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Abstract

Perceived text complexity depends not only
on linguistic properties of a text, but also on
characteristics of the reader such as language
proficiency or educational background. While
large language models (LLMs) are increasingly
used in educational and readability-related ap-
plications, it remains unclear whether they cap-
ture such reader-dependent variation. We eval-
uate multiple state-of-the-art LLMs on German
sentence-level text complexity annotations en-
riched with reader-specific metadata. Beyond
predictive performance, we analyze how lin-
guistic features relate to human judgments and
model predictions across reader groups. Our
results show that LLMs adjust overall difficulty
predictions based on reader profiles, but remain
only moderately aligned with human annota-
tions. Moreover, predictions from all evaluated
models show stable associations with surface-
level and structural features, such as sentence
length and syntactic complexity, with only min-
imal variation across reader profiles. This sug-
gests that current LLMs simulate reader adap-
tation mainly through global shifts in predicted
difficulty rather than nuanced reader-dependent
interpretations of linguistic complexity.

1 Introduction

Text complexity assessment plays an important role
in educational technology, readability research, and
adaptive learning systems. Automatically estimat-
ing how difficult a text is to understand is relevant
for applications such as personalized learning sup-
port, readability-controlled text generation, educa-
tional recommendation systems, and text simplifi-
cation. Traditional approaches to readability assess-
ment typically model text complexity as an inherent
property of the text itself, relying on surface-level
indicators such as sentence length, word length,
or predefined readability formulas (Flesch, 1948;
Kincaid et al., 1975).

However, text complexity is multidimensional

and cannot be fully captured by surface-level fea-
tures such as word and sentence length alone
(Graesser et al., 2004; McNamara et al., 2014;
Pitler and Nenkova, 2008). The same text may
be considered easy for one reader but difficult for
another depending on factors such as language pro-
ficiency, background knowledge, and domain ex-
pertise (Beinborn et al., 2012; Seiffe et al., 2022).
Recent work has therefore emphasized the impor-
tance of incorporating reader-specific information
into complexity prediction models and has shown
that person-related features can improve the model-
ing of perceived text difficulty (Thome et al., 2025).

As large language models are increasingly ex-
plored in educational applications (Kasneci et al.,
2023; Wang et al., 2025), it is important to exam-
ine whether they can similarly account for reader-
specific variation. Due to their strong instruction-
following capabilities and broad linguistic knowl-
edge, LLMs are often assumed to adapt flexibly
to different audiences and user profiles. In educa-
tional settings, these capabilities have motivated
growing interest in personalized learning support
and in adapting LLM-generated content to readers
of different ages and grade levels (Kasneci et al.,
2023; Rooein et al., 2023; Naeem et al., 2025).
Despite these developments, it remains unclear
whether LLMs actually model reader-dependent
text complexity in a human-like way.

Prior work has investigated controllable sen-
tence simplification and its evaluation (Martin et al.,
2020; Maddela et al., 2021; Alva-Manchego et al.,
2020), while comparatively little attention has been
paid to the decision patterns underlying LLM-
based complexity assessments. A more detailed
analysis of these patterns can reveal whether reader-
profile information affects only the overall level of
predicted difficulty, or also the linguistic cues as-
sociated with difficulty. Whether current LLMs
exhibit such profile-dependent behavior remains an
open question.



In this work, we investigate how LLMs model
perceived text complexity across different reader
profiles. Using a dataset of German sentence-
level complexity annotations enriched with person-
related metadata, we compare multiple state-of-
the-art LLMs under both generic and profile-
conditioned prompting settings. We analyze not
only predictive performance, but also the linguistic
signals underlying model predictions.

More specifically, we address the following re-
search questions:

• RQ1: To what extent do LLM predictions
align with human judgments of perceived text
complexity?

• RQ2: How do reader-specific profiles influ-
ence LLM predictions of perceived text diffi-
culty?

• RQ3: How strongly are LLM predictions
associated with linguistic features compared
with human ratings, and do these associations
vary across reader profiles?

Our results show that current LLMs only par-
tially align with human judgments of perceived
text complexity. While models adapt their over-
all predictions depending on the provided reader
profile, these changes do not consistently improve
agreement with human annotations. Furthermore,
linguistic feature analyses reveal strong and stable
associations between model predictions and struc-
tural and surface-level features such as sentence
length and syntactic complexity, with only mini-
mal variation in these associations across reader
profiles. This suggests that current LLMs primarily
simulate reader adaptation through global shifts in
predicted difficulty rather than through nuanced
reader-dependent interpretations of linguistic com-
plexity.

Overall, our work contributes to a better un-
derstanding of how LLMs model perceived text
complexity and highlights important limitations of
prompt-based personalization for educational NLP
applications.

2 Related Work

2.1 Text Complexity and Readability
Assessment

Research on text complexity and readability has
a long tradition in computational linguistics and
educational technology. Early approaches relied

on handcrafted readability formulas such as Flesch
Reading Ease (Flesch, 1948) or the Flesch–Kincaid
grade level (Kincaid et al., 1975), which estimate
difficulty mainly from surface-level characteristics
such as sentence and word length. Although these
formulas are efficient and interpretable, they pro-
vide only a limited view of text complexity, as
they do not account for semantic, discourse-level,
and cognitive aspects of text processing (Pitler and
Nenkova, 2008; Graesser et al., 2004; McNamara
et al., 2014).

To address these limitations, more recent ap-
proaches have incorporated broad linguistic feature
sets into readability assessment (Weiss and Meur-
ers, 2022). Frameworks such as Coh-Metrix as-
sess multiple dimensions of text complexity using
indicators related to cohesion, syntax, lexical so-
phistication, and discourse organization (Graesser
et al., 2004; McNamara et al., 2014). These stud-
ies demonstrate that text difficulty cannot be fully
explained by surface-level measures alone.

2.2 Reader-dependent Complexity Modeling
A key limitation of text-only approaches is that dif-
ficulty is not an inherent property of a text alone.
Rather, it emerges from the interaction between
textual properties and reader characteristics. Pre-
vious studies have shown that perceived text dif-
ficulty can vary across readers and is associated
with reader characteristics such as self-assessed lan-
guage proficiency (Thome et al., 2025) and domain
expertise (Seiffe et al., 2022). This is especially
relevant in educational settings, where a text that
is accessible to one learner may be challenging for
another. Reader-aware approaches therefore incor-
porate person-related information into complexity
prediction models.

2.3 LLMs for Educational Personalization
The growing use of LLMs in educational contexts
has increased interest in personalization and audi-
ence adaptation. LLMs are now widely explored
for educational applications such as adaptive tu-
toring, question answering, grade-adapted content
generation, and personalized learning support (Oh
et al., 2026; Naeem et al., 2025; Wang et al., 2025;
Kasneci et al., 2023). Related work on controllable
text simplification has shown that neural models
can be guided toward simpler outputs by control-
ling properties such as length or lexical complexity
(Martin et al., 2020), as well as on the degree of
splitting, deletion, and paraphrasing applied to the



input (Maddela et al., 2021). This suggests that
modern models can, at least to some extent, adjust
linguistic properties of generated text.

However, adapting model outputs to specific au-
diences remains challenging. Recent studies sug-
gest that LLMs do not reliably adjust their lan-
guage to different learner groups through prompt-
ing alone. For instance, Rooein et al. (2023) find
that generated texts often remain within relatively
fixed readability ranges, even when models are
prompted for different age groups and education
levels. Similarly, Naeem et al. (2025) show that
LLMs still struggle to generate responses appropri-
ate for early-grade students. Complementing these
findings, Oh et al. (2026) propose Classroom AI,
a grade-specific framework for educational assis-
tance, and report that fine-tuning improves align-
ment compared to prompt-based adaptation.

In contrast to prior work on audience-adapted
generation, we examine how LLMs incorporate
reader-profile information in text complexity as-
sessment. Specifically, we investigate whether such
information merely affects the overall difficulty
level predicted by the model, or whether it also
leads to profile-dependent changes in the linguistic
cues associated with difficulty.

3 Data

We use the German sentence-level text complexity
dataset introduced in our previous work (Thome
et al., 2025). The dataset combines perceived dif-
ficulty ratings with person-related annotator infor-
mation, allowing us to analyze reader-dependent
variation in perceived text complexity.

The annotations were collected from 193 sec-
ondary school students, who rated sentence diffi-
culty on a 5-point Likert scale ranging from 1 (very
easy) to 5 (very difficult). In addition to the rat-
ings, the dataset contains reader-specific metadata,
including age, gender, language background, self-
assessed German proficiency, and German grades.
These variables provide the basis for constructing
the reader profiles used in our experiments.

The dataset contains 3,954 sentence-level anno-
tations covering 1,697 unique sentences. The anno-
tations are based on two text sources: 3,160 annota-
tions refer to sentences from official German study
guidance books published between 1971 and 2021
by the German Federal Employment Agency, while
794 annotations refer to Wikipedia sentences drawn
from the TextComplexityDE dataset (Naderi et al.,

Figure 1: Overview of the reader-profile prompting and
evaluation pipeline.

2019). Intended for secondary school students,
the study guidance books provide factual informa-
tion about degree programs, fields of study, and
post-secondary educational pathways. By contrast,
the Wikipedia sentences cover a broader range of
topics and were not specifically written for this tar-
get group. Despite these differences, both sources
predominantly consist of informational and expos-
itory texts. Combining them introduces variation
in topic, vocabulary, communicative purpose, and
assumed background knowledge while preserving
a largely factual text type. Such differences may
affect perceived difficulty, as students’ judgments
can depend not only on general linguistic complex-
ity but also on topic familiarity, domain-specific
terminology, and the amount of prior knowledge
presupposed by a sentence.

The number of annotations per sentence varies:
842 sentences were annotated by multiple students,
while 855 received only a single annotation, result-
ing in an average of 2.33 annotations per sentence.
Inter-annotator agreement is low (Krippendorff’s
α = 0.23 for ordinal data), indicating substan-
tial variation in perceived difficulty across readers
(Thome et al., 2025). This variability reflects the
reader-dependent nature of perceived text complex-
ity and provides the basis for analyzing whether
LLM predictions capture similar differences across
reader profiles.



Feature Type Effect size
Language ordinal 0.0223
Self-estimation ordinal 0.0157
German grade ordinal 0.0144
Gender categorical 0.0102
Maths grade ordinal 0.0044
Field of study categorical 0.0032
Career path categorical 0.0030
School type categorical 0.0024
Age ordinal 0.0019

Table 1: Associations between person-related features
and human difficulty ratings.

4 Method

Figure 1 summarizes our experimental pipeline.
We first identify reader-related variables associated
with human difficulty ratings and use them to con-
struct stronger and weaker reader profiles. We then
compare LLM predictions under a generic baseline
prompt and profile-conditioned prompts. Finally,
we analyze whether linguistic features relate dif-
ferently to human judgments and LLM predictions
across reader groups.

4.1 Reader Feature Selection

Before constructing reader profiles for the LLM
experiments, we conduct a preliminary analysis of
the students’ annotations to identify suitable reader-
related variables. We select profile variables based
on three criteria: they should show a measurable
association with human difficulty ratings, be in-
terpretable with respect to language experience or
proficiency, and allow for meaningful comparisons
between reader groups.

For ordinal variables, we compute Spearman
rank correlations (Spearman, 1904) with the anno-
tated difficulty scores and report squared correla-
tions (ρ2) as a rank-based measure of association.
We treat language background as ordinal. The fea-
ture is based on students’ self-reported home lan-
guage (‘German’, ‘German and another language’,
‘another language’), which we interpret as reflect-
ing decreasing exposure to German in the home
environment. For nominal categorical variables,
we apply the Kruskal-Wallis test (Kruskal and Wal-
lis, 1952) and report η2 as an effect size. Since
the reported effect sizes are derived from different
statistical procedures, we use them descriptively to
support the selection of suitable profile variables
rather than as strictly equivalent quantities.

Table 1 summarizes the associations between
reader-related variables and human difficulty rat-
ings. Overall, the observed effect sizes are small,
suggesting that perceived difficulty is influenced
by multiple factors rather than by any single reader
characteristic. Nevertheless, language background,
self-estimation of German proficiency, and Ger-
man grade show the strongest associations among
the available reader metadata. Moreover, all three
variables are directly related to language experi-
ence or language proficiency and can be mapped to
interpretable reader groups. Group-specific agree-
ment analyses provide additional descriptive sup-
port for this selection: within-group agreement is
higher than agreement in the corresponding pooled
subset for five of the six reader groups (see Ap-
pendix A.1). We therefore use these variables for
the profile-conditioned experiments.

4.2 Model Selection and Prompting

To evaluate whether LLMs are able to capture
reader-specific variation in perceived text com-
plexity, we compare a diverse set of state-of-the-
art models that differ in size, architecture, and
training objectives. All models were accessed via
the Azure-hosted model endpoints1. Specifically,
we include two models from the GPT-5.4 family
(GPT-5.4 nano2 and GPT-5.4 mini3), which al-
low us to analyze the effect of model scale within
the same model family. In addition, we include
DeepSeek-V3.14, which builds on DeepSeek-V3
(Liu et al., 2024), and Mistral Large 35 to pro-
vide a broader comparison across independently
developed LLMs. This selection enables us to ex-
amine whether observed patterns generalize across
models with different design choices and training
data. For each model, we treat model predictions
as point estimates and analyze them directly in
comparison to aggregated human annotations.

Feature-based profile groups. As a reference
setting, we first define a baseline condition, in
which the LLM is applied to all available texts
(1,697 sentences) without providing any reader-

1https://ai.azure.com/catalog/models
2https://developers.openai.com/api/docs/

models/gpt-5.4-nano
3https://developers.openai.com/api/docs/

models/gpt-5.4-mini
4https://huggingface.co/deepseek-ai/

DeepSeek-V3.1
5https://docs.mistral.ai/models/model-cards/

mistral-large-3-25-12

https://ai.azure.com/catalog/models
https://developers.openai.com/api/docs/models/gpt-5.4-nano
https://developers.openai.com/api/docs/models/gpt-5.4-nano
https://developers.openai.com/api/docs/models/gpt-5.4-mini
https://developers.openai.com/api/docs/models/gpt-5.4-mini
https://huggingface.co/deepseek-ai/DeepSeek-V3.1
https://huggingface.co/deepseek-ai/DeepSeek-V3.1
https://docs.mistral.ai/models/model-cards/mistral-large-3-25-12
https://docs.mistral.ai/models/model-cards/mistral-large-3-25-12


specific information beyond a generic student pro-
file (see Appendix B).

We construct separate comparison subsets based
on language background, German grade, and self-
estimated German proficiency. Within each fea-
ture, students are divided into two groups reflect-
ing relatively stronger and weaker language-related
profiles. The stronger-profile group is denoted as
Group A, while the weaker-profile group is denoted
as Group B.

• Language background: German vs. non-
German,

• Self-estimated German proficiency: high
(values 1–2) vs. low (values 3–4),

• German grade: higher achievement (grades
1–3) vs. lower achievement (grades 4–6).

Each comparison includes only sentences that
received at least one rating from a student in group
A and at least one rating from a student in group
B. As a result, both groups are evaluated on the
same set of sentences within a given feature-based
comparison. Sentence coverage may nevertheless
vary across features, meaning that the resulting sub-
sets can differ in both composition and size (see
Appendix A.2). Each subset is analyzed indepen-
dently, and the corresponding LLM predictions are
obtained separately for both groups within the same
set of sentences.

For language background, we exclude the in-
termediate group of students who report speak-
ing both German and another language at home.
This allows for a clearer contrast between students
with German as the only home language and stu-
dents with another home language, since bilingual
home-language profiles cannot be unambiguously
assigned to either group. For self-estimation, the
original survey used a scale from 1 to 5, but the
available annotations only cover values from 1 to 4.
Since no students rated their German proficiency
as ‘very low’ (5), we split the observed range at
the midpoint, defining values 1–2 as Group A and
values 3–4 as Group B.

Prompt design. All prompts follow a consistent
structure in which the model is instructed to assume
the role of a student and to rate the difficulty of
a given sentence on a 5-point scale from 1 (very
easy) to 5 (very difficult). The model is asked to
assess how difficult each sentence is for the student
personally. Each prompt contains 20 sentences to

resemble the actual survey that the students faced
during the annotation process.

To simulate reader-dependent variation, we in-
troduce short profile descriptions that specify the
three selected individual characteristics: language
background, German grade, or self-estimation of
German proficiency. Each profile is expressed as a
single sentence (e.g., ‘You grew up speaking Ger-
man at home.’), which is inserted into the prompt.

Importantly, the prompt structure remains iden-
tical across all conditions, and only the profile
sentence varies (see Appendix B). This ensures
that any differences in model predictions can be
attributed to the provided reader characteristics. In
the baseline condition, no additional profile infor-
mation is provided beyond the general instruction
that the model should act as a student.

4.3 Linguistic Feature Analysis

In addition to reader-specific variables, we analyze
how linguistic properties of the texts relate to per-
ceived difficulty in both human annotations and
LLM predictions.

Feature extraction. For each text, we extract
a set of surface-level and lexical features using
the spaCy library (Honnibal et al., 2020) with a
German language model. The selected features
capture different aspects of linguistic complexity:

• Sentence length: number of words per sen-
tence, excluding punctuation and numerical
expressions,

• Average word length: average number of
characters per word,

• Proportion of rare words: share of words
not contained in the German spaCy model6

vocabulary

• Dependency distance: average linear dis-
tance between each word and its syntactic
head in the dependency tree,

• Dependency depth: maximum depth of the
syntactic dependency tree, reflecting hierar-
chical complexity,

• Parenthesis count: number of parenthetical
elements (e.g., brackets or inserted expres-
sions),

6https://spacy.io/models/de#de_core_news_md

https://spacy.io/models/de#de_core_news_md


• Comma count: number of commas, used as
a proxy for clause boundaries and local syn-
tactic segmentation,

• Enumeration marker count: number of
coordination markers (e.g., commas, “und”,
“oder”, “sowie”) indicating list-like structures,

• Abbreviation count: number of abbreviated
forms (e.g., “z.B.”, uppercase abbreviations).

Together, these features provide a compact rep-
resentation of lexical and syntactic characteristics
commonly associated with text difficulty and allow
us to compare which textual cues are reflected in
human judgments and LLM predictions.

Correlation analysis. To assess how these fea-
tures relate to perceived difficulty, we compute
Spearman rank correlations (Spearman, 1904) be-
tween each linguistic feature and both human diffi-
culty ratings and LLM predictions. All correlations
are computed at the sentence level and are calcu-
lated separately for each reader group (Group A
and Group B) within each subset (language back-
ground, German grade, and self-estimation of Ger-
man proficiency).

5 Results

We evaluate the models from three complemen-
tary perspectives. First, we assess baseline perfor-
mance in a setting without explicit reader-specific
information. Second, we examine how predic-
tions change when reader profiles are provided and
whether this improves agreement with human anno-
tations. Third, we analyze the relationship between
linguistic features and predicted difficulty to better
understand which textual cues the models rely on.

Together, these analyses allow us to distinguish
between overall predictive performance, sensitiv-
ity to reader profiles, and the linguistic patterns
underlying model predictions.

5.1 Baseline Setting

We first evaluate model performance in a baseline
setting without providing any reader-specific infor-
mation. In this condition, models are instructed
to assess the difficulty of each sentence from the
perspective of a generic secondary school student.
This setup serves as a reference point for analyzing
how models behave in the absence of explicit reader
profiles. For evaluation, we compare each model’s

single prediction for a sentence with the mean of
all available human ratings for that sentence.

Table 2 summarizes the results across all evalu-
ated models. Overall, performance is comparable,
with RMSE values ranging from 1.35 (GPT-5.4
nano) to 1.61 (Mistral Large 3), and MAE be-
tween 1.06 and 1.30. Correlation scores remain
relatively low for all models (Spearman ρ ≈ 0.29–
0.32), indicating limited agreement with human
judgments both in terms of absolute predictions
and relative ranking of text difficulty.

Despite these differences, all models exhibit a
consistent pattern: predictions are systematically
shifted towards higher difficulty values. While the
mean human rating is 2.00, the predicted means
range from 2.72 to 3.02. This suggests that mod-
els tend to assign systematically higher difficulty
scores even when no reader-specific information is
provided.

5.2 Effect of Reader Profiles
We next examine whether incorporating reader-
specific information improves the alignment be-
tween LLM predictions and human annotations.
To this end, we condition the models on reader pro-
files reflecting the features language background,
German grade, and self-estimation of German
proficiency, and evaluate the resulting predictions
against the corresponding human ratings.

Table 3 summarizes the predictive performance
across all profile-based subsets. Overall, incor-
porating reader-specific information leads only to
limited improvements compared to the baseline
setting. Across all models and subsets, Spearman
correlations slightly decrease compared to the base-
line setting (ρ = 0.21–0.27), indicating that the
models only partially recover the ranking of per-
ceived sentence difficulty observed in the human
annotations.

The results further suggest that profile condi-
tioning does not consistently improve predictive
performance. While some models achieve slightly
lower RMSE and MAE values for individual sub-
sets, these gains remain small and inconsistent
across reader characteristics. In several cases, per-
formance even deteriorates compared to the base-
line condition, despite the additional profile infor-
mation.

Across models, the language background and
self-estimation subsets generally yield slightly
stronger correlations than the German grade subset.
However, the differences between subsets remain



Model RMSE MAE Spearman ρ Mean (LLM)
GPT-5.4 nano 1.35 1.06 0.32 2.72
GPT-5.4 mini 1.52 1.18 0.30 2.76
DeepSeek-V3.1 1.59 1.27 0.29 2.99
Mistral Large 3 1.61 1.30 0.30 3.02

Table 2: Performance of LLM predictions in the baseline condition without reader-specific information (n = 1697
unique sentences).

Model Lang. Grade Self-est.
RMSE MAE Sp. ρ RMSE MAE Sp. ρ RMSE MAE Sp. ρ

GPT-5.4 nano 1.50 1.20 0.24 1.52 1.22 0.26 1.48 1.18 0.23
GPT-5.4 mini 1.72 1.37 0.26 1.73 1.38 0.21 1.63 1.27 0.27
DeepSeek-V3.1 1.49 1.16 0.24 1.63 1.29 0.22 1.45 1.15 0.26
Mistral Large 3 1.51 1.19 0.27 1.67 1.35 0.22 1.55 1.25 0.27

Table 3: RMSE, MAE and Spearman correlation of LLM predictions with human labels across profile-based subsets.

modest overall, suggesting that current LLMs strug-
gle to make effective use of reader-specific infor-
mation when predicting perceived text complexity.

At the model level, no single system consis-
tently outperforms the others across all subsets.
GPT-5.4 nano and DeepSeek V3.1 achieve the
lowest RMSE values overall, while GPT-5.4 mini
and Mistral Large 3 obtain slightly higher rank
correlations in some conditions. Nevertheless, the
differences between models remain relatively small,
indicating broadly similar behavior across architec-
tures and model families.

These results indicate that reader-profile infor-
mation changes model predictions, but does not
consistently improve their alignment with human
judgments. While the models are sensitive to the
provided profiles, their overall agreement with hu-
man annotations remains limited.

5.3 Linguistic Feature Analysis

To better understand the factors driving model pre-
dictions, we analyze how linguistic features corre-
late with perceived text difficulty for both human
annotations and LLM predictions.

Across all evaluated models, we observe highly
similar correlations between linguistic features and
predicted difficulty scores (see Appendix C.1, Ta-
ble 6). In particular, all models rely strongly on
surface-level and structural cues such as sentence
length and syntactic complexity, while differences
between reader groups remain comparatively small.
Since the observed patterns are highly consistent
across models, we focus the following analysis on
GPT-5.4 mini as a representative example.

Figure 2 shows the difference in Spearman rank
correlations between GPT-5.4 mini and human an-
notations across a range of surface-level and struc-
tural linguistic features.

Overall, the model predictions show stronger cor-
relations with all examined linguistic features than
the human ratings do. The strongest deviations oc-
cur for sentence length, with consistently positive
differences across all conditions and a maximum
of +0.74 for Group B with the weaker language
background. Enumeration markers also exhibit
consistently positive deviations, suggesting that the
model treats explicit enumeration and coordination
cues as stronger indicators of difficulty than human
annotators do.

Beyond surface-level cues, the model also as-
signs substantially greater importance to syntac-
tic structure. Both dependency distance and de-
pendency depth show consistently strong positive
differences across all subsets, indicating that the
model associates more complex syntactic struc-
tures with higher difficulty to a greater extent than
humans do. These effects tend to be more pro-
nounced for the lower-proficiency groups (Group
B), although the pattern varies across individual
linguistic features.

In contrast, features related to lexical complex-
ity beyond surface form exhibit only minor or in-
consistent effects. The proportion of rare words
shows relatively small deviations, suggesting that
the model does not strongly rely on less frequent
or domain-specific vocabulary when estimating dif-
ficulty.

To further investigate whether these patterns de-



Figure 2: Difference in Spearman rank correlations between GPT-5.4 mini predictions and human annotations
across linguistic features. Positive values indicate stronger feature-difficulty associations in the model than in the
human data.

pend on the reader profile, we analyze the fea-
ture–difficulty correlations within the LLM pre-
dictions themselves (see Appendix C.2, Figure 3).
Interestingly, we observe only minimal variation
across reader groups: correlations between linguis-
tic features and predicted difficulty remain largely
stable for both stronger (Group A) and weaker
(Group B) profiles.

This pattern suggests that profile conditioning
primarily shifts the overall difficulty level rather
than substantially changing the observed feature–
difficulty relationships.

This differs markedly from the human annota-
tions (see Appendix C.2 Figure 4), where feature–
difficulty correlations are generally weaker and
vary more strongly across reader groups. In partic-
ular, some human subgroups show only weak or
near-zero associations with the selected linguistic
features, suggesting that perceived difficulty is less
uniformly tied to these textual cues. By contrast,
the LLM predictions exhibit stable and consistently
stronger feature correlations across profiles.

Our results suggest that GPT-5.4 mini does not
capture reader-specific differences in a nuanced
way. Rather than adapting its interpretation of lin-

guistic complexity, the model relies on stable struc-
tural and surface-level cues and adjusts predictions
primarily through global shifts in difficulty. Impor-
tantly, this pattern is not specific to GPT-5.4 mini:
the other evaluated models show highly similar
feature–difficulty correlation patterns across reader
groups (see Appendix Table 6). This suggests that
the observed reliance on stable linguistic heuristics
is a broader tendency across the evaluated LLMs
rather than an isolated behavior of a single model.

6 Conclusion

In this work, we investigated whether large lan-
guage models capture reader-dependent variation
in perceived text complexity. Using a German
sentence-level dataset with human difficulty ratings
and reader-specific metadata, we compared multi-
ple LLMs under generic and profile-conditioned
prompting settings. Beyond predictive perfor-
mance, we analyzed how linguistic features relate
to both human annotations and model predictions
across reader groups.

Our results show that current LLMs only par-
tially align with human judgments of perceived text
difficulty. In the baseline setting, all evaluated mod-



els show modest correlations with human annota-
tions and systematically overestimate text difficulty.
Providing reader profiles changes model predic-
tions, but does not consistently improve agreement
with human ratings.

The linguistic feature analysis suggests that this
limited improvement is not merely a performance
issue, but reflects how models use reader-specific
information. Across models, predicted difficulty
is strongly associated with stable surface-level and
structural cues such as sentence length and syn-
tactic complexity. These feature–difficulty rela-
tionships remain largely consistent across reader
profiles, indicating that models do not substantially
adapt their interpretation of linguistic complexity
to different reader characteristics.

Overall, our findings suggest that prompt-based
reader profiles primarily lead to global shifts in
predicted difficulty rather than to nuanced reader-
dependent feature–difficulty associations. This
highlights an important limitation of current LLMs
for personalized readability assessment and educa-
tional applications: while models are sensitive to
profile information, this sensitivity does not neces-
sarily correspond to human-like reader adaptation.

Future work should investigate richer forms of
reader modeling, including more detailed cogni-
tive and educational profiles as well as interaction-
based approaches. In addition, extending the analy-
sis beyond sentence-level judgments to discourse-
level comprehension could provide a more com-
plete picture of how LLMs represent reader-
dependent text difficulty.

Limitations

The findings of this study should be interpreted in
light of the following limitations. First, our analysis
focuses on German sentences rated by secondary
school students and predominantly covers informa-
tional text sources. Language-specific properties,
educational contexts, and reader populations may
influence both human judgments and model predic-
tions. Future research across additional languages,
text genres, and reader populations could help de-
termine the broader generalizability of the observed
patterns.

Second, readers are represented through concise,
single-attribute profile descriptions. This design
enables controlled comparisons and allows us to
isolate the influence of individual reader character-
istics. Richer representations that combine multi-

ple attributes, proficiency information, or interac-
tion histories may reveal additional forms of reader
adaptation. Examining such representations and
alternative prompt formulations would therefore be
a useful direction for future work.
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A Profile-Based Feature Subsets

A.1 Subset Inter-Annotator Agreement
To examine whether ratings are more consistent
within reader groups, we calculate ordinal Krip-
pendorff’s α for each pooled profile subset and
separately for Groups A and B. Table 4 reports the
number of annotators (nann), the number of sen-
tences with at least two ratings within the respective
group (nsent), and the corresponding agreement
value. Overall refers to the ratings of Groups A and
B pooled within the respective profile subset.

Profile Group nann nsent αord

Lang. Overall 107 185 0.18
Group A 79 90 0.21
Group B 28 52 0.25

Grade Overall 171 288 0.16
Group A 132 152 0.17
Group B 39 101 0.14

Self-est. Overall 163 229 0.16
Group A 142 146 0.18
Group B 21 31 0.35

Table 4: Ordinal Krippendorff’s α across profile subsets
and reader groups.

Group-specific agreement exceeds that of the
corresponding pooled subset in five of six groups.
These results are descriptive, as the estimates are
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based on partly different sets of multiply anno-
tated sentences and Group B generally includes
fewer annotators. Nevertheless, the observed pat-
tern provides some support for examining profile-
conditioned judgments separately.

A.2 Composition of the Profile-Based Subsets
The resulting subset sizes are summarized in Table
5. Differences across subsets arise because a sen-
tence is retained only if it was rated by at least one
student from each of the two respective groups.

Ratings Language Grade Self-est.
Group A 590 1026 1131
Group B 307 528 266
Total 897 1554 1397

Table 5: Number of ratings per feature subset and per
group.

B Model Prompts

Prompt: You are a secondary school student.
[PROFILE SENTENCE] Your task is to rate
how difficult the following texts are for you to
understand. Rate each text on a scale from 1 (very
easy) to 5 (very difficult).

Text 1:
Es sind zwei Fächer zu wählen.

Text 2:
Der allgemeine Stundenweltrekord für auss-
chließlich mit eigener Muskelkraft betriebene
Fahrzeuge liegt deutlich über dem Rekord mit
einem klassischen Rennrad.

...

Return only valid JSON in exactly this for-
mat, with one entry per text in order and no
additional text:

[
{{"index": 1, "difficulty": <rating 1-5>}},
{{"index": 2, "difficulty": <rating 1-5>}},
...

]

Profile sentences. The profile sentence is
inserted into the prompt depending on the
respective profile dimension and reader group:

• Language background

– Group A: You grew up speaking German
at home.

– Group B: You grew up speaking a lan-
guage other than German at home.

• German grade

– Group A: You usually receive good
grades in German.

– Group B: You usually receive lower
grades in German.

• Self-estimation of German proficiency

– Group A: You consider your German lan-
guage abilities to be strong.

– Group B: You consider your German lan-
guage abilities to be more limited.

C Linguistic Feature Correlations

C.1 Overview across models
Table 6 reports the Spearman correlations between
linguistic features and predicted difficulty scores
for all evaluated LLMs, separately for each pro-
file dimension and reader group. The table com-
plements the main analysis by showing that the
feature–difficulty patterns observed for GPT-5.4
mini are not specific to a single model. Across
models, sentence length, dependency-based fea-
tures, and enumeration markers show consistently
strong positive associations with predicted diffi-
culty, while correlations with rare words and abbre-
viations are weaker. This supports the observation
that the evaluated LLMs rely on similar linguis-
tic cues and that these correlations remain largely
stable across reader groups.

C.2 Correlation Heatmaps for Model and
Human Ratings

Figures 3 and 4 show the Spearman correlations be-
tween linguistic features and difficulty ratings for
GPT-5.4 mini and the human annotations. They
complement the main analysis by showing the ab-
solute correlation patterns rather than the model-
human differences.

For GPT-5.4 mini, correlations are consistently
positive across reader groups, especially for sen-
tence length, dependency-based features, and enu-
meration markers. In contrast, the human annota-
tions show weaker and more variable correlations.



Model Group Sent. len. Avg. word len. Rare word % Dep. dist. Dep. depth Paren. count Comma count Enum. markers Abbrev. count
GPT-5.4 nano Lang A 0.69 0.42 0.16 0.42 0.57 0.39 0.42 0.57 0.25

Lang B 0.67 0.38 0.16 0.45 0.54 0.36 0.41 0.50 0.24
Grade A 0.66 0.31 0.20 0.49 0.59 0.30 0.44 0.52 0.15
Grade B 0.70 0.32 0.14 0.52 0.62 0.33 0.44 0.52 0.12
Self A 0.62 0.16 0.18 0.45 0.50 0.19 0.42 0.48 0.13
Self B 0.65 0.19 0.16 0.44 0.54 0.19 0.41 0.51 0.07

GPT-5.4 mini Lang A 0.76 0.36 0.24 0.53 0.61 0.47 0.50 0.61 0.24
Lang B 0.75 0.38 0.19 0.52 0.61 0.38 0.43 0.56 0.26
Grade A 0.68 0.37 0.25 0.52 0.61 0.33 0.49 0.54 0.17
Grade B 0.72 0.39 0.23 0.58 0.62 0.37 0.47 0.52 0.16
Self A 0.73 0.31 0.27 0.54 0.62 0.28 0.50 0.59 0.14
Self B 0.73 0.31 0.26 0.52 0.63 0.30 0.50 0.57 0.11

DeepSeek-V3.1 Lang A 0.65 0.40 0.20 0.42 0.53 0.32 0.37 0.53 0.22
Lang B 0.72 0.42 0.24 0.47 0.58 0.39 0.45 0.58 0.24
Grade A 0.62 0.42 0.26 0.45 0.56 0.33 0.41 0.51 0.12
Grade B 0.67 0.42 0.23 0.54 0.59 0.34 0.42 0.52 0.13
Self A 0.66 0.33 0.30 0.47 0.52 0.25 0.46 0.52 0.14
Self B 0.68 0.31 0.30 0.50 0.56 0.27 0.45 0.53 0.15

Mistral Large 3 Lang A 0.61 0.42 0.19 0.37 0.50 0.39 0.34 0.48 0.23
Lang B 0.69 0.33 0.20 0.48 0.56 0.41 0.42 0.54 0.28
Grade A 0.57 0.37 0.19 0.40 0.50 0.33 0.36 0.43 0.10
Grade B 0.60 0.35 0.20 0.44 0.52 0.36 0.37 0.43 0.12
Self A 0.53 0.27 0.22 0.41 0.45 0.26 0.42 0.46 0.12
Self B 0.58 0.28 0.26 0.47 0.47 0.29 0.43 0.49 0.13

Table 6: Spearman correlations between linguistic features and LLM complexity ratings per model, dataset, and
group.

Figure 3: Spearman rank correlations between linguistic features and predicted difficulty scores for GPT-5.4 mini
across stronger and weaker reader-profile groups.



Figure 4: Spearman rank correlations between linguistic features and student-annotated difficulty scores across
stronger and weaker reader-profile groups.


	Introduction
	Related Work
	Text Complexity and Readability Assessment
	Reader-dependent Complexity Modeling
	LLMs for Educational Personalization

	Data
	Method
	Reader Feature Selection
	Model Selection and Prompting
	Linguistic Feature Analysis

	Results
	Baseline Setting
	Effect of Reader Profiles
	Linguistic Feature Analysis

	Conclusion
	Profile-Based Feature Subsets
	Subset Inter-Annotator Agreement
	Composition of the Profile-Based Subsets

	Model Prompts
	Linguistic Feature Correlations
	Overview across models
	Correlation Heatmaps for Model and Human Ratings


