in-
clude level-appropriate vocabulary and syn-
tactic structures.

Table 1 shows the distribution of CEFR
labels across datasets. Overall, the Habla-
cultura and Kwiziq datasets are skewed to-
ward the extreme categories, whereas CAES
is skewed toward the lower proficiency lev-
els. There is also a substantial difference in
dataset size, as well as class imbalance within
each dataset.

3.2 Text Features

We derive three group of features that
capture complementary aspects of linguis-
tic complexity and lexical proficiency: tradi-
tional readability metrics, CEFR-aligned lex-
ical features, and distributional representa-
tions based on TF-IDF.

3.2.1 Readability Metrics

We compute four readability metrics using
the textstat library:4 Fernández–Huerta,
Szigriszt–Pazos, Gutiérrez–Polini, and Craw-
ford. Additionally, we add basic text statis-
tics, including syllable count, lexicon count,
sentence count, words per sentence, average
syllables per word, and the number of diffi-
cult words, which accounts for a total of 10
features.

4https://github.com/textstat/textstat



Dataset A1 A2 B1 B2 C1 Total
CAES 5553 (27%) 5708 (28%) 4489 (22%) 3100 (15%) 1786 (9%) 20636
HablaCultura 0 (0%) 33 (5%) 245 (38%) 273 (42%) 99 (15%) 650
Kwiziq 21 (10%) 33 (16%) 54 (26%) 59 (29%) 39 (19%) 206

Table 1: Distribution of CEFR levels across datasets.

These features are computed directly on
the original texts and capture surface-level
linguistic properties, such as lexical density,
sentence length, and syllabic complexity. As
such, they provide an interpretable represen-
tation of textual difficulty, without relying on
deeper syntactic or semantic analysis.

3.2.2 CEFR-aligned lexical features

In addition to readability metrics, we also
compute CEFR-aligned lexical features. This
is measured by the overlap between the text
and curated CEFR-based vocabulary lists. In
our experiments, we use the lists provided by
the Instituto Cervantes as part of its Curricu-
lar Plan,5 which defines the vocabulary learn-
ers are expected to know by the end of each
proficiency level and guides both textbook
vocabulary selection and language examina-
tion content. We downloaded and manually
checked the entries.

These lists include both single-word en-
tries and multi-word expressions labelled
with a CEFR label (A1–B2). Table 2 shows
examples from each CEFR category along
with their distribution.

For each CEFR level, all associated
lemmas are combined into a single case-
insensitive pattern that matches complete
words, and multi-word expressions are
treated as single lexical units to ensure full
overlap when they occur. Overlap is defined
as the count of lemmas from each CEFR-
specific list that appear in the lemmatized
text, resulting in one count per CEFR level.
This yields four features per text, each rep-
resenting the frequency of vocabulary corre-
sponding to a given CEFR level, and thus
quantifies how strongly the text aligns with
different proficiency levels based on its lexical
composition.

Even though CEFR-based lexical lists
provide structured and curated information,
their overlap with real language use in texts
is relatively limited. In practice, the number
of matched items per text remains low, typi-
cally below 20 on average across datasets per

5https://cvc.cervantes.es/ensenanza/

CEFR level, which is largely a consequence
of the short length of the texts and the high
lexical diversity of natural language.

A slight increase in overlap can be ob-
served as CEFR level rises, reflecting the
greater lexical richness of more advanced
texts. However, this relationship is weak.
One reason is that A1-level vocabulary is
highly frequent and appears across all levels,
introducing noise and reducing the discrim-
inative power of overlap-based features. At
the same time, higher-level vocabulary (e.g.,
B2) is comparatively sparse, so even in ad-
vanced texts only a small portion of the cu-
rated lists is actually observed. As a result,
despite the curated lists containing several
thousand lexical items, only a small subset
is matched in any given text, limiting the
effectiveness of simple overlap measures for
distinguishing CEFR levels.

3.2.3 TF-IDF

Finally, distributional representations are ob-
tained using TF-IDF (Ramos, 2003) unigram
features computed using Scikit-Learn library
(Pedregosa et al., 2011). These representa-
tions encode word usage patterns across the
corpus and capture contextual information
not directly reflected in lexical lists or read-
ability metrics.

Conceptually, this feature group differs
from CEFR-based curated list overlap in that
it adopts a data-driven, bottom-up approach,
rather than relying on predefined lexical in-
ventories. It avoids the main drawback of
curated lists, namely the Zipfian distribution
of language use. However, it may introduce
noise by reflecting corpus-specific patterns
rather than generalizable linguistic proper-
ties.

The resulting high-weight n-grams (i.e.,
n-grams with high TF-IDF scores, repre-
senting terms that are frequent in a docu-
ment yet discriminative across the corpus)
can thus serve as empirical proxies for repre-
sentative vocabulary, although they require
post-processing to account for noise intro-
duced by learner language, such as spelling
errors or out-of-dictionary words.



CEFR Examples Count Percentage
A1 monumento, invierno, herramienta 485 11.61%
A2 sed, internet, gramo 575 13.76%
B1 conservador, carril, electrodoméstico 1182 28.28%
B2 hinduismo, papelera, representante 1940 46.35%
Total 4182 100%

Table 2: Examples of lexical items and distribution across CEFR levels according to the curated
lists from Instituto Cervantes.

Table 3 presents the five highest-ranked
unigrams for the CAES dataset. Even this re-
duced sample reveals clear differences across
proficiency levels. At A1, the most salient
items include basic, high-frequency vocabu-
lary such as common nouns (año, padre) and
frequent verbs (gustar). At intermediate lev-
els, B1 already shows the presence of more
structurally relevant items such as the con-
ditional marker si. At higher levels, the vo-
cabulary shifts towards more abstract and se-
mantically complex terms, as illustrated by
C1 items like servicio and compañ́ıa.

CEFR Top unigrams
A1 año, gustar, tener, llamar, padre
A2 habitación, vacaciones, visitar,

hotel, reservar
B1 equipaje, maleta, poder, si, pedir
B2 fumar, programa, público,

lengua, universidad
C1 peĺıcula, electricidad, servicio,

factura, compañ́ıa

Table 3: Top 5 TF-IDF unigrams per CEFR
level for the CAES dataset.

3.3 Experimental Design

To systematically assess the contribution and
robustness of different feature groups under
varying data conditions, we design three com-
plementary experiments. First, we evaluate
the predictive capacity of each feature group
and their combinations within each dataset.
Second, we analyze cross-dataset generaliza-
tion by training on learner-produced texts
and testing on pedagogical corpora. Finally,
we control for dataset size by downsampling
the largest corpus, allowing us to differentiate
the effect of training data size from feature
effectiveness.

Feature Group Comparison In the first
experiment, we assess the predictive contri-
bution of different feature groups evaluating
on a 5-fold cross validation setup. We eval-
uate readability features, CEFR-based lex-

ical overlap features, and TF-IDF unigram
representations individually, as well as their
combinations to examine potential comple-
mentarity. The goal is to identify which fea-
ture group, or combination of feature groups,
provides the most effective representation for
CEFR level prediction.

Cross-Dataset Generalization Mo-
tivated by the performance differences
observed in Experiment 1 between learner-
produced and pedagogically curated texts,
we evaluate how the same feature group
combinations are able to generalize across
datasets with different characteristics.
Specifically, we train the model on the CAES
corpus and evaluate it on the pedagogical
datasets HablaCultura and Kwiziq. This
setup allows us to assess how well each
feature group transfers from authentic
learner-produced texts to pedagogically
curated materials.

Training Size Effect Given the substan-
tial size difference between CAES and the
pedagogical datasets, we examine the impact
of training data size on model performance by
downsampling CAES and generating a learn-
ing curve. Sampling is performed in a strati-
fied manner to preserve the original label dis-
tribution. At every training size, we test us-
ing 5-fold cross validation. The objective of
this experiment is to determine whether per-
formance differences across datasets are pri-
marily driven by feature effectiveness or by
the amount of available training data.

4 Results

This section presents the results in terms of
QWK. For brevity, the feature groups com-
pared are referred to as readability, cefr-
vocab, and TF-IDF. Detailed results are de-
picted in Appendix A.

4.1 Feature Groups Comparison

Figure 1 presents the performance of each
feature group across datasets, reported as
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Figure 1: Performance (QWK) averaged over
5-fold cross-validation (mean and std) across
feature configurations per dataset. R: read-
ability, V: cefr-vocab, T: TF-IDF.

mean and standard deviation under a 5-fold
cross-validation setup.

For the CAES corpus, TF-IDF fea-
tures achieve the highest performance (0.98).
Adding additional features (readability or
cefr-vocab) yields only marginal improve-
ments, indicating that n-gram representa-
tions alone capture most of the relevant sig-
nal in this setting. In contrast, removing n-
grams leads to a drop in performance, from
0.98 to 0.69 (readability) and 0.63 (cefr-
vocab), confirming their central role in this
dataset.

This pattern is less consistent in the ped-
agogical datasets. In HablaCultura, n-gram
features remain the strongest individual rep-
resentation (0.62), with only slight improve-
ments when combined with other features,
suggesting limited complementarity. How-
ever, removing n-grams results in a substan-
tial degradation in performance, dropping to
0.10 (readability) and 0.07 (cefr-vocab), in-
dicating that surface-level metrics are insuffi-
cient to capture complexity, and that overlap-
based features depend heavily on lexical cov-
erage.

In Kwiziq, the advantage of n-grams is fur-
ther reduced. TF-IDF features achieve rela-

tively low performance (0.24), and combin-
ing them with other feature groups yields
only minor improvements (e.g., 0.25 for
readability+TF-IDF). The best performance
is obtained with the combination of read-
ability and cefr-vocab features (0.51), out-
performing both readability (0.34) and cefr-
vocab (0.23) when used individually. The
confusion matrices in Appendix A show that
their combination improves the classification
of lower proficiency levels, whereas n-gram
features tend to cluster predictions around
the B1–B2 levels. The lower performance of
n-gram-based representations suggests that
distributional features are less effective on
small datasets, which limits the reliability of
learned word distributions.

4.2 Cross-Dataset Generalization

Considering the high performance of TF-
IDF features on the CAES corpus, we evalu-
ate their ability to generalize to pedagogical
corpora. Figure 2 presents the comparison
between cross-dataset performance (trained
on CAES and tested on pedagogical corpus)
and within-corpus baselines for each feature
configuration (from Experiment 1). Over-
all, only TF-IDF features transfers effectively
from CAES to Kwiziq, but not to HablaCul-
tura, which suggests that there are distri-
butional similarities that benefit the smaller
dataset with a model trained on a larger
dataset.

When testing on HablaCultura, cross-
dataset performance is consistently low
across all feature configurations. The best
result is obtained with readability+TF-IDF
(0.16), closely followed by all features (0.15)
and TF-IDF (0.14). In contrast, the cor-
responding within-corpus results are sub-
stantially higher, with readability+TF-IDF
reaching 0.63 and TF-IDF 0.62. This corre-
sponds to performance drops of 0.47 and 0.48
points, respectively, highlighting the limited
transferability of n-gram-based representa-
tions. As expected, feature configurations
that already achieve low performance (read-
ability and cefr-vocab) do not benefit from
the cross-dataset setup.

When testing on Kwiziq, however, there is
a different pattern. Only the feature config-
urations that include TF-IDF show improve-
ment over their within-corpus baselines, with
an average increase of 0.25. The configu-
ration that includes all features shows the
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Figure 2: Performance (QWK) across fea-
ture configurations when trained on CAES
and tested on HablaCultura or Kwiziq. Dif-
ference compared to within-corpus baseline
from Experiment 1.

largest gain, rising from 0.25 to 0.35.

4.3 Training Size Effect

This experiment investigates whether the rel-
ative effectiveness of feature configurations
depends on the amount of available train-
ing data, and to what extent. We combine
two complementary analyses on the CAES
corpus. First, we evaluate all feature group
combinations under controlled training sizes
by downsampling CAES to match the sizes
of the pedagogical datasets. Second, we ex-
amine learning curves for two representative
configurations across a range of training sizes.

Downsampling To simulate low-resource
conditions, the CAES corpus is downsampled
to 650 samples (matching HablaCultura) and
206 samples (matching Kwiziq). Figure 3
presents the resulting performance across all
feature configurations.

Across both downsampled training sizes,
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Figure 3: Performance (QWK) averaged over
5-fold cross-validation (mean and std) of
all feature group combinations when CAES
downsampled. R: readability, V: cefr-vocab,
T: TF-IDF.

feature configurations that include TF-IDF
achieve mean QWK scores above 0.85. The
best result is obtained with TF-IDF alone
(0.92). Increasing the amount of training
data primarily reduces variability, leading to
more stable results. The strong result despite
the reduced training size also suggests that
the texts belong to similar topics, indicating
reduced variability, which in turn may affect
the model’s generalizability.

For readability metrics, adding more data
does not improve mean performance (0.68),
but only reduces variability. In contrast,
for CEFR-based vocabulary features, smaller
training sizes appear to yield better perfor-
mance, with a difference of 7 points. How-
ever, given the differences observed across
pedagogical corpora, cefr-vocab is highly sen-
sitive to dataset-specific artifacts, possibly
reflecting lexical matching effects rather than
robust generalization.

Learning curve To further analyse how
feature contributions change with increasing
data, we examine learning curves for two
representative configurations: TF-IDF and
readability+cefr-vocab. Models are trained
on progressively larger subsets of CAES,
ranging from 80 samples to the full training
size (over 20,000 instances). Figure 4 shows
the resulting performance.

The two feature groups exhibit different
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Figure 4: Learning curves on CAES for
TF-IDF and readability+cefr-vocab features.
Performance is reported as mean QWK
across 5-fold cross-validation, with error bars
as standard deviation.

scaling behaviour. The TF-IDF configura-
tion improves rapidly with increasing train-
ing size, rising from 0.67 at 80 samples to 0.93
at 320 samples, and reaching 0.98 at the full
training size. In contrast, readability+cefr-
vocab shows only limited gains, increasing
from 0.67 at 80 samples to approximately
0.77 at 320 samples, and then remaining al-
most constant as more training data is added.
Therefore, there is a similar performance
when less than 100 training samples, but TF-
IDF outperforms surface-level features when
there are more than 300 samples available for
training.

Overall, these results reinforce the find-
ings from the previous experiments. Surface-
level (readability+cefr-vocab) provide rela-
tively stable performance in low-resource set-
tings but do not scale with additional data.
In contrast, distributional features (TF-IDF)
are highly data-dependent, but benefit sub-
stantially from increased training size, and
achieve higher performance.

5 Conclusion

This study examines the effectiveness of
different feature representations for CEFR-
based text complexity prediction in Span-
ish as L2. We compared traditional read-
ability metrics, CEFR-aligned lexical over-
lap features, and distributional representa-
tions based on unigram TF–IDF, both in-
dividually and in combination. Through a
series of experiments, we evaluate their con-
tribution under varying conditions, includ-

ing cross-dataset generalization, and training
size variation.

Regarding RQ1, the results show that dis-
tributional features consistently provide the
strongest predictive performance when suffi-
cient training data is available, as observed in
the CAES corpus. Combining feature groups
yields only limited improvements in such set-
tings, indicating that most of the predictive
signal is already captured by n-gram repre-
sentations. In contrast, in smaller datasets,
combinations of readability and lexical fea-
tures become more competitive, suggesting
partial complementarity when distributional
information is less reliable.

With respect to RQ2, feature represen-
tations show limited generalization across
datasets. Models trained on learner-
produced texts fail to transfer effectively to
pedagogical corpora, except for when using
TF-IDF features and testing on the smallest
corpus (Kwiziq). This suggests that training
on larger datasets can provide some cross-
dataset benefits, even when the datasets dif-
fer. However, this effect is inconsistent and
does not generalize across all settings. We
leave the exploration of domain adaptation
and style normalization strategies as future
work, as they may improve transferability
and allow the advantages of larger datasets
to extend more reliably to smaller ones.

The downsampling experiments demon-
strate that differences across feature groups
are not only explained by training size, but
also reflect corpus-specific properties of the
data. If data is limited, surface-level and lex-
ical features provide more stable performance
across settings.

These findings have practical implica-
tions for Spanish L2 CEFR prediction. In
high-resource scenarios, distributional rep-
resentations are the most effective choice,
whereas in low-resource or cross-domain set-
tings, surface-level features offer more stabil-
ity. Overall, the results highlight the impor-
tance of selecting feature representations ac-
cording to data availability and corpus char-
acteristics, as well as the need for approaches
that better capture transferable signals of
text complexity.

Future work will explore improved repre-
sentations of complex lexical structures and
CEFR-overlap features for the C1–C2 levels.
We also plan to explore transformer-based
models with limited training data.
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28:175–192.

Flesch, R. 1948. A new readability yardstick.
Journal of Applied Psychology, 32(3):221–
233.

François, T., N. Gala, P. Watrin, and C. Fa-
iron. 2014. FLELex: a graded lexical
resource for French foreign learners. In
N. Calzolari, K. Choukri, T. Declerck,
H. Loftsson, B. Maegaard, J. Mariani,
A. Moreno, J. Odijk, and S. Piperidis,
editors, Proceedings of the Ninth Interna-
tional Conference on Language Resources
and Evaluation (LREC’14), pages 3766–
3773, Reykjavik, Iceland, May. European
Language Resources Association (ELRA).



He, J. and X. Li. 2024. Zero-shot cross-
lingual automated essay scoring. In
N. Calzolari, M.-Y. Kan, V. Hoste,
A. Lenci, S. Sakti, and N. Xue, editors,
Proceedings of the 2024 Joint Interna-
tional Conference on Computational Lin-
guistics, Language Resources and Eval-
uation (LREC-COLING 2024), pages
17819–17832, Torino, Italia, May. ELRA
and ICCL.

Hiebert, E. H. 2011. Beyond Single Read-
ability Measures: Using Multiple Sources
of Information in Establishing Text Com-
plexity. Journal of Education, 191(2):33–
42, April.

Imperial, J. M., A. Barayan, R. Stodden,
R. Wilkens, R. M. Sanchez, L. Gao,
M. Torgbi, D. Knight, G. Forey, R. R.
Jablonkai, E. Kochmar, R. Reynolds,
E. Ribeiro, H. Saggion, E. Volod-
ina, S. Vajjala, T. François, F. Alva-
Manchego, and H. T. Madabushi. 2025.
Universalcefr: Enabling open multilingual
research on language proficiency assess-
ment.

Lew, R. and S. Wolfer. 2024. CEFR vocab-
ulary level as a predictor of user interest
in English Wiktionary entries. Humani-
ties and Social Sciences Communications,
11(1):340, February.

Lhoest, Q., A. V. del Moral, Y. Jernite,
A. Thakur, P. von Platen, S. Patil,
J. Chaumond, M. Drame, J. Plu, L. Tun-
stall, J. Davison, M. Šaško, G. Chh-
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guamática, 17(2).
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Zafra, editors, Proceedings of the Doctoral
Symposium on Natural Language Process-
ing (NLP-DS 2024), pages 193–201.

Rojo, G. and I. M. P. Mart́ınez, 2016.
Learner Spanish on computer: The
CAES ‘Corpus de Aprendices de Español’
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Dataset Features QWK Accuracy F1 (weighted)
caes TF-IDF 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
caes CEFR-vocab+TF-IDF 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
caes Readability+TF-IDF 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
caes All 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
caes Readability+CEFR-vocab 0.77 (0.01) 0.62 (0.01) 0.62 (0.01)
caes Readability 0.70 (0.01) 0.54 (0.00) 0.53 (0.00)
caes CEFR-vocab 0.63 (0.01) 0.47 (0.00) 0.47 (0.01)
hablacultura CEFR-vocab+TF-IDF 0.63 (0.07) 0.76 (0.03) 0.75 (0.03)
hablacultura TF-IDF 0.62 (0.06) 0.76 (0.03) 0.75 (0.04)
hablacultura Readability+TF-IDF 0.63 (0.07) 0.76 (0.03) 0.75 (0.03)
hablacultura All 0.63 (0.07) 0.76 (0.03) 0.75 (0.04)
hablacultura Readability 0.11 (0.10) 0.28 (0.04) 0.30 (0.04)
hablacultura Readability+CEFR-vocab 0.15 (0.06) 0.27 (0.01) 0.29 (0.01)
hablacultura CEFR-vocab 0.08 (0.07) 0.19 (0.03) 0.20 (0.02)
kwiziq Readability+CEFR-vocab 0.51 (0.16) 0.37 (0.03) 0.35 (0.03)
kwiziq Readability+TF-IDF 0.26 (0.09) 0.34 (0.05) 0.33 (0.06)
kwiziq CEFR-vocab+TF-IDF 0.25 (0.08) 0.34 (0.05) 0.33 (0.06)
kwiziq All 0.26 (0.09) 0.34 (0.06) 0.32 (0.06)
kwiziq TF-IDF 0.25 (0.08) 0.34 (0.05) 0.32 (0.05)
kwiziq CEFR-vocab 0.23 (0.18) 0.28 (0.03) 0.27 (0.04)
kwiziq Readability 0.35 (0.09) 0.26 (0.05) 0.24 (0.05)

Table 4: Performance across feature configurations per dataset reported as mean (std) per metric
across 5-folds.

Test Features QWK Accuracy F1 (weighted)
hablacultura TF-IDF 0.16 0.33 0.35
hablacultura CEFR-vocab+TF-IDF 0.16 0.32 0.34
hablacultura Readability+TF-IDF 0.11 0.25 0.28
hablacultura All 0.11 0.23 0.27
hablacultura Readability+CEFR-vocab 0.14 0.26 0.24
hablacultura Readability 0.07 0.22 0.22
hablacultura CEFR-vocab 0.01 0.08 0.10
kwiziq CEFR-vocab+TF-IDF 0.33 0.33 0.29
kwiziq TF-IDF 0.30 0.30 0.27
kwiziq Readability+TF-IDF 0.31 0.28 0.25
kwiziq All 0.28 0.28 0.25
kwiziq Readability 0.34 0.26 0.25
kwiziq Readability+CEFR-vocab 0.35 0.29 0.24
kwiziq CEFR-vocab 0.13 0.19 0.19

Table 5: Cross-dataset model performance: trained on CAES and tested on HablaCultura or
Kwiziq.



Train size Features QWK Accuracy F1 (weighted)
650 TF-IDF 0.92 (0.02) 0.91 (0.02) 0.91 (0.02)
650 Readability+TF-IDF 0.91 (0.02) 0.91 (0.03) 0.91 (0.03)
650 CEFR-vocab+TF-IDF 0.92 (0.03) 0.91 (0.03) 0.91 (0.03)
650 All 0.91 (0.02) 0.90 (0.03) 0.90 (0.03)
650 Readability+CEFR-vocab 0.76 (0.06) 0.59 (0.03) 0.58 (0.03)
650 Readability 0.69 (0.05) 0.52 (0.03) 0.51 (0.03)
650 CEFR-vocab 0.67 (0.04) 0.45 (0.02) 0.44 (0.02)
206 Readability+TF-IDF 0.92 (0.05) 0.90 (0.04) 0.90 (0.04)
206 TF-IDF 0.90 (0.07) 0.89 (0.02) 0.89 (0.02)
206 CEFR-vocab+TF-IDF 0.88 (0.09) 0.88 (0.04) 0.88 (0.04)
206 All 0.91 (0.06) 0.88 (0.04) 0.88 (0.04)
206 Readability+CEFR-vocab 0.80 (0.04) 0.54 (0.06) 0.53 (0.04)
206 Readability 0.70 (0.06) 0.50 (0.04) 0.48 (0.03)
206 CEFR-vocab 0.73 (0.02) 0.46 (0.05) 0.45 (0.06)

Table 6: Performance across feature configurations when CAES downsampled reported as mean
(std) per metric across 5-folds.

Train size Features QWK Accuracy F1 (weighted)
80 TF-IDF 0.68 (0.17) 0.72 (0.10) 0.70 (0.11)
80 Readability+CEFR-vocab 0.67 (0.12) 0.45 (0.07) 0.42 (0.07)
160 TF-IDF 0.76 (0.20) 0.81 (0.09) 0.80 (0.10)
160 Readability+CEFR-vocab 0.70 (0.08) 0.47 (0.09) 0.46 (0.10)
320 TF-IDF 0.94 (0.04) 0.88 (0.05) 0.87 (0.05)
320 Readability+CEFR-vocab 0.77 (0.04) 0.57 (0.03) 0.56 (0.03)
640 TF-IDF 0.91 (0.02) 0.91 (0.02) 0.91 (0.02)
640 Readability+CEFR-vocab 0.75 (0.03) 0.59 (0.03) 0.58 (0.03)
1280 TF-IDF 0.94 (0.02) 0.92 (0.01) 0.92 (0.01)
1280 Readability+CEFR-vocab 0.76 (0.03) 0.61 (0.02) 0.61 (0.02)
2560 TF-IDF 0.96 (0.01) 0.95 (0.01) 0.95 (0.01)
2560 Readability+CEFR-vocab 0.78 (0.02) 0.63 (0.02) 0.62 (0.02)
5120 TF-IDF 0.98 (0.01) 0.97 (0.01) 0.97 (0.01)
5120 Readability+CEFR-vocab 0.78 (0.02) 0.63 (0.02) 0.63 (0.02)
10240 TF-IDF 0.98 (0.00) 0.98 (0.00) 0.98 (0.00)
10240 Readability+CEFR-vocab 0.77 (0.01) 0.62 (0.01) 0.62 (0.01)
20480 TF-IDF 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
20480 Readability+CEFR-vocab 0.77 (0.00) 0.62 (0.01) 0.62 (0.00)
20636 TF-IDF 0.99 (0.00) 0.99 (0.00) 0.99 (0.00)
20636 Readability+CEFR-vocab 0.77 (0.01) 0.62 (0.01) 0.62 (0.01)

Table 7: Learning curve on CAES for TF-IDF and Readability+CEFR-vocab features reported
as mean (std) per metric across 5-folds.
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Kwiziq Confusion Matrices by Feature Set

Figure 5: Confusion matrices for predictions on the Kwiziq dataset across 5-fold cross-validation
per feature set.


