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Abstract

Automatic text simplification measures cor-
relate poorly with human judgments and are
disconnected from psycholinguistic research
on comprehension. We propose a multidi-
mensional analysis framework grounded in
Cognitive Load Theory and the Construction-
Integration model, organizing 93 construct-
validated linguistic features (selected from a
starting pool of over 400) into six simplic-
ity dimensions corresponding to stages of the
comprehension process as described in the lit-
erature. Using this framework, we analyze
four human-annotated simplicity datasets and
six aligned simplification splits. We find that
(1) our dimensions are informative enough
to predict human simplicity ratings on most
datasets; (2) current datasets overwhelmingly
target lexical and syntactic dimensions while
under-targeting personalization, the dimension
psychological research identifies among the
most impactful for comprehension; and (3) ex-
isting measures overall do not capture any spe-
cific dimension. These findings provide ac-
tionable guidance for building measures and
datasets better aligned with how readers actu-
ally process text.

1 Introduction

Despite rising global literacy, many texts remain
inaccessible to general audiences due to their com-
plexity. Automatic Text Simplification (ATS) ad-
dresses this with systems trained on corpora of
aligned complex—simple text pairs (Saggion, 2017),
increasingly Large Language Models (LLMs) (Er-
makova et al., 2026). These models are then eval-
uated on similar datasets, using various measures
that compare the generated text to reference sim-
plified versions such as SARI (the most widely
used ATS measure) (Xu et al., 2016), BLEU (Pa-
pineni et al., 2002), or without references like
FKGL (Kincaid et al., 1975). However, these mea-
sures have repeatedly shown low correlation with

human ratings of simplicity (Alfear et al., 2024;
Alva-Manchego et al., 2021), but also with mean-
ing preservation (Agrawal and Carpuat, 2024) or
hallucination (Vendeville et al., 2025). They are
also often disconnected from findings in psycholin-
guistic and cognitive research, which highlight that
simplicity depends on multiple interacting dimen-
sions such as cohesion, coherence or even person-
alization (Strohmaier et al., 2023). Moreover, both
measures and datasets tend to focus on one or two
dimensions of simplicity (typically lexical and syn-
tactic simplicity) (Davari et al., 2024), producing
single isolated scores. These offer limited insight
into what is actually happening during simplifica-
tion, making it difficult to reliably evaluate ATS.
We argue that psycholinguistic research can in-
form ATS evaluation in a more human-correlated
direction. We therefore propose a multidimensional
framework that operationalizes dimensions iden-
tified as salient for comprehension in the broader
psycholinguistic literature. We draw on Cogni-
tive Load Theory (CLT) (Sweller, 1988; Sweller
et al., 1998) and the Construction-Integration (CI)
model (Kintsch, 1998) for the theoretical ground-
ing. The operational dimensions and their defi-
nitions are taken from the meta-analytic coding
scheme of Strohmaier et al. (2023). From this
research, we assign text features to dimensions
based on whether their construct-validated defini-
tions from the source tools match the paper’s di-
mensional definitions. We use this framework to
identify which dimensions of simplicity current
measures and datasets capture, and which they
miss. Specifically, we address three research ques-
tions: RQ1: Do psycholinguistically-grounded
simplicity dimensions predict human simplicity
judgments, and does their relative importance vary
across datasets? We train per-dimension regressors
on 4 annotated datasets and compare their predic-
tive power to established measures. RQ2: Which
simplicity dimensions do different simplification
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datasets actually transform during simplification
and does the magnitude change between datasets?
We measure per-dimension effect sizes (IAzl) on
6 aligned datasets, validated by per-dimension bi-
nary classification. RQ3: Which simplicity dimen-
sions do existing evaluation measures capture? We
correlate measure scores with dimension-level pre-
dictions across datasets to reveal measure biases.
All code and data are released as a Python library,
SIMPSY (Appendix H).

2 Related Work

2.1 Limitations of Current ATS Measures

Evaluation of text simplification requires measures
that can both predict human judgments, as well
as be interpreted to guide system development.
Current methods fall short on both. Indeed, most
measures produce a single score that conflates dis-
tinct aspects of simplicity (often just lexical diffi-
culty and syntactic complexity) into one number,
making it impossible to diagnose why a simplifi-
cation succeeds or fails. This is true of classical
readability formulas (Kincaid et al., 1975; Flesch,
1948), which reduce comprehension difficulty to
word and sentence length; or reference-based mea-
sures like SARI (Xu et al., 2016), BLEU (Pap-
ineni et al., 2002), and ROUGE (Lin, 2004), which
measure textual similarity without distinguishing
what kind of linguistic transformation was applied.
Similarly, neural approaches like LENS (Maddela
et al., 2023), BERTScore (Zhang et al., 2020), and
SLE (Cripwell et al., 2023) can improve predictive
power but remain opaque. Across all these classes,
correlation with human ratings of simplicity is in-
consistent and at best moderate (Alfear et al., 2024;
Alva-Manchego et al., 2021; Cardon and Dogruéz,
2025).

Beyond simplicity, Agrawal and Carpuat (2024)
and Davari et al. (2024) demonstrate that standard
measures largely fail to capture meaning preser-
vation, on reading-comprehension data and across
several simplification corpora respectively. Vendev-
ille et al. (2025) show that faithfulness measures
(FactCC, QAGS, FEQA) transfer poorly to simplifi-
cation data, and propose a detailed error taxonomy
together with an annotated test collection. These
failures point to a structural problem rather than a
calibration one. Simplicity is not a single construct:
psycholinguistic research shows that comprehen-
sion depends on the interaction of multiple dimen-
sions such as lexical, syntactic, but also others such

as discourse, and prior knowledge (Kintsch, 1998;
Ozuru et al., 2009). Despite that, no existing mea-
sure decomposes its score along these lines. With-
out such decomposition, measures cannot explain
domain-specific failures or provide actionable feed-
back for improving simplification systems.

2.2 Toward Multidimensional Assessment

A few approaches have moved beyond single-score
evaluation. TextEvaluator (Sheehan et al., 2014)
combines 43 features across lexical, syntactic, and
discourse categories, but uses mainly closed-source
tools such as word dictionaries. BATS (Kreutz
et al., 2024) implements 37 binary simplicity and
complexity characteristics from the literature and
analyzes their predictive importance across do-
mains and audiences. They notably show that fea-
ture relevance varies substantially by context.

However, these approaches share critical limi-
tations. They identify predictive features without
organizing them into theoretically coherent dimen-
sions. BATS observes a domain-dependent vari-
ation but does not explain why certain features
matter more in certain contexts. Neither frame-
work treats discourse coherence as a distinct dimen-
sion, although cohesion and coherence are long-
established determinants of comprehension (Mc-
Namara and Kintsch, 1996; Ozuru et al., 2009).
TextEvaluator does include a cohesion component
but limits it to content-word overlap and explicit
connectives (Sheehan et al., 2014); BATS includes
some entity-tracking features that overlap with co-
hesion but does not organize them as a distinct
dimension (Kreutz et al., 2024). Most importantly,
they lack grounding in cognitive theory that could
provide interpretability, by connecting observable
text features to the processing stages and cognitive
loads they affect during reading.

Recent meta-evaluation work by Cardon and
Dogruoz (2025) showed this gap. They show weak
and inconsistent correlations between readability
measures, automatic metrics, and human judg-
ments on English ATS datasets. They attribute this
to the lack of a well-defined construct in the field.
Our framework is one response to this gap: we de-
rive simplicity dimensions from the Construction-
Integration model (Kintsch, 1998) and Cognitive
Load Theory (Sweller, 1988). Then, rather than
aggregating features into a single, opaque score, we
define multiple simplicity dimension. Each one is
grounded in a specific comprehension mechanism.
Appendix B reports a detailed comparison with Tex-
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tEvaluator and BATS along on feature provenance,
dimension construction, and theoretical grounding.

3 Methodology

We ground our analysis in psycholinguistic theory
(Section 3.1) to derive six simplicity dimensions
(Section 3.3), which we operationalize using 445
text features. Using this framework, we examine
whether these dimensions predict simplicity ratings
(RQ1); which dimensions are transformed during
simplification and by how much (RQ2); and which
dimensions existing evaluation measures capture
(RQ3). We evaluate across eight corpora span-
ning different domains, granularities, and target
audiences. Those include four simplicity datasets,
which provide per-sample human simplicity rat-
ings, and four simplification datasets, which pro-
vide aligned complex—simple pairs without ratings
(six aligned splits in total, since OneStopEnglish
contributes three level pairs). Specifically, we in-
clude Simplicity-DA (Alva-Manchego et al., 2021)
(SDA), which rates system outputs on TurkCor-
pus sentences (Xu et al., 2016), and D-Wiki (Sun
et al., 2021), built from English and Simple En-
glish Wikipedia, at the sentence and document
level respectively. We also include the SimpleText
dataset (Ermakova et al., 2024), which is built on
manually written simplifications of scientific ab-
stracts, and includes a sentence level (STgent) and a
paragraph level (STpara) split. All of those datasets
are provided with human ratings of simplicity for
each sample. For D-Wiki these per-sample ratings
are the ones distributed with the dataset release,
rather than the smaller human evaluation reported
in the paper. In the case of ST, an unspecified
number of writers explicitly provided evaluations
of lexical simplicity and syntax simplicity (Davari
et al., 2024), which we averaged to get a single
simplicity score. We also include four simplifica-
tion datasets that provide no per-sample simplic-
ity ratings for the aligned pairs: ASSET (Alva-
Manchego et al., 2020), a multi-reference corpus
of English Wikipedia sentences rewritten with sev-
eral simplification operations, Cochrane (Devaraj
et al., 2021), a dataset of medical abstracts simpli-
fied by experts, Cochrane,y, (Bakker and Kamps,
2024), are-aligned version of Cochrane, and finally
OneStopEnglish (Vajjala and Lucié, 2018) (OSE),
a dataset composed of educational texts written
at three levels Elementary, Intermediate, and Ad-
vanced (respectively OSEg, OSE; and OSE,). Ta-

Dataset Samples Domain Align Level Raters
SDA 600 Wiki CSR s 15
STient, para 1.6K, 271 Science C,S,R sm N/A
D-Wiki 601 Wiki CSR d 3
ASSET 4,500 Wiki CSR s -
OneStopEnglish 2663 Edu. EILA m -
Cochrane 3967  Medical C,S d -
Cochraneauo 849 Medical C,S d -

Table 1: Dataset properties. Align. shows available
texts: C=Complex, S=Simple, R=Reference. Level
shows text granularity: s=sentence, m=multi-sentence
(paragraph), d=document. Number of raters not pro-
vided for SimpleText data; ASSET, OSE and the
Cochrane datasets carry no simplicity ratings.

ble 1 summarizes those datasets.

3.1 Cognitive Models

We use two frameworks: the Construction-
Integration (CI) model (Kintsch, 1998), which de-
scribes the phases of text comprehension, and Cog-
nitive Load Theory (CLT) (Sweller, 1988; Sweller
et al., 1998), which models how limited cogni-
tive resources are allocated, differently across read-
ers (Ozuru et al., 2009). Figure 1 summarizes how
these map to our simplicity dimensions.

In the CI model, reading comprehension is pre-
sented as a three-stage process: (1) construction,
where readers identify concepts from the text, (2)
integration, where readers link identified concepts
into a textbase graph representing the text, and (3)
situation model construction where the reader inte-
grates the text representation with prior knowledge
into a coherent mental model called a situational
model.

The CLT models task difficulty as a function
of working-memory effort. Working memory is
the limited-capacity system used to process and
maintain information during cognitive tasks. Tasks
impose cognitive loads that consume this capacity.
It distinguishes three forms of cognitive load: in-
trinsic load, determined by the inherent complexity
of the content or task; extraneous load, which is
the load imposed by how information is presented
(e.g., linguistic form, discourse structure, layout);
and germane load, in contrast, represents the desir-
able cognitive effort dedicated to constructing and
refining mental representations, and is therefore
essential for meaningful comprehension.
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Figure 1: Unified Simplicity Framework. The overhead arrow indicates Reading Comprehension Steps through
the three Construction-Integration stages. Cognitive Load Theory operates in parallel, characterizing load types at
each stage. Linguistic and Content simplicity dimensions target features that modulate these loads; Personalization

operates separately through motivation and engagement.

3.2 Text Comprehension Stages

In Strohmaier et al. (2023), a meta-analysis of 45
studies with 6,477 learners, the authors examine
how linguistic modifications impact comprehen-
sion and learning from STEM texts. We group
their categories of linguistic modification onto the
three CI processes described above: reducing com-
plexity supports the construction stage, increasing
within-text links supports integration, and increas-
ing links with prior knowledge supports situation
model construction. The cognitive load attribution
to each follows from CLT. Figure 1 summarizes
the multidimensional nature of comprehension and
illustrates how different cognitive stages and loads
map to potential ATS interventions.

During the construction stage, readers decode
words and linguistic units, constructing proposi-
tions from lexical and syntactic forms. This process
is heavily influenced by text presentation and in-
duces high extraneous load. Word frequency mod-
ulates lexical processing effort (Berglund-Barraza
et al., 2019), and reducing word-level complexity
(scientific vocabulary...) or syntactic complexity
(sentence length, syntax simplification...) is in-
tended to minimize this load. However, Strohmaier
et al. (2023) shows that such surface-level com-
plexity reduction shows negligible or inconsistent
effects on comprehension and learning.

During the integration stage, readers link con-

cepts into a connected textbase representing the
text. This process contributes moderately to ger-
mane load. Increasing cohesion, referential over-
lap, and connectives aim to reduce extraneous
load by making semantic connections explicit (Mc-
Namara and Kintsch, 1996). Yet cohesion mod-
ifications alone show weak or null average ef-
fects (Strohmaier et al., 2023), and where they do
help, the benefit is moderated by reader knowledge
and comprehension skill (O’Reilly and McNamara,
2007) and by executive function (Follmer and Sper-
ling, 2018), suggesting that just freeing working
memory capacity provides minimal benefit. Im-
portantly, prior knowledge plays an important part
here. For expert readers, reducing extraneous load
at this stage might bring no improvement, or even
hinder comprehension (Rey and Buchwald, 2011),
in what is called expertise reversal effect. This ef-
fect is not symmetrical: the meta-analysis finds
that additional assistance helps novices more than
it hurts experts (Tetzlaff et al., 2025).

During the situation model construction, readers
integrate the text representation with prior knowl-
edge to build a coherent mental model (O’Reilly
and McNamara, 2007; Graesser et al., 2011). This
stage depends heavily on both germane load (pro-
ductive effort) and intrinsic load (inherent content
difficulty) (Strohmaier et al., 2023). Increasing
clarity and elaboration (by explaining concepts,

46176



specifying causal relations, personalization etc...)
helps germane load. Notably, these modifications
show significant positive effects. Finally, concep-
tual density (number of concepts mentioned per
unit of text) and concept abstractness increase the
intrinsic load and significantly influence compre-
hension difficulty.

We follow the categories and definitions from
Strohmaier et al. (2023) for our framework. We
keep dimensions regardless of if they were found
important for simplicity in their context, RQ2 ex-
amines how dimensional importance varies across
populations and text types. We distinguish two
main categories: Linguistic simplicity and Content
simplicity. Linguistic simplicity is composed of
modifications that mainly reduce extraneous load
across comprehension stages by transforming the
actual words being used and their order. Content
simplicity, in contrast, addresses mainly intrinsic
load by managing the concepts being used and their
interactions.

3.3 Simplicity Dimensions

We derive six simplicity dimensions (summarized
in Table 2) anchored on the dimensional defini-
tions in Strohmaier et al. (2023). We operationalize
each dimension using subsets of 445 linguistic fea-
tures extracted from publicly available tools and
resources, listed in Appendix A. The construct-
validation work for individual features was per-
formed by the tool authors: TAACO (Crossley
et al., 2016) was built and validated for text co-
hesion, MRC (Wilson, 1988) for psycholinguis-
tic norms (age of acquisition, concreteness, im-
ageability), CEFR/EFLLex (Diirlich and Frangois,
2018) for lexical sophistication, and so on. We
aggregate these construct-validated features under
Strohmaier’s categorization rather than relabeling
generic features.

3.3.1 Linguistic Simplicity

Lexical Simplicity reflects word-level difficulty
during the construction stage, where readers de-
code individual words and terms. Unfamiliar
words, technical jargon, and uncommon vocabu-
lary are assumed to increase extraneous load at
this stage, word frequency being associated with
processing effort (Berglund-Barraza et al., 2019).
We operationalize this dimension using psycholin-
guistic norms (age of acquisition, concreteness,
imageability from MRC (Wilson, 1988)), vocabu-
lary sophistication (academic word coverage (Cox-

head, 2000), CEFR profiling (Diirlich and Francois,
2018)), and word-level statistics (frequency, length,
syllable counts).

Syntactic Simplicity captures sentence-level
structural complexity during the construction and
integration stages. Complex syntax (passive con-
structions, long dependency chains,...) increases
extraneous load by requiring readers to maintain
multiple open syntactic relations in working mem-
ory. We operationalize this using dependency tree
properties (arc length, branching), tree depth (Yn-
gve, 1960), clause counts, passive constructions,
and sentence length measures.

Cohesion captures the explicit linguistic cues
that help readers connect ideas during the integra-
tion stage, where propositions are linked into a co-
herent textbase. Things such as referential overlap,
causal connectives, and semantic similarity reduce
extraneous load by making relationships between
sentences explicit (McNamara and Kintsch, 1996).
We operationalize this primarily using TAACO fea-
tures (Crossley et al., 2016, 2019): lexical overlap
at sentence and paragraph level, connective counts,
and givenness indicators from TAACO, and the se-
mantic similarity indices (LSA, LDA, word2vec)
added in TAACO 2.0.

Personalization and Motivation captures the
use of direct address (you, we) and interpersonal
language to make the text feel more personal and
motivate the reader. Personalization works through
a different route: conversational and personalized
phrasing raises engagement and prompts deeper
processing rather than changing a specific load
type (Mayer, 2014; Cordova and Lepper, 1996;
Ginns et al., 2013; Strohmaier et al., 2023). We
operationalize this using pronoun distributions (per-
sonal, possessive) and semantic category indica-
tors for communicative, motivational, and affec-
tive language from the Harvard 1V-4 dictionary
(Stone et al., 1966). Our pronoun features cover
the narrow operationalization of personalization in
Strohmaier et al. (2023) (second-person personal
and possessive pronouns), under which the meta-
analytic effect was obtained.

3.3.2 Content Simplicity

Concept Simplicity captures the inherent diffi-
culty of the ideas themselves, which influences the
intrinsic load throughout all CI stages (Sweller,
1988; Sweller et al., 1998). Regardless of how
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#Features
Dimension Raw  Clean Primary sources
Linguistic
Lexical 86 23 CEFR, AWL

Syntactic 64 18
Cohesion 182 22

Syntax Trees, TAACO
TAACO, Semantic Cat.

Content
Coherence 47 11 TAACO, CoUDA, BBscore
Concept 42 7 CoCo, AWL
Person. 24 12 Semantic Cat.
Total 445 93

Table 2: Dimension feature set summary.

the text is written, the cognitive effort required
to read text depends on abstraction level, domain-
specificity, and information density (number of con-
cepts per unit of text). We operationalize it through
entity metrics (entities per sentence, entity density,
unique entity counts), concreteness and imageabil-
ity norms from MRC (Wilson, 1988), and academic
sophistication indicators from TextEvaluator (Shee-
han et al., 2014) (nominalization rates, abstract
noun ratios, academic word coverage).

Discourse Coherence captures the logical and
semantic organization of ideas in the text. Unlike
cohesion, which relies on explicit linguistic mark-
ers, coherence refers to the underlying conceptual
structure. We look at whether ideas follow a logi-
cal progression (Kintsch, 1998). Strong coherence
supports situation model construction by reduc-
ing germane load. We operationalize this using
features derived from CoCo (Stajner et al., 2020),
which was built to measure conceptual complex-
ity through spreading activation over a knowledge
graph. We measure the activation dynamics and
connectivity signals of the resulting graph as indica-
tors of how consistently a text develops its concepts.
We combine these with Brownian Bridge coher-
ence scoring (Sheng et al., 2024), CoUDA global
and local coherence scoring (Zhu et al., 2024), and
TAACO paragraph-level semantic similarity (LSA,
LDA, word2vec) (Crossley et al., 2019).

3.4 Feature Processing

Many linguistic features are correlated with length,
and word count correlates significantly with sim-
plicity ratings. To isolate what dimension con-
tribute beyond word length, we apply a normal-
ization pipeline to each dataset independently. Pre-
cisely, we (1) residualize all features with respect to
word count via OLS regression, removing the linear

effect of length; then (2) discard features with near-
zero variance across all datasets; and (3) for each
pair with high collinearity (|r| > 0.85), randomly
remove one; finally, (4) we z-score all remaining
features using the pooled source—simplified distri-
bution per dataset. After cleaning and selection, 93
features remain (from 445 initial).

3.5 Validating Dimensions Against Ratings

To verify that our dimensions capture significant
aspects of perceived simplicity, we examine their
correlation with human ratings. For each dataset
with simplicity ratings: we train Linear Regression
and Random Forest regressors to predict ratings,
using features from each simplicity dimension sep-
arately. We use 5-fold CV with randomized hy-
perparameter search and nested loops. We report
the absolute Pearson correlation between predicted
and actual ratings. This allows us to determine, for
example, whether Lexical Simplicity predicts sig-
nificantly better than Coherence on scientific text.
To test whether dimensions differ significantly in
predictive power within each dataset, we include
Williams significance tests in appendix.

3.6 Effect Size of Simplification

For each feature, we compute the standardized
mean difference I1Azl between simplified and
source texts, where features are z-scored per dataset
using the pooled distribution. Averaging Azl
across features within each simplicity dimension
yields a cross-dataset comparable measure of sim-
plification magnitude per dimension. As validation,
we train per-dimension binary classifiers (Random
Forest) to discriminate source from simplified texts.
Classification accuracy above random chance con-
firms that a dimension captures genuine informa-
tion about transformations during simplifications.

3.7 Mapping Measures to Dimensions

Finally, we examine which dimensions exist-
ing evaluation measures capture. We compute
scores from SARI, BLEU, ROUGE-L, FKGL,
BERTScore, LENS-SALSA, and LLM-as-judge
(Claude Haiku) and correlate measure scores with
dimension scores across all texts in each dataset.
Strong correlation indicates sensitivity to that as-
pect of simplicity. This analysis reveals measure
biases and explains domain-specific performance:
a measure capturing only lexical features will un-
derperform when ratings are driven by coherence.
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4 Results

4.1 RQ1: Correlation with Human Judgment

Table 3 shows the absolute Pearson correlation with
human judgments of simplicity on the included
datasets. We trained a Random Forest (RF) and
a linear regression (LR) model on the entire set
of features and on each group of features sepa-
rately. We also trained stacked models by tak-
ing the dimension-level models as base learners,
then training a meta-learner on their outputs. We
provide baselines and established measures for
reference, including SARI (Xu et al., 2016), D-
SARI (Sun et al., 2021), BLEU (Papineni et al.,
2002), ROUGE-L (Lin, 2004), learned reference-
free measures (SLE (Cripwell et al., 2023), LENS-
SALSA (Heineman et al., 2023)), and an LLM
judge (Claude, whose configuration and prompt
are given in Appendix I). Each measure is com-
puted per sample and correlated with that sample’s
rating: reference-based measures score against
the dataset’s references, FKGL, SLE and LENS-
SALSA score the simplification alone, and the
Claude judge sees the source, the simplification
and the references.

Our regressors are trained on the ratings, so we
cannot fairly compare them to the fixed metrics.
We include them for context, not as a fair baseline.
On sentence-level datasets, the RF model trained
on all features predicts human ratings strongly: on
SDA, Irl=0.74 (vs. Claude’s 0.73); on STsent, 0.42
(vs. BLEU at 0.35); on D-Wiki, 0.60 (vs. Claude’s
0.52). However, on ST, all our models yield low
correlations (|r| < 0.13), falling well below SARI
(0.32). This suggests that the features, while predic-
tive at the sentence level, do not transfer straight-
forwardly to paragraph-level evaluation on this
dataset. Our models are trained in cross-validation
per dataset, so learned weights need not transfer. A
cross-dataset transfer analysis (Appendix E) sug-
gests the dimension-level representations partially
do: regressors trained out of domain, with a locally
trained meta-learner, recover 80% of in-domain
performance. Still, these results show that the se-
lected features are salient enough to predict human
ratings of simplicity (RQ1). On individual dimen-
sions, taking All Features generally outperforms
any single one. The only exception is STp,ra Where
Personalization / Motivation (RF) is the only di-
mension exceeding all-features RF, though both
correlations are very low. Stacking does not con-
sistently improve over the base RF model, though

Measure SDA  STsent STpara D-Wiki
FKGL 0.07 0.32 0.01 0.09
Word Count 0.03 0.34 0.02 0.34
. Avgword len. 0.07 0.00 0.17 0.06
S SLE 0.03 0.34 0.02 0.09
< BLEU 0.26 0.35 0.23 0.06
§ ROUGE-L 0.28 0.33 0.15 021
SARI 0.33 0.22 0.32* 0.37
D-SARI 0.33 0.23 0.17 0.37
Claude 0.73 0.18 0.19 0.52
All Features 0.74*0.42 0.10 0.60%
g Lexical 0.73 0.37 0.03 0.55
S Syntactic 0.71 0.29 0.09 0.53
§ Cohesion 0.21 0.32 0.056 0.38
= Concept 0.23 031 0.01 0.26
g Disc. Coherence 0.14 0.30 0.08 0.38
Personalization 0.07 0.19 0.13 0.18
S All Features 0.56 0.02 0.12 0.27
B Lexical 0.60 0.16 0.08 0.42
S Syntactic 0.59 0.00 0.06 0.36
¥ Cohesion 0.19 0.00 0.07 0.12
S Concept 0.14 012 0.03 0.08
2 Disc. Coherence 0.07 0.08 0.06 0.05
3 Personalization 0.03 0.05 0.06 0.13
RF—RF 0.71 0.46* 0.18 0.59
< RF—LR 0.73 0.45 0.25 0.59
(,% LR—LR 0.60 0.14 0.12 0.40
LR—RF 0.62 0.27 0.07 0.43

Table 3: Absolute Pearson correlation with human rat-
ings. RF = RandomForest, LR = LinearRegression.
Bold: best in category per dataset. *Best on dataset.
Datasets whose units span more than one sentence are
underlined.

RF—LR is competitive across datasets. The low
performance on STy, likely stems from its syn-
thetic construction: paragraphs were formed by
concatenating ST sentences with averaged an-
notations (Davari et al., 2024), creating mismatch
between paragraph-level feature computation and
aggregated sentence-level ratings. Discourse fea-
tures (cohesion, coherence) measure properties ab-
sent in ratings. The good performance of the D-
Wiki (0.60) document-level dataset confirms this
limitation is specific to the aggregation procedure,
not to longer text spans.

4.2 RQ2: Analyzing Effect Size of Dimensions

Table 4 reports the average standardized mean dif-
ference (JAz|) per dimension and dataset. Since
features are z-scored per dataset using the pooled
source—simplified distribution, |Az| represents the
average shift in pooled standard deviations (SD).
Overall simplification intensity varies substan-
tially across datasets, from 0.32 SD (SDA) and
0.40 SD (ASSET) to 0.82 SD (Cochrane). The
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Dimension ASSET OSEg_s OSEg_; OSE;a SDA STen STpawa D-Wiki Cochrane Cochraneauo
FKGL (resid.) 0.80 0.89 0.70 0.72 0.65 091 0.63 0.70 0.88 0.74
Word Count 0.60 0.88 0.54 0.58 0.45 0.76 081 0.77 0.98 1.10
Lexical 0.54 0.93 0.66 0.64 0.46 0.56 0.61 0.69 0.90 0.76
Syntactic 0.44 0.74 0.56 0.53 0.37 0.46 0.64 0.62 0.90 0.77
Cohesion 0.37 0.75 0.57 0.53 0.27 040 0.59 0.56 0.90 0.78
Concept 0.46 0.82 0.61 0.57 0.42 0.50 0.58 0.62 0.88 0.75
Disc. Coherence  0.37 0.53 0.42 0.38 0.34 0.53 0.67 0.61 0.57 0.58
Personalization 0.31 0.73 0.55 0.51 0.25 0.33 0.44 0.47 0.69 0.59
Avg. All Features  0.40 0.74 0.56 0.52 0.32 043 0.58 0.58 0.82 0.71

Table 4: Average absolute effect size (|Az|) per dimension and dataset. Bold: highest effect size dimension per
dataset. Datasets whose units span more than one sentence are underlined. FKGL and Word Count included as

baselines

OSE datasets show a clean gradient where the ef-
fect size scales with the proficiency gap between
levels (E—A: 0.74 > E—I: 0.56 > I—-A: 0.52).
Across datasets, Lexical Simplicity consistently
shows the largest effect sizes, followed by Syn-
tactic Simplicity in line with the traditional em-
phasis on these two dimensions in ATS research.
Concept Simplicity follows closely, on par with or
slightly below lexical and syntactic effects. No-
tably, Personalization shows the smallest effect
size across most datasets, OSE being the excep-
tion. The effect size ranges from small (0.25, SDA)
to moderate (0.59, Cochrane,, ), being high only
on Cochrane (0.69) and OSEg_, 4, despite being
among the strongest predictors of human simplic-
ity judgments in psychological research. This
gap between scientifically-observed importance,
and effect size suggests that current simplification
practices under-target this dimension. Cohesion
and Discourse Coherence similarly show below-
average effect sizes, with the exception of the
Cochrane dataset where Cohesion effects are large
(0.90), equal with Lexical and Syntactic Simplicity;
this may reflect the specific training and guidelines
of the Cochrane PLS writers. Likewise, discourse
coherence effect sizes scale with text span: they
average 0.41 SD on the sentence-level datasets,
0.50 SD on the paragraph-level ones, and 0.59 SD
on the document-level ones. Table 5 reports per-
dimension classification accuracy (F1 macro) for
discriminating source from simplified texts. Us-
ing all features, Random Forest separates source
from simplified strongly on ST (0.98) and the
Cochrane datasets (0.91, 0.87), and moderately on
the rest (0.61-0.86), with OSE hardest, consistent
with their lower effect sizes (Table 4). STy, is an
exception: several per-dimension classifiers fall at

Metric
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- 1.0

' ' ' ' '
Lexical 0.10 0.14 0.16 0.14 0.14 0.14 0.11 0.27 0.12 0.23 0.13 0.20

Syntactic 0.09 0.18 0.12 0.17 0.13 0.16 0.13 0.30 0.14 0.26 0.15 0.20 - 0-8
Cohesion 0.09 0.21 0.16 0.21 0.15 0.13 0.11 0.26 0.13 0.30 0.12 0.25 - 0.6
Content 0.12 0.12 0.16 0.12 0.16 0.19 0.15 0.29 0.16 0.27 0.10 0.18 -0.4

Discourse 0.09 0.15 0.14 0.15 0.11 0.11 0.09 0.22 0.11 0.22 0.10 0.18 0.2

Feature Dimension

Personal. 0.11 0.19 0.17 0.18 0.14 0.16 0.13 0.25 0.13 0.30 0.12 0.21

-0.0

Figure 2: Mean absolute Pearson correlation (|r|) be-
tween per-dimension regressor predictions and estab-
lished simplicity measures, averaged across the four
datasets with per-sample human ratings (SDA, STy,
STpara, D-Wiki).

or below chance (Cohesion 0.35, Personalization
0.36), and all-features RF reaches only 0.60 (LR
all-features reaches 0.82). This is consistent with
the RQ1 result and supports the same interpreta-
tion on text features and ratings mismatch. Setting
STpara aside, per-dimension classifiers confirm that
each dimension carries simplification signal above
baselines, with Personalization the weakest dimen-
sion on five of the nine remaining splits (RF F1 =
0.53-0.77), consistent with its small effect sizes
(Table 4).

4.3 RQ3: measure correlation

Figure 2 shows the average correlation between
measure scores and dimension-level predictions
across four datasets. Correlations are low across
the board: no traditional measure exceeds |r| =
0.30 on any dimension. More importantly, all
measures show nearly flat profiles across dimen-
sions. Among traditional measures, SARI shows
the strongest correlations (0.22—-0.30) but with-
out meaningful differentiation between dimensions.
Reference-based measures (BLEU, ROUGE-L,
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Measure ASSET OSEg_s OSEg.1 OSE;_a SDA STen STpawa D-Wiki Cochrane Cochraneauo
Random 0.49 0.50 0.50 0.50 0.48 0.50 0.52 0.49 0.50 0.48
v Shuffle 0.50 0.51 0.51 0.51 0.53 0.51 0.52 0.53 0.50 0.52
£ AvgWordLen.  0.59 0.63 0.52 0.55 0.61 0.59 0.70 0.62 0.53 0.54
§ Word Count 0.58 0.62 0.57 0.56 0.8 0.54 047 0.65 0.68 0.72
& FKGL (resid.) 0.63 0.65 0.58 0.57 0.61 0.65 0.67 0.66 0.56 0.51
FKGL 0.68 0.70 0.62 0.59 0.64 0.66 0.65 0.73 0.59 0.58
All Features 0.77* 0.78*% 0.67* 0.61* 0.86 0.98 0.60 0.76* 0.91% 0.87%
? Lexical 0.56 0.70 0.61 0.58 0.58 0.57 0.64 0.65 0.73 0.68
i Syntactic 0.74 0.71 0.62 0.58 0.71 0.65 0.63 0.74 0.86 0.82
S Cohesion 0.65 0.70 0.60 0.58 0.61 0.61 0.35 0.68 0.81 0.79
s Concept 0.66 0.70 0.61 0.57 0.61 0.60 0.58 0.65 0.78 0.72
< Disc. Coherence 0.63 0.66 0.60 0.58 0.91%0.98*% 0.42 0.60 0.80 0.67
Personalization ~ 0.60 0.63 0.56 0.53 0.57 0.53 0.36 0.68 0.77 0.68
§ All Features 0.72 0.77* 0.67* 0.62* 0.71 0.97 0.82*% 0.73 0.87 0.76
‘2 Lexical 0.57 0.66 0.60 0.56 0.58 0.59 0.63 0.59 0.72 0.67
s}’o Syntactic 0.69 0.66 0.60 0.57 0.68 0.63 0.76 0.71 0.76 0.68
« Cohesion 0.64 0.63 0.57 0.56 0.59 0.63 0.68 0.58 0.78 0.69
-2 Concept 0.61 0.67 0.60 0.57 0.60 0.57 0.65 0.62 0.75 0.69
‘& Disc. Coherence  0.61 0.60 0.57 0.53 0.55 0.97* 0.47 0.54 0.70 0.65
3 Personalization ~ 0.50 0.57 0.54 0.53 0.56 0.51 0.59 0.59 0.66 0.59
¥ LR—RF 0.70 0.71 0.62 0.56  0.67 0.97 0.55 0.43 0.82 0.72
S RF—LR 0.76* 0.77 0.65 0.61 0.93*0.98* 0.68 0.73 0.90 0.85

Table 5: F1 Macro classification scores. RF = RandomForest, LR = LogisticRegression. Bold: best in category per
dataset. *Best on dataset. Datasets whose units span more than one sentence are underlined.

BERTScore) perform on par with length baselines,
suggesting they respond to general text similarity
rather than simplicity. Among neural approaches,
SLE is the only measure showing a mild dimen-
sional preference, with slightly higher sensitivity to
Cohesion and Personalization. These flat profiles
are notable given that dimensions vary substantially
in their predictive power (RQ1) and transformation
magnitude (RQ?2). This means existing measures
respond similarly to dimensions that matter most
for comprehension and those that matter least. This
limits their usefulness and may partly explain their
poor correlation with simplicity ratings, which as
shown in RQI1 are driven by different dimensions
depending on the dataset. Because the six regres-
sors use disjoint feature sets, nothing forces their
predictions to agree. The flat profiles therefore re-
flect a lack of measure selectivity, not correlated
dimensions. Unsupervised composites confirm this
(Appendix G).

5 Conclusions

We showed that psycholinguistically-grounded sim-
plicity dimensions can predict simplicity ratings,
on most datasets, with dimension importance vary-
ing by population and text type (RQ1). We also
showed that simplification datasets vary signifi-
cantly in their transformation profiles: lexical and

syntactic dimensions dominate, while personaliza-
tion (despite being a strong predictor of perceived
simplicity) is consistently under-targeted (RQ2).
Finally, we showed that existing measures cap-
ture little of this dimensional structure, correlat-
ing weakly and indiscriminately across all dimen-
sions (RQ3). This work bridges psycholinguistic
research on text comprehension with ATS evalu-
ation. Grounding simplicity analysis in cognitive
theory does more than motivate it: it predicts rat-
ings, exposes blind spots current methods miss,
and explains failures single-score measures cannot.
We offer the framework as a basis for dimension-
aware measures and better-balanced simplification
datasets.

Limitations

There remains several limits to our claims, which
we outline here

Circularity in Observed Dimensional Impor-
tance. While we argue (based on relevant psy-
chology research) that dimensions beyond lexical
and syntactic simplicity matter for comprehension,
our empirical evidence for their importance is nec-
essarily limited by the datasets available. The ATS
field has historically focused on lexical and syn-
tactic transformations, meaning existing datasets
largely reflect this emphasis. As a result, dimen-
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sions such as personalization, cohesion, and co-
herence exhibit limited variance in these datasets,
which may attenuate both their observed effect
sizes (RQ?2) and their predictive power for human
judgments (RQ1). The lower influence we observe
for these dimensions may therefore reflect a data
artifact from dataset design and implementation,
rather than genuine unimportance. This circularity
can only be perfectly resolved with datasets explic-
itly designed to vary along all dimensions. This is a
field-level issue: Cardon and Dogrudz (2025) simi-
larly documents weak and inconsistent correlations
between readability measures, automatic metrics,
and human judgments across ATS datasets, attribut-
ing this to the lack of a well-defined construct in
the field.

Personalization Operationalization Scope. Our
personalization features cover the narrow opera-
tionalization on which the meta-analytic effect was
established (Strohmaier et al., 2023). Broader con-
ceptions of personalization in discourse studies
(engagement markers, hedges, boosters, and atti-
tude markers in the sense of Hyland (2005)) are
not captured by our lexical operationalization. Ex-
tending coverage to these would require dedicated
NLP tools and dimension-specific evaluation data,
and would also extend the construct beyond what
the meta-analytic evidence supports. Although
promising, the broader operationalization would
carry weaker theoretical grounding than the current
narrow one. Extending coverage in this direction
remains an open research direction.

Evaluation of Under-Represented Dimensions.
We also lack human-annotated datasets where
raters were specifically trained to evaluate con-
structs such as cohesion or coherence in ATS. It
is unclear whether human annotators can reliably
assess these dimensions on a numerical scale, as
opposed to holistic simplicity (annotators may not
have a clear intuition of what an “8” or a “2” in
cohesion means). Rather than relying on direct nu-
merical assessment, one potential solution would
be to evaluate along a distribution of texts known
to span a wide difficulty range: from texts aimed at
young children to scientific papers, through known
popular outlets. Building such benchmarks remains
an open challenge.

Feature and Dimensional Overlap. Several fea-
tures load on multiple dimensions (marked with *
in Table 6), meaning the dimensional separation is

not perfectly clean. While we train per-dimension
models on disjoint feature subsets after assignment,
the shared features introduce some conceptual over-
lap, notably between Lexical and Concept (e.g.,
both use features based on entity complexity). This
limits the interpretability of per-dimension com-
parisons, but remains a reasonable trade-off given
that these dimensions are not fundamentally inde-
pendent constructs, and that our evaluators are not
perfect. For example, entity complexity will inher-
ently be correlated with the lexical complexity of
the terms used to describe it, despite being seem-
ingly independent conceptually.

Language Specificity. Our operationalization re-
lies on English-specific resources: MRC psycholin-
guistic norms, CEFR profiling, the Academic Word
List, and the Harvard I'V-4 dictionary. The frame-
work’s dimensional structure is mostly language-
agnostic in principle, as it derives from universal
cognitive models (CI and CLT), but the feature-
level implementation does not transfer to other
languages without substantial adaptation. Lan-
guages that differ significantly from English, such
as logographic writing systems (e.g., Chinese) or
languages with free word order (e.g., Turkish,
Finnish), may require rethinking which features
are appropriate for each dimension (especially syn-
tax or cohesion).

Directionality of Changes. In RQ2, we mea-
sure the magnitude of change per dimension us-
ing |Az| but do not assess whether changes move
toward simplicity. We assume that transforma-
tions in aligned datasets are predominantly sim-
plifying, which is reasonable given their construc-
tion, but individual features may shift in the direc-
tion of greater complexity (e.g., increased nomi-
nalization despite overall simplification). More-
over, directionality is not always straightforward
at the feature level: for instance, a decrease in
efllex_ratio_B1 may indicate simplification if
compensated by an increase in efllex_ratio_A1
(shifting vocabulary toward a lower CEFR level),
but not if efllex_ratio_C1 increases instead. A
more fine-grained directional analysis would there-
fore require feature-level polarity annotations that
account for such interactions, which we leave to
future work.

Cognitive Mechanism Testing. The cognitive
mechanisms behind CI and CLT (working memory
load, propositional integration, expertise reversal,
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and so on) can only be tested directly with method-
ology from psycholinguistic experimentation (eye-
tracking, dual-task paradigms, fNIRS, and simi-
lar). Strohmaier et al. (2023) themselves do not
test these mechanisms directly; their meta-analysis
aggregates studies measuring comprehension out-
comes after text modifications. Our framework
operates at the same general level, using construct-
validated text features grouped by these dimensions.
Our results are about showing how predictive are
these features grouped by these dimensions. We
do not aim validate of the underlying cognitive
theories.
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A Feature List per Dimension
B Framework Comparison

Table 7 summarizes the comparison. The frame-
works differ less in feature coverage than in how
features are sourced and dimensions are organized.
Our framework aggregates construct-validated fea-
tures (TAACO for cohesion, MRC for psycholin-
guistic norms, CEFR/EFLLex for lexical sophisti-
cation, etc.) under dimensions derived deductively
from CI/CLT theory. TextEvaluator extracts eight
components via PCA on a heterogeneous feature
pool and labels them post-hoc; BATS aggregates 37
binary features from the literature without organiz-
ing them into dimensions. TextEvaluator addition-
ally covers narrativity and argumentation, which
fall outside the simplicity-focused scope of our
framework.

C Length Residualization

C.1 Motivation

Many linguistic features are inherently correlated
with text length (e.g., longer texts naturally have
more clauses, more discourse markers, higher type-
token ratios at certain scales). If left uncorrected,
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Table 6: Features retained after preprocessing, grouped by dimension. Features marked with * load on multiple
dimensions.

Dimension Features #

Lexical Simplicity avg_age_of_acquisition, dale_chall, smog, total_syllables
efllex_ratio_{al, a2, b1, b2, c1}
proportion_long_words_{letters_9, syllables_3, syllables_4}
ratio_infrequent_words_bats
taaco_{adj, adv, bigram_lemma, lemma, noun, prp, verb}_ttr
te_awl_ratio*, te_ratio_nominalizations_token*
unieval_fluency* 23

Syntactic Simplicity avg_words_before_main_verb, per_word_noun_phrases, token_count
ratio_{appositions, conditionals, modifiers, negations }
ratio_passive_voice_ext, ratio_past_tense_ext*
ratio_past_perfect_{bats, ext}
ratio_relative_clauses_{bats, ext}
ratio_subordinate_clauses
te_avg_{dependent_clauses, yngve_depth}, te_freq_long_sentences_25w
unieval_fluency* 18

Cohesion avg_distance_same_entities*, coco_avgTokenDistance*
taaco_addition, taaco_opposition, taaco_order, taaco_sentence_linking
taaco_adjacent_overlap_pronoun_sent
taaco_all_{causal, demonstratives, logical, negative, positive, temporal }
taaco_{coordinating_conjuncts, determiners, lexical_subordinators}
taaco_lsa_1_all_sent
taaco_positive_{causal, intentional, logical }
te_ratio_causal_conjuncts, unique_entity_total_entity_ratio_text 22

Discourse Coherence avg_distance_same_entities*, bbscore, couda_global, paragraph_count
coco_{activationDecayRate, activationMax, activationMin, activationStability }
coco_avgNodeDegree, coco_avgTokenDistance*, coco_complexityScore* 11

Concept Simplicity coco_complexityScore*, coco_entityDensity, entities_per_sentence
ratio_{cog_orient, institution}_gi
te_awl_ratio*, te_ratio_nominalizations_token* 7

Personalization & Engagement  ratio_{active, communicating, motivation, negativ, our}_gi
ratio_{ovrst, passive, positiv, self, undrst, you}_gi

te_ratio_pronouns_3rd_singular* 12
Total unique features 93
a model trained on these features may learn to pre- Squares model is fitted:
dict simplicity primarily through length rather than
through genuine linguistic simplification properties. f = DBo+ p1-word_count + ¢

We use length residualization so we can study the
effect of the variance not attributable to text length,
which can easily be studied separately.

where [y is the intercept, 31 is the regression
coefficient capturing the linear relationship
between the feature and word count, and ¢

C.2 Procedure represents the residuals. We use OLS via the
. ‘statsmodels.OLS‘ library, with an intercept
The procedure is as follows: N
erm.
1. Identifying length-correlated features: For 3. Replacing the feature with the residuals:
each feature f in the feature matrix, the Pear- The original feature values are replaced by the

son correlation r between f and the length
proxy (word count) is computed. A feature
is marked for residualization if |r| > 0.1 (a
deliberately low threshold to be conservative

so even weak length confounds are removed). C3

OLS residuals €. These residuals represent the
portion of the feature’s variance that is orthog-
onal to text length i.e., the feature value after
the linear effect of length has been subtracted.

Grouping Mode

2. Fitting an OLS regression: For every fea- Residualization is performed per-dataset: for
ture f flagged in Step 1, an Ordinary Least-  paired datasets (e.g., source and generated texts
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Ours TextEvaluator BATS
Lexical v Cl1,C4 v
Syntactic v c2 v
Cohesion v C7 partial
Concept Simplicity v C3 (partial) partial
Discourse Coherence v - -
Personalization v C5, C6 (partial) -

Dimensions not in ours

C6 (narrativity), -
C8 (argumentation)

Feature provenance
Dimension construction
Theoretical grounding

deductive from theory

construct-validated tools

feature pool literature aggregation
PCA on features -

CI/CLT comprehension theory — -

Table 7: Comparison across multidimensional ATS evaluation frameworks. TextEvaluator components labelled
C1-C8 following the component order in Sheehan et al. (2014). “Partial” indicates partial coverage of the dimension.

from the same corpus), both roles are pooled to-
gether before fitting the OLS model. This is im-
portant because fitting separate regressions per role
(source vs. generated) would introduce artificially
different intercepts/slopes between the two groups,
creating spurious separability in downstream dis-
crimination analyses. By using a single shared
regression across both roles of a dataset, genuine
linguistic differences between source and simpli-
fied texts are preserved.

C.4 Effect

After residualization, the mean absolute correla-
tion between residualized features and word count
drops to approximately zero, confirming that the
linear length confound has been effectively re-
moved. Features that were not correlated with
length (|r| < 0.1) are left unchanged.

D Williams Significance Tests

Figure 3 reports pairwise Williams significance
tests comparing the Pearson correlations of all
models with human judgments, for each anno-
tated dataset. A green cell indicates that the row
model correlates significantly more than the col-
umn model (p < 0.05). Models are sorted by de-
scending |r|.

Several patterns emerge. First, on SDA and D-
Wiki, the top-performing models (All Features RF,
Lexical RF, Syntactic RF, and stacked variants)
form a cluster with no significant pairwise differ-
ences, indicating that Lexical and Syntactic fea-
tures alone capture most of the predictive signal
on those datasets. On STsent, by contrast, stacked
models significantly outperform individual dimen-
sions, suggesting that multidimensional combina-
tion is most beneficial when no single dimension

dominates human judgments. Second, RF signif-
icantly outperforms LR on the same feature sets
across most datasets, indicating that nonlinear fea-
ture interactions contribute meaningfully to predic-
tion — a relevant consideration for future measure
design.

Third, Personalization / Style ranks significantly
below most other dimensions on SDA, STen, and
D-Wiki. Combined with the small effect sizes re-
ported in RQ2 (Table 4), this suggests that current
datasets not only under-target personalization but
that the resulting feature variance is too limited to
reliably predict human ratings. Finally, the rela-
tive ordering of dimensions shifts across datasets:
Cohesion and Discourse Coherence rank signifi-
cantly below Lexical Simplicity on SDA but are
not significantly different from it on STgep. This
confirms that simplicity is not a fixed hierarchy of
dimensions but a dataset-dependent structure, as
discussed in Section 4.1.

E Out-Of-Domain Generalization

Out-Of-Domain In Domain
Dataset ~ AF Stack Hybrid AF  Stack
SDA 0.61 0.57 0.64 074 0.74
ST-sent 0.12 0.11 0.57 0.74  0.75
ST-para 0.29 0.30 0.34 0.35 0.40

D-Wiki  0.43 0.45 0.50 0.71  0.69
0.34 0.36 0.51 0.64 0.64

Mean

Table 8: Transfer strategy results by dataset. Best single
donor as foreign source. AF being "All Features"

We want to evaluate whether dimension-level
representations generalize across datasets. The
question here is whether the per-dimension regres-
sors learn transferable properties of simplicity, or
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ST-sent (n=1620)

- 0.00
All (RF) - Stack RF>RF -
Lexical (RF) - All (RF) -
Stack RF-LR - Stack RF-LR -
Syntactic (RF) - Lexical (RF) -
Stack RF-RF - Cohesion (RF) -
Stack LR-RF - Concept (RF) -
Lexical (LR) - Discourse (RF) - 001
Stack LR-LR - Syntactic (RF) -
All (LR) - Stack LR-RF -
Syntactic (LR) - Style (RF) -
Concept (RF) - Lexical (LR) -
Cohesion (RF) - Stack LR-LR -
Cohesion (LR) - Concept (LR) -
Discourse (RF) - Discourse (LR) - 0.02
Concept (LR) - All (LR) -
Discourse (LR) - Syntactic (LR) -
Style (RF) - Cohesion (LR) - g
Style (LR) - Style (LR) - Tg
1
ST-para (n=271) D-Wiki (n=575) o
Q> > D LD
Qg‘& & »Qoé( «;é §§§\ & -Qﬁf e“‘é;‘é &3\@ ugqfé J$
(‘%\w\é\é’;&@@f@i@)@"&@d?\qf'd'?g\'&\' 0.03
FLEIFTFISTIISF TIPS LSF
amccnean- 1L | EEREEm—— i)
Style (RF) - .- . .- . Stack RFSLR -
All (RF) - | B B | L Stack RF-RF -
Syntactic (RF) - . . Lexical (RF) -
Stack RF—RF - . Syntactic (RF) -
Al (LR) - Lexical (LR) - 0.04
Cohesion (LR) - Stack LR=RF -
Lexical (LR) - Stack LR-LR -
Lexical (RF) - Discourse (RF) -
Syntactic (LR) - Cohesion (RF) -
Discourse (RF) - Syntactic (LR) -
Discourse (LR) - Concept (RF) -
Cohesion (RF) - All(LR) -
-0.05
Concept (LR) - Style (RF) -
Style (LR) - Discourse (LR) -
Concept (RF) - Cohesion (LR) -
Stack LR—RF - Style (LR) -
Stack LR-LR - Concept (LR) -

Figure 3: Pairwise Williams significance tests. A green cell indicates the row model correlates significantly more
than the column model (p < 0.05) with human judgments.

Transfer Strategies Comparison — RandomForest (cleaned)
(per-group stacking vs all-features)

107

745

ST-sent 2 A {4
068 571 740
573 737
SDA 8l A { ]
570 644 739
450 692
D-Wiki | A Ve
426 504 714 4@ Foreign All-Features
I Full Foreign Stacking
300 .402 A Hybrid Stacking
ST-para 40 a0 v ¥ In-Domain Stacking
290 335.354 @ In-Domain All-Features
0.0 0.2 0.4 0.8 1.0

|Pearson r|

Figure 4: Cross-dataset transfer performance (|Pearson rl) on different test dataset. Multiple setups are used including
completely foreign training (Foreign All-Features, full foreign stacking), full in-domain (In-Domain Stacking,
In-Domain All-Features) and Hybrid Stacking, where dimension classifiers trained Out-Of-Domain, are used to
train an in-Domain Stacked regressor
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just overfit to dataset-specific annotation patterns.
To study this, we compare five transfer strategies
with increasing access to target-domain data. For-
eign All-Features and Full Foreign transfer an en-
tire model trained on a foreign dataset, either as
a single regressor or as a full stacking pipeline.
These establish a lower bound on transferability.
Hybrid is the critical condition: it retains the for-
eign dimension-level base regressors but retrains
only the meta-learner on the target dataset via cross-
validation. If dimensions capture generalizable sig-
nal, then recalibrating their combination locally
should recover most of the in-domain performance,
even when the base regressors have never seen the
target data. Results are shown in Figure 4 and
Table 8. This is what we observe: Hybrid recov-
ers 80% of in-domain performance (0.51 vs 0.64),
while full foreign transfer remains weak (0.36).
The gap confirms that dimension-level represen-
tations transfer across datasets but their relative
importance does not, consistent with the dataset-
dependent patterns observed in RQ1.

F Pairwise Dimension Correlation

Figure 5 reports pairwise Pearson correlations be-
tween per-dimension regressor predictions on the
four rated datasets, and Table 9 reports the cross-
dataset average. Profiles vary substantially across
datasets, reflecting that simplification operations
are dataset-specific rather than dimension-specific:
a dataset that consistently co-modifies two dimen-
sions will produce correlated dimension scores
even if the underlying constructs are separable.
On SDA and D-Wiki, correlations are modest
(mazx(|r|) = 0.19 and 0.34 respectively). STsen is
mostly modest but with one notable exception: Dis-
course Coherence and Concept Simplicity correlate
at |r| = 0.63, likely reflecting features that load on
both dimensions (marked with * in Table 6). STpara
shows substantially higher correlations across most
pairs (maz(|r|) = 0.71 between Cohesion and
Syntactic Simplicity), consistent with the structural
problems with this dataset identified in §4.1 and
§4.2. Averaged across datasets, correlations are
modest (max(|r|) = 0.31), with Lexical Simplic-
ity showing the lowest average overlap with other
dimensions.

An important caveat: simplification datasets pro-
duce some correlation between dimension scores
even for perfectly orthogonal constructs, because
simplifications often target multiple dimensions si-

Lex Syn Coh Con Disc Pers
Lexical 1.00 - - - - -
Syntactic 0.21 1.00 - - - -
Cohesion 0.24 0.31 1.00 - - -
Concept 0.15 0.22 0.23 1.00 - -
Disc. Coherence 0.16 0.18 0.31 0.30 1.00 -
Personalization 0.09 0.16 0.17 0.18 0.15 1.00

Table 9: Cross-dataset averaged correlations between
dimension regressor predictions.

multaneously (a text receiving a lexical edit usually
also receives a syntactic edit). The observed corre-
lations therefore reflect correlated transformations
in the data, not necessarily correlated constructs.
Separating these would require datasets designed to
vary dimensions independently, which we discuss
in Limitations. The matrices should be read as an
upper bound on construct-level overlap rather than
a direct measurement of it.

G Composite Scores Correlation with
Metrics

In the main analysis (Section 4.3), dimension
scores are obtained from per-dimension regressors
trained on human judgments. While these regres-
sors are trained on disjoint feature subsets, meaning
differential correlations across dimensions may re-
flect genuine measure sensitivity rather than just
shared prediction targets. We verify this by replicat-
ing the analysis using two unsupervised alternatives
that involve no training on human ratings.

The first method aggregates features within each
dimension by averaging their z-scores across all
features belonging to that dimension, for each text
independently. This produces a single unsuper-
vised score per dimension per text, where all fea-
tures contribute equally. (Figure 7).

The second extracts the first principal compo-
nent per dimension, capturing the dominant axis of
variance within each feature group (Figure 6).

Absolute correlations are lower in both cases
(maz(|r]) ~ 0.13 for z-composite, ~ 0.18 for
PCA, compared to =~ 0.38 for regressor-based
scores), which is expected: unsupervised aggre-
gation weights all features equally or by variance
rather than by relevance to perceived simplicity,
diluting signal from the most informative features.
Despite this, the key patterns from the main analy-
sis hold. First, Lexical Simplicity remains the di-
mension most strongly associated with the majority
of measures, including FKGL, SLE, and Claude-
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Figure 5: Pairwise Pearson correlations between dimension regressor predictions on the four rated datasets.
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Figure 6: Mean absolute Pearson correlation (Irl) be-
tween measures and unsupervised dimension scores
(first PCA component per dimension), averaged across
4 datasets (D-Wiki, SDA, ST-para, ST-sent).
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Figure 7: Mean absolute Pearson correlation (Irl) be-
tween measures and unsupervised dimension scores
(mean of z-scored features per dimension), averaged
across 4 datasets (D-Wiki, SDA, ST-para, ST-sent).

based evaluators. Second, no measure shows strong
selective sensitivity to any single dimension — pro-
files remain relatively flat across dimensions. Third,
Discourse Coherence, Concept Simplicity, and Per-
sonalization remain poorly captured by most evalu-
ation measures. The convergence of supervised
and unsupervised approaches on these patterns
strengthens our conclusion that existing measures
are weakly and indiscriminately coupled to the di-
mensional structure of simplicity.

H Reproducibility

All measures reported in this paper are imple-
mented in a unified Python library, SIMPSY,
released at https://github.com/bVendeville/
Simpsy. It covers the 445-feature pool de-
scribed in §3.3, the 93-feature residualized
subset after preprocessing, and the baseline
measures (FKGL, BLEU, SARI, D-SARI,
BERTScore, = LENS-SALSA, SLE). The
analysis code and data are released sepa-
rately at https://github.com/bVendeville/
beyond-lexical-and-syntactic, comprising
the dimension regressors and classifiers used
in §4.1 and §4.2, the evaluation notebooks for
reproducing the analyses, and the scored datasets
for the four rated and six aligned datasets used in
this paper.

I LLM Evaluation

We use Claude Haiku (claude-haiku-4-5-20251001)
as our LLLM-as-a-judge. Table 10 summarizes the
configuration.

Parameter Value

Model claude-haiku-4-5-20251001
Temperature 0

max_tokens 10

Rate limiting 20 requests/second

Max retries 3 (exponential backoff)

Table 10: Details of the claude LLM-as-a-judge evalua-
tion setup

Listing 1: Claude Prompt

Given the original text, its simplification,
— and human reference simplifications,
< rate the simplification on a scale of
— 1-10:

46190
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- 1 = Poor (doesn't improve readability, loses
< meaning, or much worse than references)

- 10 = Excellent (greatly improves readability,
< preserves meaning, comparable to
— references)

Original: "{orig}”

Simplified: "{simp}"

Human references: "{refs}"

Respond with ONLY a single integer from 1 to 10.

J Datasets Samples

SDA - Score: 37.87/100, higher=simpler

Source: Gable also earned an Academy Award
nomination when he portrayed Fletcher Christian in
1935’s Mutiny on the Bounty.

Simplified: Gable earned an Academy Award
nomination he portrayed Fletcher Christian.

ASSET

Source: Prior to the arrival of the storm, the National
Park service closed visitor centers and campgrounds
along the outer banks.

Simplified: Before the storm came to the National
Park service, the National Park service closed places
and campgrounds along the outer banks.

ST-sent - Score: 1/14

syntax=1/7, lexical=1/7
lower=simpler

Source: Inappropriate use of medicines increases the
risk of hospital admissions for the elderly.
Simplified: misusing medicines harms the elderly.
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ST-para - Score: 2.165/14
syntax=1/7, lexical=2.33/7

higher=simpler

Source: As various kinds of output devices emerged,
such as highresolution printers or a display of
PDA(Personal Digital Assistant), the importance
of high-quality resolution conversion has been
increasing. This paper proposes a new method for
enlarging image with high quality. One of the largest
problems on image enlargement is the exaggeration
of the jaggy edges. To remedy this problem, we
propose a new interpolation method, which uses
artificial neural network to determine the optimal
values of interpolated pixels. The experimental
results are shown and evaluated. The effectiveness
of our methods is discussed by comparing with the
conventional methods.

Simplified: in this paper, we propose a new method
for resolution conversion paper proposes a new
method for enlarging image with high quality. image
enlargement’s exaggeration of jaggy edges is one of
the largest problems. to fix this issue, we suggest a
new method that uses a computer brain to find the
best values for filling in pixels. experimental results
are shown and evaluated. efecundity of our methods
is discussed by comparing with the conventional
methods.

D-Wiki - Score: 4/5, higher=simpler

Source: on 22 january 2019 , floods caused by
heavy rainfall struck the indonesian province of
south sulawesi . at least 68 people were killed
and thousands were displaced . gowa regency was
particularly hard-hit , experiencing the majority of
the fatalities.the most destructive flood was caused
by the overflowing of the jeneberang river and the
opening of the watergates of the bili-bili dam in
gowa , though other floods also occurred elsewhere
in the province .

Simplified: on 22 january 2019 , floods caused
by heavy rainfall hit the indonesian province of
south sulawesi . at least 68 people were killed
and thousands were lost . gowa regency was
hard-hit having the majority of the fatalities.the most
destructive flood was caused by the overflowing
of the jeneberang river and the opening of the
watergates of the bili-bili dam in gowa , though other
floods also occurred elsewhere in the province .




