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Abstract
The automatic assessment of text readability and the classification of texts by levels is essential
for language education and language industries that rely on effective communication. This study
explores cross-language automatic readability level classification using the levels defined by the
Common European Framework of Reference for Languages (CEFR). We investigate the potential of
using data in one language to improve classification performance in different languages and, thus,
optimize the utilization of the limited labeled resources available for each language. We rely on a
pre-trained multilingual Transformer-based language model, by fine-tuning it on annotated data
in one language or in a combination of languages, and then assessing its ability to generalize even
to unseen languages. In an additional scenario, we further fine-tune the models on data in the
target language, to assess whether the models trained on data in different languages can capture
generic information regarding text readability and then be further specialized to capture the specific
characteristics of the target language. Our experiments covering the English, Dutch, and German
languages revealed that direct generalization to unseen languages is challenging. However, when
paired with data in the target language, multilingual data can be leveraged to capture cross-language
aspects of text readability, leading to more robust and better-performing models.
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1 Introduction

The Common European Framework of Reference for Languages (CEFR) [9] provides a widely
recognized framework for classifying language proficiency levels, ranging from A1 (beginner)
to C2 (proficient). Additionally, the CEFR has been used to assess the proficiency of
individuals as learners of different languages. However, it can also be used from a readability
perspective, shifting the focus to understanding the proficiency required to read specific
pieces of text. Identifying the readability level of a text is relevant across diverse domains,
encompassing not only language education but also various language-related industries and
many other human activities. In education, assessing the readability level allows educators

© Eugénio Ribeiro and Jorge Baptista;
licensed under Creative Commons License CC-BY 4.0

15th Symposium on Languages, Applications and Technologies (SLATE 2026).
Editors: Fernando Batista, Eugénio Ribeiro, Ricardo Ribeiro, and André L. Santos; Article No. 3; pp. 3:1–3:13

OpenAccess Series in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

mailto:eugenio.ribeiro@inesc-id.pt
https://orcid.org/0000-0001-7147-8675
mailto:jorge.baptista@inesc-id.pt
https://orcid.org/0000-0003-4603-4364
https://doi.org/10.4230/OASIcs.SLATE.2026.3
https://doi.org/10.54499/UID/50021/2025
https://doi.org/10.54499/UID/50021/2025
https://doi.org/10.54499/UID/PRR/50021/2025
https://doi.org/10.54499/UID/04466/2025
https://doi.org/10.3030/101094837
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/oasics
https://www.dagstuhl.de


3:2 Cross-Language Text Readability Assessment

and curriculum designers to match texts to the learners’ abilities, fostering effective language
development and personalized learning experiences. Moreover, outside the education domain,
readability level classification finds applications in different sectors. For instance, in the
banking industry, presenting financial information and policies at an appropriate readability
level ensures that clients can understand terms and conditions, enabling well-informed
decision-making. Similarly, in healthcare, accessible and understandable medical instructions,
consent forms, and patient information materials are crucial for individuals with varying
levels of language proficiency. Furthermore, legal information, government communications,
user manuals, and many others, benefit from accurately assessing the readability level of
written materials, facilitating effective communication, content transparency, and general
comprehension. Therefore, by exploring the readability perspective of the CEFR, we can
make a significant contribution to enhancing the understanding of text comprehension factors
and their far-reaching implications for both education and language-related industries, seeking
to convey information to learners or clients in a manner that is clear, concise, and easily
understood.

Determining the readability level of texts presents its own set of challenges, particularly
when working with languages that have limited annotated resources. Annotating large
amounts of text data with CEFR levels is a labor-intensive and time-consuming task, often
requiring expert domain knowledge. Consequently, the scarcity of labeled data in multiple
languages hinders the development of robust and accurate models for automatic readability
level classification. To address this challenge, we look into the problem from a cross-language
perspective, which offers a promising avenue for leveraging the limited annotated resources
available for each language.

Starting with a pre-trained multilingual Transformer-based language model [48], we
explore its fine-tuning for CEFR-level classification on data in three different languages –
English, Dutch, and German – and assess the ability of the obtained fine-tuned models to
generalize across languages. The aim of this study is not to achieve the highest possible
performance on text readability level classification, but rather to assess whether data in one
language can help improve the classification performance in different languages. This point is
highly relevant. If data from various languages can be utilized to enhance performance in a
specific target language, it suggests the existence of shared linguistic patterns and structures
that exhibit a similar perceived difficulty level across languages. Moreover, this indicates
that the limited availability of labeled resources can be effectively combined and leveraged in
future model development for automatic readability level classification.

In the following sections, we will proceed as follows: Section 2 will provide an overview of
related work on automatic text readability level classification. Then, in Section 3, we will
describe our experimental setup, including the datasets used and the methodology employed
for training and evaluating various models. Next, Section 4 will present and discuss the
findings from our experiments. Finally, in Section 5, we will summarize the contributions of
this study, discuss its limitations, and suggest directions for future research in this area.

2 Related Work

Readability assessment is a problem that has been widely explored over the years. Tradition-
ally, the problem is addressed by creating readability formulas or indexes based on statistical
information and/or domain knowledge [13, 10]. Among these, the most widely used are the
Flesch Reading Ease index and the Flesch-Kincaid Grade Level [23].
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However, considering the developments in Machine Learning (ML), and especially in
Natural Language Processing (NLP), part of the research on automatic readability assessment
shifted towards following the trends in the NLP area [33]. Early approaches (and many recent
ones for low-resource languages) relied on handcrafted features, such as word frequency,
sentence length, and syntactic complexity, combined with traditional machine learning
algorithms, such as decision trees and support vector machines (e.g. [4, 16, 22, 11, 34, 15, 3]).
Then, Deep Learning (DL) approaches relying on pre-trained word embeddings, such as
those generated by Word2Vec [30], emerged (e.g. [8, 32, 14]). More recently, research in
the area shifted towards the fine-tuning of pre-trained Transformer-based language models,
such as BERT [12], GPT [35], and RoBERTa [27] (e.g. [44, 53, 28, 31, 40]). Still, some
studies revealed that model fine-tuning and handcrafted features are actually complementary
for the task and that the best performance can be achieved by combining both in hybrid
models (e.g. [25, 26, 50, 1]). Prompt-based approaches relying on the intrinsic knowledge of
Large Language Models (LLMs), such as those of the GPT [7], LLaMA [47], Gemma [18],
and EuroLLM [29] families, have also been explored in both zero-shot and few-shot settings.
However, they tend to underperform in comparison to fine-tuned approaches (e.g. [39, 20, 2]).

The previous studies on automatic text readability level assessment cover several languages,
such as English (e.g. [52, 8, 32, 14, 28]), French (e.g. [16, 17, 53, 49, 19, 2]), Chinese
(e.g. [46]), German (e.g. [31]), Brazilian (e.g. [4, 24]) and European Portuguese (e.g.
[5, 11, 44, 24, 40, 42, 3]), Italian (e.g. [15, 45]), Russian (e.g. [22, 38]), Swedish (e.g.
[21, 34]), Spanish (e.g. [1, 36]), Galician (e.g. [37]), and Slovenian (e.g. [28]). In this
context, it is important to mention the UniversalCEFR initiative [20], which aggregated
CEFR-annotated data in 13 languages and explored several automatic assessment approaches.
However, most of the languages are still under-resourced and, although several languages are
covered in the studies, to the best of our knowledge, cross-language models have not been
explored for the task. Thus, our study fills a gap that may define a path for future research
in this area.

3 Experimental Setup

In this section, we describe our experimental setup. As we intend to explore cross-language
text readability assessment, we need datasets in multiple languages. These are described in
Section 3.1. Then, in Sections 3.2 and 3.3, we describe our training and evaluation procedures.
Finally, in Section 3.4, we provide implementation details that enable the future reproduction
of our experiments.

3.1 Datasets
In our experiments, we use the datasets collected in the context of the CEFR Labelling and
Assessment Services (CEFRSERV) project [6]. These cover three languages – English (EN),
Dutch (NL), and German (DE). We opted for using these datasets as they were collected
in the context of the same project and cover languages of the same family – west-germanic
–, which provides an interesting starting point for this cross-lingual analysis. Still, as the
datasets were collected by different teams, some differences can be found in the annotation
and the format in which the annotated texts are provided. In order to improve reproducibility,
we describe these differences below and discuss how we address them in our experiments.

Firstly, the German dataset is annotated with the six CEFR levels, between A1 and C2,
while the English and Dutch datasets also include intermediate levels, such as A1+ or B1–B2.
For consistency and simplicity, we do not consider intermediate levels in this study and the
texts annotated with those levels are considered as belonging to the lower level. The only
exception is the A1- level, which only occurs in the English dataset and is considered as A1.
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Table 1 Level distribution of texts across datasets.

Language A1 A2 B1 B2 C1 C2 Total

English 40 154 216 174 97 69 750
Dutch 31 155 520 410 73 7 1,196
German 31 90 90 115 88 95 509

Total 102 399 826 699 258 171 2,455

Also, the annotation of each text in the English and German datasets refers to an
aggregate of multiple annotators, while the Dutch dataset includes all the annotations for
each text. For consistency, we aggregate the latter as an average.

Finally, while the German and Dutch datasets are provided in a single file featuring all
the text-annotation pairs, the English dataset is provided as multiple files. Besides, the
dataset description refers to approximately 1,200 texts, but there are only 750 files. This
means that some files contain more than one text with the same CEFR level. However, there
is no straightforward way to automatically identify these files nor to separate the texts. Thus,
we considered each file to be a single text.

Table 1 shows the distribution of the texts across languages and CEFR levels. We can see
that there is a bias towards the B levels. This was also observed on many of the datasets used
in previous research on automatic text readability level classification (e.g. [11, 38, 34, 15]).
On the German dataset, this bias is not as pronounced as in the other two languages.
However, this is also the smallest dataset, with only 509 annotated texts. Overall, there are
2,455 annotated texts, most of which (48.72%) are in Dutch.

3.2 Training Methodology

The aim of this study is to assess whether data in one language can help improve automatic
text readability classification performance in different languages and, thus, whether scarce
labeled resources can be used more efficiently.

To do so, we use as a base a pre-trained multilingual Transformer-based language model
and then train multiple models by fine-tuning it for CEFR-level classification on data in
each of the three languages and on each combination of those languages. The performance of
these models can then be assessed across languages.

In our experiments, we explored two training approaches: single-step and two-step. In
single-step training, each model is obtained by fine-tuning the base model on the training
data of the corresponding language or combination of languages. This allows the assessment
of the direct generalization ability of the models across languages. In two-step training, each
of the models generated using single-step training is further fine-tuned on the training data
for each of the target languages. In this scenario, the first training step can be seen as an
adaptation of the base pre-trained model to the text readability classification task in general,
while the second step is used to further refine the models so as to capture the particular
characteristics of the target language in the context of the task.

Furthermore, in line with other studies on automatic CEFR-level classification (e.g., [11]),
we train models for both six levels (A1–C2) and three levels (A–C). This approach enables
us to assess whether a classification with lower granularity can leverage the information
available from data in other languages more effectively.
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Table 2 Accuracy (Acc.) and adjacent accuracy (Adj. Acc.) results (%) using single-step training
for six CEFR levels.

English Dutch German
Acc. Adj. Acc. Acc. Adj. Acc. Acc. Adj. Acc.

EN 62.89±3.01 97.11±1.39 43.06±0.64 94.31±0.24 34.64±4.84 80.06±0.57
NL 23.78±2.70 74.22±4.53 64.58±1.10 99.17±0.42 25.16±5.40 59.80±7.40
DE 26.22±5.43 65.11±10.21 18.19±4.45 54.17±5.12 67.32±1.50 87.91±4.42

EN+NL 62.67±3.06 96.67±1.34 64.86±0.86 99.86±0.24 27.78±4.53 68.30±1.50
EN+DE 62.89±2.14 97.33±0.00 26.53±1.58 79.44±0.24 63.72±1.70 89.22±2.60
NL+DE 24.00±0.67 70.22±1.02 63.75±2.21 99.44±0.24 65.69±3.93 86.93±1.14
All 59.33±3.06 97.11±0.77 65.00±3.25 99.44±0.24 65.36±2.47 89.55±1.13

3.3 Evaluation Methodology

Regarding evaluation metrics, we adopt accuracy and adjacent accuracy, which are consistently
used in previous studies on automatic CEFR readability level classification (e.g., [16, 11, 53,
41, 1]). Accuracy evaluates the precise identification of a text’s readability level, while adjacent
accuracy also considers neighboring levels, offering further insight into the identification of
texts slightly easier or harder than the assigned level. As the coarse-grained setting considers
only three levels, we rely solely on accuracy for assessing the performance in that context.
Both metrics are reported as percentages.

Due to the absence of a standard partition in the datasets, we conduct a random 80/20
train/test split. To enhance robustness and mitigate the impact of randomness, we perform
three independent experimental runs, each with different random seeds for the splitting
process. The evaluation metrics are reported as both the average and standard deviation
across these runs.

3.4 Implementation Details

As our objective is a comparative analysis rather than achieving the utmost performance on
the task, we use the multilingual cased version of DistilBERT [43] as a base model. This
choice enables faster experiments and reduces resource consumption. Each model undergoes
50 epochs of training and the weights from the best epoch are loaded in the end. For model
training and evaluation, we rely on the functionality offered by HuggingFace’s Transformers
library [51].

4 Results

In this investigation, we adopt a two-step training approach that builds on the models
obtained through single-step training. Thus, to begin, in Section 4.1, we present and discuss
the results obtained using the single-step training approach. Next, in Section 4.2, we focus
on the results achieved with the two-step approach. Finally, in Section 4.3, we produce an
overall discussion, draw further conclusions, and address certain limitations encountered
during the study.

SLATE 2026
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Table 3 Accuracy (%) results using single-step training for three CEFR levels.

English Dutch German

EN 79.11±1.92 72.50±3.63 52.94±1.96
NL 45.11±13.04 84.72±1.58 42.16±8.03
DE 48.44±1.39 49.03±12.31 81.04±5.74

EN+NL 81.11±2.04 85.28±0.48 46.08±1.96
EN+DE 79.56±0.77 61.53±4.09 79.08±2.04
NL+DE 55.78±7.73 84.58±1.91 76.47±5.88
All 78.22±2.04 85.00±2.21 78.43±3.53

4.1 Single-Step Training

The accuracy and adjacent accuracy results obtained through single-step training, considering
the six CEFR levels, are presented in Table 2. Notably, the models demonstrate limited
generalization capabilities on unseen languages. The highest achieved accuracy is 43.06%
when applying the model trained on English texts to Dutch. This performance stands
20.69 percentage points below the lowest-performing model trained on Dutch data and 12.27
percentage points lower than the least performing model trained on the target language in
general. These discrepancies may arise due to various factors, including distinct annotation
guidelines for different languages, variations in nature of the text, or potential misalignment
of cross-language representations in the base model. Nonetheless, these findings suggest a
significant language dependence concerning the perceived difficulty level of texts.

Upon examining the model performance for those trained in the target language, we
observe that the models trained in multiple languages demonstrate competitiveness with
those trained exclusively on the target language. Remarkably, the top-performing model for
Dutch results from training on the three languages, albeit with a higher degree of variability.
This finding indicates the presence of cross-language aspects influencing text readability,
and data from different languages can contribute to training more robust models. This
observation is further supported by the adjacent accuracy results, which show that models
trained on data from multiple languages consistently achieve the highest performance across
all languages. An intriguing outcome pertains to the adjacent accuracy for German, which,
despite having the highest accuracy, exhibits the lowest adjacent accuracy. This suggests
certain challenges in capturing aspects of German texts’ difficulty or potential issues with
the annotation process, as the errors tend to be more severe.

Finally, as displayed in Table 3, when considering only three proficiency levels, the overall
accuracy increases, exceeding 80% for every language, as anticipated. Notably, the model
trained on data from both English and Dutch achieves the highest performance for both
languages, while the model trained solely on German data remains the top performer for
German. These results align with the high adjacent accuracy observed when considering
the six CEFR levels for the models trained on English and Dutch data. Regarding adjacent
accuracy, as mentioned in Section 3.3, the results for the three-level scenario are omitted, as
the metric lacks informativeness in this context. In fact, every model trained on data from
the target language achieves 100% adjacent accuracy, while the remaining models achieve at
least 95%.
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Table 4 Accuracy (Acc.) and adjacent accuracy (Adj. Acc.) results (%) using two-step training
for six CEFR levels.

English Dutch German
Acc. Adj. Acc. Acc. Adj. Acc. Acc. Adj. Acc.

EN 62.89±3.01 97.11±1.39 64.58±0.83 99.17±0.00 65.03±2.26 86.93±2.26
NL 64.67±2.67 96.89±0.38 64.58±1.10 99.17±0.42 65.69±0.98 86.60±2.26
DE 61.33±2.40 95.78±2.34 65.97±1.34 99.31±0.24 67.32±1.50 87.91±4.42

EN+NL 63.56±3.67 97.11±1.02 65.83±1.10 99.72±0.24 62.75±4.27 90.52±3.00
EN+DE 66.44±1.54 97.78±0.77 66.39±0.96 99.58±0.42 68.95±2.04 89.87±3.00
NL+DE 64.67±0.67 96.22±1.02 65.28±0.48 99.72±0.48 66.99±2.04 87.58±1.13
All 62.00±3.06 97.56±0.77 65.28±2.51 99.31±0.24 66.99±2.83 88.89±1.50

4.2 Two-Step Training

Table 4 displays the accuracy and adjacent accuracy results achieved through two-step
training, considering the six CEFR levels. All models demonstrate competitive performance
with the model trained solely on the target language in terms of accuracy. However, when
analyzing the results for Dutch and German, we observe distinct behavior. For Dutch, any
pre-training using data from another language leads to improved performance. Fine-tuning
the model trained on English data yields the same average accuracy but with slightly improved
stability. This phenomenon can be attributed to Dutch’s intermediary position between
English and German. Consequently, it can leverage the generic difficulty information captured
in the examples of both languages. Moreover, Dutch benefits from having the highest number
of examples, allowing the second fine-tuning step to overturn biases related to specific aspects
of the other languages. In contrast, German, arguably the most grammatically complex of
the three languages and having the fewest examples, demonstrates improved performance
only when fine-tuned with the model trained on English and German data. The limited
contribution of data from other languages is insufficient to address German’s more complex
grammatical aspects, making it challenging to overturn previous biases. Overall, the optimal
performance for every language is achieved by fine-tuning the model trained on English
and German data. This suggests that, due to the higher number of Dutch examples, the
background models trained on Dutch data fail to appropriately attribute significance to
specific aspects of the other languages.

In terms of adjacent accuracy, for English and Dutch, the patterns mirror those observed
in terms of accuracy, with the highest performance differing by less than half a percentage
point from that seen in the single-step training scenario. This minor variation was expected
since the performance in both cases is close to perfect. In contrast, for German, additional
models surpass the performance of the one trained solely on German data. Notably, the
highest-performing model achieves over 90% adjacent accuracy and is trained on English and
Dutch data in the first step. This finding further supports the claim that some cross-language
aspects influence text readability assessment.

Finally, in Table 5, we observe that, akin to when considering the six CEFR levels, when
only three levels are considered, the overall performance also improves compared to the
single-step training scenario. Notably, for German, the highest performance is achieved by
fine-tuning the model trained on English and German data in the first step, similarly to
what was observed in the six-level scenario. However, for English, the highest performance is
now attained by fine-tuning the model trained on English and Dutch data in the first step,
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Table 5 Accuracy (%) results using two-step training for three CEFR levels.

English Dutch German

EN 79.11±1.92 85.28±0.64 80.07±2.26
NL 80.89±2.04 84.72±1.58 80.39±1.70
DE 80.22±3.79 84.58±1.67 81.04±5.74

EN+NL 81.55±2.04 85.97±0.64 81.05±3.00
EN+DE 80.45±2.04 86.25±1.10 83.01±1.50
NL+DE 80.00±2.40 85.00±1.25 78.76±3.44
All 80.22±4.29 85.56±1.68 81.37±1.70

which is consistent with the findings from the single-step training scenario. This observation
suggests that, from a broader perspective, certain aspects contributing to text difficulty are
comparable in both languages, and that the prediction for the English language benefits
from the larger number of examples available in Dutch. Once again, the adjacent accuracy
results are omitted because every model achieves 100% performance, rendering the metric
uninformative in this context.

4.3 Overall Discussion

Based on the results presented in the preceding sections, it is evident that models trained
in one language cannot be directly applied to predict the readability level of texts in other
languages. Nevertheless, data from diverse languages can be utilized to create background
models that are able to capture certain cross-language aspects of text readability, which can
subsequently be adapted to specific languages. However, indiscriminately adding training
data from different languages does not appear to be the most effective approach, though
clear patterns of influence between related languages were not identified. Therefore, crafting
specialized models for each language remains essential to achieve optimal performance on
the task.

Nonetheless, this line of research presents several promising avenues to pursue, which can
yield more robust conclusions and help address the identified issues. Specifically, the datasets
used in this study are limited in both size and the number of languages considered. Expanding
the data to encompass additional sources could potentially lead to the development of a
more generic model of text readability, serving as a universal starting point for training
language-specific models. Moreover, the choice of the base model, particularly the data used
for its pre-training, may contribute to imbalances in performance across different languages.
Therefore, it is crucial to explore alternative base models, especially considering the recent
advancements in the field of large language models. Taking a more language-specific approach,
involving proficient speakers of each language to examine the prediction errors of the models
becomes essential. Such analysis might reveal specific patterns that the current models miss
and highlight potential discrepancies in annotation across languages.

To conclude this discussion, a remark concerning variability deserves attention. Despite
the apparent high variability observed for some models, it is essential to acknowledge that
(except for some low-performance models) this variability stems from the differing difficulty
levels of the test sets in each split. Most importantly, every claim made in the results’
discussion is not solely based on average results but also on the consistency observed across
multiple runs.
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5 Conclusion

In this study, we conducted an investigation into automatic readability level classification
from a cross-language perspective, focusing on the CEFR levels. Our primary objectives were
twofold: first, to evaluate the potential of data from one language to enhance classification
performance in different languages, and, second, to explore the effectiveness of utilizing
scarce labeled resources more efficiently. To achieve these goals, we employed a pre-trained
multilingual Transformer-based language model, fine-tuned it using annotated data from
one language or a combination of languages, and then examined its generalization capacity
even to unseen languages. Additionally, we performed further fine-tuning of the models
using data from the target language to assess whether models trained on data in different
languages were able to capture generic information related to text readability and could
subsequently be further specialized to capture the specific characteristics of the target
language. Through experiments covering the English, Dutch, and German languages, we
arrived at insightful conclusions. It became apparent that direct generalization to unseen
languages presents considerable challenges. However, when paired with data from the target
language, multilingual data can be leveraged and proves beneficial to the task, as it allows the
models to capture cross-language aspects of text readability. This leads to the development
of more robust and improved-performing models overall.

In conclusion, our study has yielded compelling findings that open up a new avenue
for training automatic readability assessment models. However, several limitations warrant
consideration for future research. Chiefly, the datasets used in the study are constrained in
size and encompass only a limited number of languages of the same family. Consequently,
further investigations should evaluate the potential of incorporating additional data to
establish more robust conclusions concerning cross-language interactions and to develop a
more generic model of text readability, which can subsequently be fine-tuned for specific
languages. For instance, it would be interesting to explore the 13 languages currently covered
by the UniversalCEFR initiative and assess whether the patterns observed in this study
are replicated in other families, as well as in cross-family settings.

While our study prioritized exploring the cross-language aspects of automatic readability
level classification rather than aiming for the highest performance possible, the findings lay the
groundwork for future research, opening for comparison with higher-performing base models.
It is essential to acknowledge that multilingual models may exhibit reduced performance
compared to their single-language counterparts. Consequently, a critical consideration is
whether the performance gains achieved by leveraging data from different languages can
sufficiently compensate for the lower base performance of multilingual models. A potential
path to address this concern is to leverage data from different languages by translating it
into the target language instead of training a multilingual model directly on it. However,
text complexity aspects can be lost or increased in translation. As such, future investigations
should take these factors into account for a more comprehensive assessment of model
performance and a more accurate estimation of the impact of multilingual data on the task
of readability level classification.

Another important aspect to consider is that the current top performing approaches to
text readability assessment rely on hybrid models that combine model fine-tuning with the
use of handcrafted features. While this has not been thoroughly explored, the importance
of specific features for readability assessment is expected to show higher variability across
languages. Thus, the use of multilingual data in the context of hybrid models poses additional
challenges that require further research.
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