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Abstract
Extensive reading requires learners to engage with materials that match their proficiency and interests. Recent
large language models (LLMs) offer a promising way to rewrite texts for personalized readability adaptation.
However, it remains unclear whether improvements reported by text difficulty correspond to pedagogical
judgments or learner-perceived appropriateness. To address this issue, we compared the original and LLM-
simplified reading materials using an evaluation framework consisting of text difficulty, expert ratings, and
learner perceptions. Results showed that LLM-simplified texts were generally rated as simpler by text difficulty
and expert ratings, particularly in vocabulary difficulty and syntactic complexity. Learner perceptions showed
only weak group differences and weak associations with text difficulty overall, while low-frequency vocabulary
showed a relatively large effect size despite the small sample. These findings suggest that evaluating LLM-based
readability adaptation should combine objective measures with learner-centered feedback, rather than relying
solely on conventional text difficulty.
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1. Introduction

Reading is widely recognized as a key component of language learning because it provides repeated
exposure to vocabulary, grammar, and discourse structures [1, 2]. Extensive reading is one of the
most powerful approaches for improving reading skills. For it to be successful, learners need access
to materials that are both interesting and matched to their reading proficiency [1, 3]. Texts that are
too difficult may hinder comprehension, whereas overly easy texts may reduce engagement. Despite
its importance, selecting and preparing suitable reading materials for learners remains challenging
[1]. Many texts originally written for first-language readers may be too difficult for second-language
learners because of advanced vocabulary, complex syntax, and implicit background knowledge [4].

Recent advances in large language models (LLMs) offer a promising way to adapt reading materials
to learners’ proficiency levels and interests by rewriting difficult texts into more accessible versions
while preserving core content [5, 4]. For example, prior work rewrote academic texts using ChatGPT
and compared different prompting strategies, finding through LIX-based readability evaluation that
prompting can improve the accessibility of academic texts for diverse learners [6]. Other studies used
LLMs to estimate and simplify the difficulty of French texts and videos based on learners’ proficiency
levels and topic interests, reporting that the adapted materials showed lower CEFR difficulty levels after
rewriting [7]. These findings suggest that LLMs can support adaptive reading systems through text
simplification and difficulty control.

However, an important challenge remains in evaluating LLM-based text simplification for adaptation.
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Readability research has long shown that text difficulty cannot be fully captured by surface-level
formulas alone [8]. In language learning contexts, perceived difficulty is also influenced by vocabulary
familiarity, background knowledge, and individual learner differences. Existing studies often report
improvements in automated readability metrics, but it remains unclear whether such improvements
correspond to pedagogically meaningful gains recognized by experts or perceived as appropriate by
learners[9, 8, 6]. Some prior studies have combined automated metrics with expert ratings when
evaluating simplified texts, but learner perceptions remain underexplored [5]. Therefore, relying solely
on automated metrics may overlook aspects of readability that matter most in real learning situations.

To address this issue, a multi-perspective evaluation approach is needed. Automated metrics capture
linguistic difficulty and surface text features, expert ratings provide pedagogically informed judgments
of suitability, and learner perceptions reflect actual reading experiences [10]. Examining where these
perspectives align or diverge can provide deeper insight into the strengths and limitations of readability
adaptation by LLM-based text simplification.

Accordingly, this study compares original and LLM-simplified reading materials from three perspec-
tives: text difficulty, expert ratings, and learner perceptions. Specifically, we address the following
research questions:

• RQ1. How do LLM-simplified texts differ from original texts in automatically calculated indicators
of text difficulty and expert ratings of pedagogical appropriateness?

• RQ2. How do learner perceptions of appropriateness relate to simplified texts and text difficulty?

By answering these questions, we aim to provide initial insights into how LLM-simplified texts should
be evaluated for learner-centered language learning contexts.

2. Method

2.1. Study Context and Design

This study conducted a secondary data analysis on a dataset collected through a controlled user
experiment involving texts generated by an LLM-based reading support system [11]. First, Japanese
engineering students who were English L2 learners participated in a reading activity using either original
or simplified materials. Second, the texts and learner responses were analyzed from the perspectives of
text difficulty, expert rating, and learner perceptions.

The reading support system used Gemini-2.5-flash to simplify materials based on learners’ reading
levels, combining numeric readability control (Flesch score) [12] qualitative rewriting instructions
(Figure 2). In the controlled experiment, 16 university students were randomly assigned to either
a control group (original texts) or an experimental group (simplified texts). They first completed a
reading-level assessment before the activity. After a 60-minute reading session with a 5-minute break,
participants completed a post-questionnaire on the readability of the materials.

As illustrated in Figure 1, two complementary datasets were derived from the study. For RQ1, a paired
text dataset consisting of original passages and their LLM-simplified versions was used for text difficulty
analysis and expert appropriateness ratings. Two native English-speaking experts evaluated whether
each passage was appropriate for extensive reading in EFL contexts. For RQ2, a learner-response dataset
linked questionnaire responses with the passages assigned during the reading activity.

2.2. Readability Evaluation Framework

Building on the study design above, we evaluated readability from three complementary perspectives:
text difficulty, expert ratings, and learner perceptions. Because readability in learning contexts depends
not only on linguistic difficulty but also on pedagogical suitability and learner experience, these
perspectives were jointly examined.

Six readability dimensions (shown in Table 1) were selected based on the rewriting prompt shown
in Figure 2. Indicators of text difficulty were automatically calculated for dimensions that could



Figure 1: Overview of the study design

Figure 2: Prompt for simplifying reading materials.

be objectively quantified through natural language processing methods. Expert ratings and learner
perceptions were collected using the same six dimensions to enable comparison across perspectives. This
design enabled both passage-level and experience-level evaluation. Because these three perspectives
differed in evaluation granularity, direct alignment across text difficulty, expert ratings, and learner
perceptions should be interpreted as approximate rather than exact.



Table 1
Overview of the readability evaluation framework.

Readability dimension Text difficulty Expert Learner

Amount of low-frequency
vocabulary

✓ ✓ ✓

Amount of technical ter-
minology

✓ ✓

Frequency of archaic ex-
pressions

✓ ✓

Frequency of figurative
expressions

✓ ✓

Sentence length ✓ ✓ ✓
Syntactic complexity ✓ ✓ ✓

2.3. Analysis Methods

Based on the framework above, we operationalized automatically measurable dimensions as indicators
of text difficulty. We focused on sentence length, syntactic complexity, and low-frequency vocabulary,
computed in Python using the Natural Language Toolkit (NLTK) [13].

Sentence length was measured using average sentence length and Flesch score [12]. Syntactic complexity
was measured using clauses per sentence, dependent clause ratio, relative clause density, and complex
nominal density. To estimate low-frequency vocabulary, we used the CEFR-J Wordlist, a CEFR-aligned
lexical resource developed for English education in Japan [14]. Words were assigned to four levels (A1,
A2, B1, B2), and words outside the CEFR-J Wordlist were treated as low-frequency items.

For RQ1, original and LLM-simplified passages were compared using text difficulty indicators and
expert ratings, and associations between these perspectives were examined. For RQ2, learner question-
naire responses were compared between groups and related to text difficulty indicators of the passages
read.

3. Result

3.1. RQ1

3.1.1. Text Difficulty

Using the paired text dataset (𝑁 = 8 text pairs), we compared original and LLM-simplified texts using
Wilcoxon signed-rank tests. Table 2 summarizes the results, and Figures 3 and 4 visualize text-level
changes. Most indicators showed significant differences between the two versions.

For sentence length, average sentence length decreased and Flesch score increased, indicating shorter
and easier texts after simplification. All text pairs showed this overall pattern.

For syntactic complexity, most indices significantly decreased, suggesting simpler sentence structures
in the LLM-simplified texts. However, relative clause density did not change significantly (𝑝 = .250),
indicating that some syntactic features were less consistently modified.

For vocabulary difficulty, lexical profiles shifted toward easier CEFR levels. The proportions of A1-
and A2-level words increased, whereas the proportion of out-of-list words(low-frequency vocabulary)
decreased. B1-level vocabulary showed no significant change. Overall, these results suggest that
simplification mainly reduced sentence length, syntactic complexity, and low-frequency vocabulary.

3.1.2. Expert Ratings

Experts evaluated each text on a five-point scale from 1 (very inappropriate) to 5 (very appropriate)
for L2 learners. Figure 5 shows that LLM-simplified texts generally received higher ratings than the



Table 2
Comparison of original and LLM-simplified texts across readability metrics

Metric Orig. Mean (SD) Gen. Mean (SD) Diff 𝑊 𝑝 𝑟

Sentence length
Sentence Length 25.11 (6.79) 12.97 (2.33) -12.15 0.0 .003 0.89
Flesch score 46.41 (9.05) 63.17 (10.68) +16.76 0.0 .004 0.89

Syntactic Complexity
Clauses per sentence 3.15 (1.37) 2.09 (0.48) -1.06 4.0 .027 0.73
Dependent clause ratio 1.00 (0.21) 0.66 (0.15) -0.34 0.0 .004 0.89
Relative clause density 0.19 (0.17) 0.13 (0.07) -0.06 12.0 .250 0.41
Complex nominal density 1.59 (0.55) 0.76 (0.33) -0.84 0.0 .004 0.89

vocabulary difficulty
A1 ratio 0.40 (0.07) 0.45 (0.07) +0.06 3.0 .020 0.77
A2 ratio 0.14 (0.03) 0.17 (0.03) +0.03 0.0 .004 0.89
B1 ratio 0.12 (0.02) 0.12 (0.02) +0.00 17.0 .570 0.22
B2 ratio 0.09 (0.03) 0.08 (0.02) -0.01 5.0 .039 0.69
out of list ratio 0.25 (0.08) 0.18 (0.07) -0.07 0.0 .004 0.89

Note. 𝑊 = Wilcoxon signed-rank statistic. 𝑟 = effect size.

Figure 3: Changes in sentence length and syntactic complexity features

original texts across several dimensions, particularly for low-frequency vocabulary, syntactic complexity,
and archaic expressions.

Table 3 reports inter-rater agreement using quadratic weighted Cohen’s kappa. For inter-rater
agreement analysis, only items rated by both evaluators were included. Agreement was highest for
amount of low-frequency vocabulary (𝜅 = .591), indicating moderate consistency between raters.
Moderate agreement was also observed for technical terminology, archaic expressions, and syntactic
complexity. In contrast, figurative expressions (𝜅 = .149) and sentence length (𝜅 = .270) showed
relatively lower agreement, suggesting that these dimensions may have involved greater ambiguity or
variability in interpretation across raters.



Figure 4: CEFR-based lexical composition

Figure 5: Results of expert ratings

Table 3
Inter-rater agreement for expert evaluations using quadratic weighted Cohen’s 𝜅

Metric 𝑁 Weighted 𝜅

Low-frequency vocabulary 16 .591
Technical terminology 16 .459
Archaic expressions 16 .465
Figurative expressions 15 .149
Sentence length 16 .270
Syntactic complexity 16 .364

3.1.3. Alignment Between Text Difficulty and Expert Ratings

To examine whether automated indicators of text difficulty aligned with expert judgments of pedagogical
appropriateness, we calculated Spearman correlations between corresponding dimensions (Table 4).
Vocabulary ratings were compared with the out-of-list ratio, syntactic ratings with four syntactic
complexity indices, and sentence-length ratings with average sentence length and Flesch score.

For vocabulary, expert ratings were significantly negatively correlated with the out-of-list ratio
(𝜌 = −.670, 𝑝 = .004), indicating that texts containing more low-frequency vocabulary were judged



Table 4
Spearman correlations between text difficulty and expert ratings

Feature 𝜌 𝑝

Vocabulary
Out-of-list ratio -.670 .004

Syntactic complexity
Clauses per sentence -.608 .012
Dependent clause ratio -.628 .009
Relative clause density -.240 .370
Complex nominal density -.593 .015

Sentence length (Expert Evaluation)
Flesch score 0.115 .670
Average sentence length -0.210 .434

Note. 𝜌 = Spearman’s rank correlation coefficient.

as less appropriate. For syntactic complexity, significant negative correlations were found for clauses
per sentence (𝜌 = −.608, 𝑝 = .012), dependent clause ratio (𝜌 = −.628, 𝑝 = .009), and complex nominal
density (𝜌 = −.593, 𝑝 = .015), suggesting that structurally more complex texts were also judged as
less appropriate. Relative clause density was not significantly associated with expert ratings.

For sentence length, no significant correlations were observed. Although shorter sentences showed a
weak tendency to receive higher appropriateness ratings, neither average sentence length nor Flesch
score was significantly related to expert judgments.

3.2. RQ2

3.2.1. Group Differences in Learner Perceptions

Using learner responses from 16 participants (control 𝑛 = 8, experimental 𝑛 = 8), we compared
post-activity ratings of perceived appropriateness between learners who read original texts and those
who read LLM-simplified texts.

There were no statistically significant differences in table 5 experimental group tended to report
higher appropriateness ratings for sentence length, figurative expressions, and low-frequency vocabulary
than the control group. In particular, medium effect sizes were observed for figurative expressions
(𝑟 = .42) and low-frequency vocabulary (𝑟 = .86), suggesting that simplified texts may have been
perceived as more accessible in these respects despite the lack of statistical significance.

Overall, these results suggest that while learners did not report significantly different perceptions be-
tween conditions, the simplified texts showed a tendency toward more favorable readability judgments.

Table 5
Comparison of learner perceptions between control and experimental groups

Feature Control group Mean (SD) Experimental group Mean (SD) Test statistic 𝑝 Effect size

Sentence length 3.38 (0.74) 3.75 (0.71) 𝑈 = 21.5 .199 .28
Amount of technical terminology 2.38 (0.92) 2.38 (0.52) 𝑈 = 31.0 .953 .03
Syntactic complexity 3.25 (0.89) 3.25 (0.89) 𝑈 = 32.0 1.000 .00
Frequency of figurative expressions 2.63 (1.06) 3.50 (0.53) 𝑈 = 16.0 .085 .42
Amount of low-frequency vocabulary 2.38 (0.92) 3.13 (0.83) 𝑡 = −1.71 .109 .86
Frequency of archaic expressions 3.13 (1.13) 3.50 (0.53) 𝑈 = 28.0 .686 .11

Note. The control group read original texts, whereas the experimental group read LLM-generated simplified texts.
Independent-samples 𝑡-tests were used when both groups satisfied normality assumptions; otherwise Mann–Whitney 𝑈
tests were applied. Effect size is reported as Cohen’s 𝑑 for 𝑡-tests and rank-biserial correlation for Mann–Whitney tests.



3.2.2. Associations with Text Difficulties

Using the learner-response dataset (𝑁 = 16), we examined whether learner perceptions of appropriate-
ness were associated with automated indicators of text difficulty. For each learner, all passages read
during the activity were concatenated into a single text, and the same automated indicators used in
RQ1 were computed from this aggregated reading input.

Table 6 presents the Spearman correlations between learner perceptions and automated readability
indices. No statistically significant correlations were observed for any dimension. For vocabulary,
out-of-list ratio showed a moderate negative correlation with learner perceptions (𝜌 = −.414, 𝑝 = .111),
suggesting that learners tended to perceive texts with fewer out-of-list words as more appropriate.
For the evaluation dimension of sentence length, average sentence length showed a moderate negative
tendency (𝜌 = −.376, 𝑝 = .152), suggesting that shorter sentences may have been perceived as more
appropriate. Flesch score was not associated with learner perceptions.

Table 6
Spearman correlations between automated readability metrics and learner perceptions

Category Feature (Statistic) 𝜌 𝑝

Vocabulary (Subjective Fit)
out of list ratio -0.414 .111

Syntactic complexity (Subjective Fit)
Clauses per sentence 0.147 .587
Depth clause ratio -0.083 .760
Relative clause density 0.013 .963
Complex nominal density 0.173 .523

Sentence length (Subjective Fit)
Flesch score -0.018 .947
Average sentence length -0.376 .152

Note. 𝜌 = Spearman’s rank correlation coefficient.

4. Discussion and Conclusion

4.1. Interpretation and Insights

This study examined LLM-based text simplification from the perspectives of text difficulty, expert
appropriateness ratings, and learner perceptions in order to better understand how readability improve-
ments should be evaluated in language learning contexts. For RQ1, LLM-simplified texts were generally
found to be easier than the original texts according to automated indicators of text difficulty and expert
ratings. For RQ2, learner perceptions did not show statistically significant differences between groups
and were only weakly related to automated indicators. Together, these findings suggest that reducing
text difficulty alone may not be sufficient to produce readability improvements that are meaningfully
perceived as appropriate by learners. Future readability adaptation should therefore integrate linguistic
simplification with learner-centered and personalized evaluation.

A closer examination of individual dimensions helps explain why reductions in text difficulty did not
always translate into learner-perceived appropriateness. Among the evaluated dimensions, vocabulary-
related indicators showed the most consistent alignment across automated metrics, expert ratings,
and learner tendencies. This suggests that lexical simplification may be a particularly robust and
interpretable target for LLM-based readability adaptation. Prior research has also emphasized vocabulary
knowledge as a central predictor of L2 reading comprehension and text difficulty [15, 16]. Replacing
rare or unfamiliar words with more frequent and level-appropriate alternatives may therefore provide
relatively reliable benefits for diverse learners.

In contrast, syntactic complexity showed a different pattern. Automated syntactic indicators showed



that simpler generated texts were also judged as more appropriate by experts. However, learner
perceptions did not clearly reflect these differences. One possible interpretation is that syntactic
difficulty can be identified analytically but is less consciously noticeable to learners. Prior research has
shown that syntactic complexity is associated with text readability, particularly for second-language
readers [10]. Learners may experience smoother comprehension without explicitly attributing that
experience to grammatical structure. Another possibility is that subjective questionnaire ratings are
less sensitive to structural changes than direct comprehension measures. In either case, the results
suggest that some readability improvements may operate implicitly rather than explicitly.

The findings also suggest limits of traditional readability formulas when used alone. Although the
Flesch score, a widely used readability indicator, improved substantially after rewriting, it showed
little association with learner perceptions in this study. This may suggest that broad readability
formulas capture some useful surface-level features, but may only partially reflect how second-language
learners experience difficulty, particularly when evaluating simplified texts at the sentence level [10, 8].
Readability judgments may also depend on more specific factors such as word familiarity, conceptual
clarity, and local processing demands.

Some dimensions were difficult even for human evaluators to assess consistently. For example,
figurative expressions showed relatively low inter-rater reliability, suggesting that judgments about
figurativeness may be subjective and strongly context dependent [17]. Similarly, learner perceptions
did not strongly differentiate technical terminology or archaic expressions. Learners may have found it
difficult to explicitly judge these categories, particularly when unfamiliar items were perceived simply
as unknown words regardless of their linguistic type [15, 16]. These findings suggest that readability
adaptation should focus not only on linguistic categories themselves, but also on whether learners
actually experience the text as understandable and appropriate. This mismatch may be especially
relevant when document-level readability criteria are applied to learner-centered sentence rewriting
tasks.

4.2. Limitations

Several limitations should be noted. First, this study was exploratory and involved a relatively small
sample size, particularly for learner perceptions. As a result, some non-significant findings may reflect
limited statistical power rather than the absence of meaningful effects. Second, learner perceptions
were measured using post-activity questionnaire ratings rather than direct comprehension, behavioral
logs, or think-aloud data. Additional measures may provide a more fine-grained understanding of how
simplification affects reading processes. Third, the generated materials were produced using a single
LLM configuration. Different models, prompting strategies, or rewriting constraints may yield different
patterns of alignment across automated readability metrics, expert ratings, and learner perceptions.

4.3. Implications

These findings provide several implications for the design of adaptive reading systems using LLMs.
The present results suggest that reducing text difficulty alone may be insufficient when generating
simplified materials, because learner-perceived appropriateness did not always align with improvements
in automated indicators. Rather than treating text simplification as a complete solution, adaptive systems
should integrate multiple perspectives, particularly learner experience, consistent with learner-centered
principles in adaptive educational systems [18]. In addition, vocabulary control may be a practical
target for readability adaptation, as prior studies have also highlighted lexical adaptation as an effective
strategy for language learners [7]. Because learner perceptions varied substantially, future systems
may also benefit from personalization based on proficiency estimation rather than one-size-fits-all
simplification. Rather than generating a single fixed version of a text, systems could adapt dimensions
such as vocabulary difficulty, sentence length, or degree of explanation based on learner feedback
and reading behavior. Overall, these findings suggest that adaptive text simplification should balance
objective indicators of text difficulty with learner-perceived appropriateness.
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