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Abstract

To develop automated systems that generate reading ma-
terials for language learners by simplifying existing English
texts, it is essential to achieve semantic consistency with
the source text while ensuring the generated output main-
tains a linguistic complexity appropriate for the learner’s
proficiency level. To address this, many researchers uti-
lize similarity score with expert-simplified texts during
evaluation. In this study, we investigated the linguistic
complexity of the texts used as the “gold standard” in a
common evaluation dataset for such systems. Our findings
indicate that these gold-standard texts were more com-
plex than those originally written for students of a similar
level, highlighting the importance of developing metrics
to carefully monitor linguistic complexity across various

linguistic dimensions.

1 Introduction

Creating reading passages that maintain appropriate dif-
ficulty levels while incorporating authentic, real-world
content remains a challenging task, even for experienced
language teachers and item writers. The advancement
of large language models (LLMs) has transformed vari-
ous fields, including education, and their ability to gen-
erate human-like, natural text has prompted the develop-
ment of automated reading material generation for both
native and non-native learners. One research direction is
readability-controlled text simplification (or proficiency-
controlled text generation), which involves selecting exist-
ing English texts and transforming them into levels suitable
for students. A recent example of this trend is the shared
task on Text Simplification, Accessibility, and Readability
at the 2025 EMNLP workshop (hereafter, TSAR work-
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shop).

To assess the quality of system-generated texts, a valid
and accurate evaluation process is essential. Research in
this area relies heavily on automated metrics. Specifically,
difficulty is often measured using automated CEFR (Com-
mon European Framework of Reference for Languages)
level predictors, while content appropriateness is evalu-
ated based on similarity to manually simplified reference
texts or the original source texts. While these methods
are valuable and cost-effective, they have inherent limi-
tations. Most notably, evaluation results depend heavily
on human-generated reference texts, and detailed linguis-
tic characteristics are often overlooked because the CEFR
score provides only a single, aggregate metric.

Simplified texts are derived from original documents
and adapted to a target level while preserving the core con-
tent. In this process, lexical and grammatical expressions
exceeding the target level are replaced with simpler alterna-
tives. While successful simplification should ideally result
in vocabulary and grammar within the target threshold,
their distribution may differ from texts originally authored
for that specific CEFR level. Consequently, these sim-
plified texts may remain more challenging for non-native
learners to comprehend.

This study explores the linguistic complexity of expert-
simplified texts from TSAR workshop. By comparing them
with reading passage originally written for the same CEFR
level, we will investigate whether their linguistic profiles

are comparable or not.

2 Relevant studies

Automated text simplification (TS) systems aim to im-
prove the text readability by reducing the linguistic com-

plexity while preserving the original content [1]. Due to the
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efficiency of the system evaluation, researchers in this field
utilized automated metrics based on the expert-simplified
texts. One such metric is D-SARI, which assesses how
appropriately a system manages deletions, additions, and
retentions of of the original content relative to human-
authored references[2].

However, recent studies such as [3] raised a concern
about using generic evaluation metrics. He pointed out
that types of the reading difficulties vary by the target audi-
ence and it is important to develop TS systems to address
audiences’ own difficulties and goals. To evaluate such
diverse systems, the evaluation metrics need to be adapted
to assess success or failure of these specific goals.

For TS systems for L2 learners, one of the important
metric is its adherence to specific linguistic levels, such as
CEFR. Furthermore, for the pedagogical purpose, the goal
of TS is not merely to reduce the linguistic complexity and
make a text “easy,” but to ensure it is pedagogically ap-
propriate. Thus, high-quality simplification systems must
balance the semantic distance from the source text with
the specific goal of providing the “right level” of linguistic
challenge—neither too overwhelming nor too simple.

To address this goal, [4] proposed three evaluation met-
rics: linguistic fluency, semantic consistency, and CEFR
alignment. While semantic consistency was evaluated by
the content match with the source text, the CEFR level
was evaluated based on the predicted labels via regression
models of linguistic features. Similarly, the recent TSAR
workshop proposed CEFR alignment, semantic similarity
to source texts, and similarity to expert-simplified texts as
evaluation metrics.

This study evaluates the TSAR workshop references
through this lens of goal-oriented simplification, exam-
ining how well these texts serve as benchmarks for

readability-controlled tasks.

3 Data

3.1 Simplified texts from TSAR workshop

We used expert-simplified texts from TSAR workshop
which was used as a gold standard for the evaluation of au-
tomated simplification systems. All source materials were
obtained from the British Council’s LearnEnglish website,
having been originally authored by professional educators
and categorized by CEFR levels. One hundred texts from
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Table 1 Descriptive analysis of word counts across grade levels

mean std min max

1266 366 76 198
cambridge-B1 236.5 93.8 134 428
TSAR-A2 722 179 37 117
TSAR-B1 80.6 19.2 42 122

cambridge-A2

the B2 and C1 levels were selected and simplified to B1
and A2 target levels by experienced EFL teachers. Be-
fore simplifying texts, they underwent a training session to
familiarize themselves with the guidelines, ensuring that
the simplified versions reduced lexical and syntactic com-
plexity while preserving the original content. The detailed

information is provided in [5].
3.2 Cambridge reading passages

The original texts are from the Cambridge English Read-
ability Dataset [6], which comprises reading passages ex-
tracted from five Cambridge English Examinations de-
signed for L2 learners. We selected a total of 100 samples
from this dataset, with 50 samples each for the A2 and B1
levels.

The descriptive analysis of text length for both datasets
is summarized in Table 1.

The length of the Cambridge reading passage dataset
was generally longer than the simplified texts. It was ap-
proximately 1.8 times longer for A2 and 2.9 times longer

for B1, respectively.

4 Experiment

4.1 linguistic features

For the linguistic analysis, we used CEFR-based Vocab-
ulary Level Analyzer, Version 3 [7], designed to estimate
the CEFR-]J level of reading texts. CVLA3 provides 8 lin-
guistic features designed to assess the lexical and syntactic
complexities and text readabilities. In this study, we used

the following five representative features!’:

¢ AvrDiff: The mean CEFR level of content words,
calculated by mapping levels A1 through C2 to a nu-
merical scale of 1 to 6.

* BperA: Ratio of Level B words relative to Level A

words.

1) The detailed description of features are provided in [8] and [7]
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Table 2 Means and standard deviations (in parenthesis) of lin-
guistic features for CEFR A2 Level texts

Metric TSAR Cambridge
AvrDiff 140 (0.17) 1.24(0.11)
BperA 0.12 (0.09) 0.04 (0.04)
LenNP 2.75(0.89) 2.73 (0.74)
VperSent 2.46 (0.62) 2.21(0.50)
ARI 5.99 (1.88) 4.85(2.27)

* LenNP: The average length of noun phrases within
the text.

* VperSent: The average number of verbs per sentence.

* ARI (Automated Readability Index): A readabil-
ity score calculated using the formula established by
Senter and Smith (1967) [9].

AvrDiff and BperA are designed to assess lexical com-
plexity. In particular, AvrDiff and BperA focus on the
distribution of content words. LenNP and VperSent are in-
tended to evaluate grammatical complexity. LenNP mea-
sures the average length of noun phrases based on the as-
sumption that longer noun phrases increase overall sen-
tence difficulty. Finally, the ARI is designed to assess
holistic text difficulty and is sensitive to both sentence and
word length. For all measures, a higher value implies a

greater level of lexical, syntactic, holistic text complexity.

4.2 Automated CEFR Level Labeling

We assigned a CEFR label to each text using an auto-
mated CEFR level prediction system. This system, pro-
vided as part of the TSAR-2025 shared task evaluation
metrics, utilizes an ensemble of three fine-tuned Modern-
BERT models. We downloaded the model from the offi-
cial repository (https://github.com/tsar-workshop/
tsar-2025-shared-task), and specific implementation

details are provided in [5].

5 Results

5.1 Linguistic Complexity Analysis

First, we conducted a descriptive analysis of linguistic
features. Table 2 compares the TSAR texts and Cambridge
reading passages at the A2 level.

On average, the TSAR texts exhibited higher mean val-
ues across all features compared to the Cambridge pas-

sages. Based on the t-test results, this trend was statisti-
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Table 3 Descriptive analysis of linguistic features for CEFR
B1 Level texts

Metric TSAR Cambridge
AvrDiff  1.60 (0.20) 1.54(0.13)
BperA 0.20 (0.12) 0.15 (0.07)
LenNP 3.48 (1.67) 3.99 (1.68)
VperSent 3.07 (0.77) 3.02 (0.65)
ARI 8.90 (1.90) 8.48 (1.97)

cally significant for all features except VperSent. Higher
values indicate greater textual complexity, suggesting that
the simplified texts exhibit more complex linguistic char-
acteristics than the Cambridge passages authored for the
same CEFR level.

Table 3 presents the comparison between simplified texts
and Cambridge passages at the B1 level. A similar trend
was observed; however, statistically significant differences
were limited to the lexical complexity features: AvrDiff and
BperA. As with the A2 level, the simplified texts had higher
means, implying that they are lexically more complex than
the Cambridge passages.

In Section 3, we reported a substantial difference in
length between the two text types, with the TSAR texts
being significantly shorter than the Cambridge passages.
Since differences in text length can impact linguistic
features—specifically by lowering values in the longer
Cambridge passages due to word repetition—we per-
formed a correlation test between the linguistic features
and the word count of each text. For the lexical complex-
ity features (AvrDiff and BperA), the correlations were
not statistically significant. For the remaining features
(LenNLP, VperSent, and ARI), significant correlations
were observed, but the relationships were weak; the highest
correlation coefficient was under 0.2, indicating a low risk
of length-based bias. These tests support the conclusion
that the differences in linguistic complexity are driven by
the text type rather than text length, resulting in simplified

texts that are inherently more complex.

5.2 Automated Label Prediction Analysis

Finally, we analyzed the labels generated by the auto-
mated CEFR level prediction system. Since the workshop

organizers did not provide performance metrics, the ac-
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Table 4 CEFR Target Distribution
Predicted CEFR

target CEFR A2 Bl B2

A2 64 36 0
B1 26 61 13

curacy of these automated labels remains unknown.? We
proceeded under the assumption that if the TSAR dataset
is comparable to the Cambridge dataset, the level of agree-
ment between their target and predicted CEFR levels should
also be comparable.

Large differences were observed between the two
datasets. For the Cambridge passages, the agreement be-
tween the target levels and automated labels was 100%;
specifically, all A2 passages were labeled as A2, and all B1
passages were labeled as B1. In contrast, the agreement
for the TSAR texts was 62.5%. The perfect agreement for
the Cambridge passages should be interpreted with cau-
tion. Because these passages have been publicly available
since 2016, they may have been included in the system’s
training data, leading to inflated accuracy. While we in-
tend to verify this with the TSAR workshop organizers,
it is noteworthy that the agreement for the TSAR texts is
substantially lower.

For a more detailed analysis, Table 4 provides a cross-
tabulation of the target CEFR levels and automated CEFR
labels for the TSAR texts. The majority of the TSAR
texts were labeled with their corresponding target CEFR
levels: 64% for target level A2 and 61% for target level B1.
In addition, all prediction errors fell into adjacent CEFR
levels.

When the target level was A2, there was a tendency for
the system to predict a higher level (36%), suggesting that
the human-authored texts may be more complex than their
intended level. This finding is consistent with our linguistic
feature analysis. However, for target level B1, the system
exhibited trends of both “undershooting” (predicting A2)

and “overshooting” (predicting B2), and the undershooting

2)  Forreference, we report the performance of CEFR level prediction
systems developed for English texts. For instance, Universal CEFR—
aproject focused on creating a large-scale, multilingual, and multidi-
mensional dataset of CEFR-annotated texts—developed automated
prediction systems. Their best-performing model, based on Mod-
ernBERT, achieved a 76% weighted F; score on English texts; a
detailed description is provided in [10]. Additionally, [4] developed
an automated CEFR level prediction model based on regression and
linguistic features, reporting an R? of 0.8.
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rate was twice that of overshooting. Such conflicting classi-
fication trends increase within-group variance, explaining
why few linguistic features show statistically significant
differences and highlighting the need for further investiga-
tion of the B1 level.

6 Conclusion

The linguistic analysis of TSAR texts demonstrates that
simplified versions often exhibit greater complexity than
original texts written for the same CEFR level. Despite the
involvement of trained experts, automated labeling reveals
frequent “overshooting” and “undershooting,” suggesting
that aligning texts with specific CEFR standards is a chal-
lenge even for professionals.

This raises concerns regarding the practicality of cre-
ating such reference texts and the subsequent impact on
system evaluations. Although the evaluation procedure
incorporates automated CEFR labels to ensure that the
created texts meet the appropriate linguistic complexity,
this remains a single summary metric. As such, it may be
insufficient for ensuring quality across various linguistic
dimensions such as grammar, vocabulary, coherence, and
topics.

Recent studies investigating LLM-based simplification
have reported various challenges regarding CEFR-level ad-
justment. [11] noted that ChatGPT-generated simplifica-
tions lack lexical sophistication, while [12] found that texts
targeting lower CEFR levels were too simplistic, while texts
targeting higher levels were overly complex compared to
textbook standards.

While both studies utilized relatively simple prompt-
ing approaches—consisting of a single instruction with or
without few-shot examples—their findings emphasize the
inherent difficulty of CEFR level adjustment. This high-
lights the importance of developing evaluation metrics that
carefully monitor linguistic complexity to ensure texts are
appropriate yet sufficiently challenging for language learn-
ers. Traditionally, numerous valid linguistic measures for
assessing grammar, vocabulary, and topics have been avail-
able and open-sourced. Actively incorporating these mea-
sures into text simplification for the generation of educa-
tional materials represents a valuable approach for future

research.
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