
Proceedings of the Joint Workshop on Readability and Text Simplification (READIxTSAR) @ LREC 2026, pages 193–209
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

193

A Meta-evaluation of Automatic Metrics for Elaborative
Simplification

Abdullah Alshatti, Steven Schockaert, Fernando Alva-Manchego
School of Computer Science and Informatics, Cardiff University, UK

{AlshattiAM, SchockaertS1, AlvaManchegoF}@cardiff.ac.uk

Abstract
Elaborative simplification aims to improve the readability of texts by adding content that helps the readers. However,
evaluating these elaborations remains challenging due to their subjective nature and the lack of suitable annotated
datasets. To support the evaluation of elaborative simplification models, we introduce a new dataset with human
ratings of elaborations generated by Large Language Models (LLMs), focusing on two quality criteria: cohesion and
informativeness. Using these human judgments as a reference, we conduct a meta-evaluation of existing automatic
evaluation approaches, with a focus on LLM-as-a-judge strategies. Our experiments suggest that evaluations made
by smaller LLMs correlate poorly with human judgments, while larger models with structured prompting exhibit higher
agreement. Informativeness evaluation proved to be challenging due to its subjectivity, as evidenced by the low
inter-annotator agreement compared to cohesion.
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1. Introduction

Elaborative simplification improves readability by
adding explanations or information aligned with the
original text’s meaning and context (Srikanth and Li,
2021). Table 1 illustrates such an elaboration. The
quality of elaborations is crucial, as inaccuracies
or poorly worded extra information may render the
text nonsensical and harder to understand (Long
and Ross, 1993; Shardlow, 2014).

However, a critical gap exists in evaluating elabo-
rative simplification, as traditional reference-based
metrics have proven inadequate due to their re-
liance on lexical overlap with fixed references
(Srikanth and Li, 2021). Even embedding-based
metrics such as BERTscore (Zhang et al., 2020)
are often poorly correlated with human judgments
of quality (Moramarco et al., 2022; Li et al., 2024;
Kryscinski et al., 2020; Fabbri et al., 2021). Overall,
while traditional automated metrics offer scalability
and objectivity, often fall short in generative tasks.

A potential solution is to rely on LLM-as-a-judge
approaches, where the quality of elaborations is
assessed by prompting an LLM, eschewing the
need for reference answers. However, there are
currently no annotated datasets that can be used
for evaluating the reliability of LLM judges in elab-
orative simplification, nor is there a standardized
framework that can be used for designing suitable
rubrics to assist them.

In this paper, we address this gap by introducing
ElabEval, a manually annotated dataset of elabora-
tion quality.1 Specifically, we collect human quality
ratings for LLM-generated elaborations for anchor

1Resources available on: https://github.com/
Abdullah-alshatti/ElabEval

Context: Anderson became interested in people like
Landa when she noticed something strange about a call
center near her house.
Elaboration: Workers at call centers help people over
the phone.

Table 1: Example of an elaboration from ElabQUD
(Wu et al., 2023), answering the implicit question
under discussion: What do call centers do?

sentences from the ElabQUD dataset (Wu et al.,
2023). Our annotations cover two aspects of qual-
ity: (i) cohesion, measuring the extent to which
an elaboration is sensible within the given context,
and (ii) informativeness, measuring how useful the
provided information is likely to be to the reader.

Using this dataset, we conduct a meta-evaluation
of standard reference-based metrics and reference-
free LLM-as-a-judge approaches. We also lever-
age the LLM-as-a-Judge approach to provide a
scalable alternative to human assessment and com-
pare its reliability against both traditional automatic
metrics and human judgments, employing a vari-
ety of LLMs to evaluate elaborations, ensuring a
more comprehensive assessment across model
sizes and architectures. Our analysis confirms
that standard metrics, which rely on comparing
the generated elaborations with reference elabo-
rations from the ElabQUD dataset, perform poorly.
When it comes to (reference-free) LLM judges, we
found smaller models to perform surprisingly poorly,
barely outperforming random guessing. However,
we also found that frontier models such as gpt5
can provide reliable assessments when sufficiently
detailed instructions are provided.

Overall, our results show that the proposed

https://github.com/Abdullah-alshatti/ElabEval
https://github.com/Abdullah-alshatti/ElabEval
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dataset provides a realistic reference for meta-
evaluating automatic evaluation methods for elabo-
rative simplification, while also revealing the current
limitations of LLM-as-a-judge approaches.

2. Related Work

Datasets. Srikanth and Li (2021) introduced the
term “elaborative simplification” to describe con-
tent addition in text simplification to improve read-
ability. Through crowdsourcing, they collected a
dataset of 1.3K naturally occurring elaborations in
the Newsela corpus (Xu et al., 2015) focusing on
the contextual aspect for these elaborations. Based
on this annotated dataset, Wu et al. (2023) used
human annotation and encoder-decoder models
to generate an implicit Question Under Discussion
(QUD) to help guide LLMs in producing contex-
tually relevant elaborations. Laban et al. (2023)
created the SWIPE dataset, which reconstructs
the document-level editing process from English
Wikipedia (EW) articles to paired Simple Wikipedia
(SEW) articles by leveraging the entire revision his-
tory during the pairing process in order to better
identify simplification edits. In addition to other
types of simplifications, this dataset contained in-
stances of elaboration as well.

Since the quality of Wikipedia-based datasets in
simplification is questioned (Trokhymovych et al.,
2024), we opted for ElabQUD, which is the
Newsela corpus, a professionally curated resource
of English-language texts. This choice ensured
higher data quality while also introducing QUD-
based elaboration structures that enriched the di-
versity of our dataset.

Methods. Existing approaches to generate elab-
orative simplifications mainly use Transformer
(Vaswani et al., 2017) based models , relying on
prompting and fine-tuning of pre-trained language
models. For example, Srikanth and Li (2021) fine-
tuned GPT-2 (Radford et al., 2019), using the sim-
plest texts in Newsela and their annotated elabo-
rations, then provided the model with the text pre-
ceding the elaboration in a simplified text as input,
and the model would generate the elaboration as
output. Wu et al. (2023) used GPT-3 (Brown et al.,
2020) for zero-shot elaboration generation, experi-
menting with including an automatically generated
and manually written QUD in the prompt, finding
that the latter type produced the best elaborations.
For German, Hewett et al. (2024) used Meta-Llama-
3-8B-Instruct (Grattafiori et al., 2024) as both out-
of-the-box model and fine-tuned on B1 and A2 Ger-
man texts, following the CEFR language proficiency
framework. They also used prompt variations to
generate elaborations with generic, background,
and contextual information.

These approaches are also used in definition
generation, a related task. Yarbro and Olney (2021)
used a dataset containing words definitions and a
list of contexts associated them to fine-tune a GPT-
2 based model to generate definitions for English
words with only the word and a context as inputs.
Asthana et al. (2024) used four LLMs: GPT-4 (Ope-
nAI, 2024), PaLM-2 (Anil and et al, 2023), Falcon-
40b (Almazrouei et al., 2023), and BLOOM-176b
(Workshop et al., 2023). They provided the models
with the term, definition, and difficult concept and
used two types of prompts that reflect two simplifica-
tion strategies, to rewrite the definition by adding an
explanation for the difficult concept and to rewrite
the definition and simplify the difficult concept word.

We adopted an approach similar to these works
to generate elaboration instances for our dataset.
We provide the LLM models with the contexts
that need to be elaborated on, using two types
of prompting approaches: QUD-based prompting
and a descriptive prompt without specifying the
elaboration type that needs to be generated.

Evaluation. Previous work on elaborative simplifi-
cation (Wu et al., 2023; Laban et al., 2023) reported
automatic metrics scores like BERTScore (Zhang
et al., 2020), BLEU (Papineni et al., 2002) and
SARI (Xu et al., 2016) for completeness but relied
on humans to evaluate the elaborations through
comparing various elaborations based on how co-
herent and elaboration-like they are. These works
did not provide clear definitions of what that means,
making the evaluations vague, unspecified, and
reliant on the interpretation of the evaluators.

Existing text simplification metrics face significant
limitations when evaluating elaborative simplifica-
tion compared to standard simplification; current
metrics either aggregate meaning preservation and
simplification into single overall scores or target only
meaning preservation, confirming that no single au-
tomatic metric captures all necessary evaluation cri-
teria (Cripwell et al., 2024; Alfear et al., 2024; Guo
et al., 2024; Alva-Manchego et al., 2021). Such
approaches penalize novel content generation, re-
sulting in poor correlation with human judgments
(Li et al., 2024; Barayan et al., 2025).

Studies in Natural Language Generation tasks
have found the LLM-as-a-judge approach can
achieve high correlation with human judgments
(Wang et al., 2025), outperforming traditional auto-
matic metrics in this respect (Nguyen et al., 2024;
Chen et al., 2023). We also found the LLM-as-a-
judge approach to be suitable for evaluating elab-
orations, as they have an extensive output space
and cannot be fully captured by a fixed number of
references. However, for this to work, appropriate
criteria for evaluating the quality of the elabora-
tions need to be established first. We introduce
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an explicit evaluation framework for elaborative
simplification that evaluates the elaborations via
a two-stage rubric: annotators first make a binary
cohesion judgment (filtering out irrelevant, incon-
sistent, or merely repetitive elaborations) and then
rate only cohesive outputs for informativeness on
a three-level scale.

3. The ElabEval Dataset

This section describes the curation of ElabEval, our
annotated English dataset for the meta-evaluation
of elaboration quality, i.e. for assessing the reliabil-
ity of elaboration evaluation metrics.

3.1. Curation of Elaborations
Source Texts. We selected 100 news articles
from ElabQUD (Wu et al., 2023) to use as contexts
for the elaborations in our dataset. In ElabQUD,
for each context, both an implicit Question Under
Discussion (QUD) and an elaboration are provided.
As context for each elaboration, we considered up
to 5 sentences prior to the elaboration, following
the same setup as Srikanth and Li (2021). The
source text underwent a preprocessing step that
involved removing the special characters to provide
the context as a single clean input to the LLMs.2

LLM-Generated Elaborations. To obtain a
dataset covering a wide range of elaboration qual-
ity, we first observed that smaller LLMs produce
highly variable outputs. Based on this, we se-
lected two such models to generate elaborations
for our dataset: DeepSeek-R1-Distill-Qwen-7B3

(Guo et al., 2025) and FLAN-T5_Instruct-Mistral7B4

(Jiang et al., 2023). These models were chosen
because they are open-weight, supporting repro-
ducibility, and they consistently produced a mix of
high- and low-quality elaborations. Both models
were accessed via the Hugging Face Transform-
ers library. They were used with all parameters
set to default values, and the maximum generated
elaboration length was capped at 100 tokens to
ensure comparability across the models. For each
context, we generated four elaborations (one for
each prompt type and model). For each source
context, the LLMs were instructed to generate an
elaboration using the following two prompts:

• Descriptive Prompt: We provide specific in-
structions for the elaboration generation task

2The QUD framework views each sentence as the an-
swer to an implicit or explicit question from prior context.

3https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-7B

4https://huggingface.co/SanketAI/
FLAN-T5_instruct-mistral7b

with a target length of one sentence. The
prompt was: “You are tasked with generat-
ing a brief elaboration of one sentence from a
given context. The context will be in the form of
a paragraph consisting of multiple sentences.
You’re required to generate an appropriate new
sentence that adds to the reader’s understand-
ing of the context in a clear and coherent way.
Ensure the new sentence is concise and di-
rectly relevant to the information presented.
Context: {sentence} Answer: ”

• QUD: We mirrored the methodology of (Wu
et al., 2023), creators of ElabQUD. Specifically,
the model was provided with inputs structured
in the following format: “Context: < context >,
Question: < question >, Answer:”

3.2. Collecting Human Judgments
Concerns have been raised regarding the declin-
ing quality of outputs generated by widely used
crowdsourcing platforms, such as Amazon Mechan-
ical Turk (MTurk) (Chmielewski and Kucker, 2020).
In addition, several specialized services, includ-
ing FigureEight, have become unavailable for aca-
demic research following their acquisition by com-
mercial entities (Gilardi et al., 2023). These con-
cerns led us toward the recruitment of annotators
with verified competencies. Although this strategy
enhanced the reliability of the resulting data, it si-
multaneously imposed constraints on the attainable
scale of the dataset.

Annotators. We recruited three native English-
speaking evaluators: two postgraduate students
with backgrounds in linguistics and a non-academic
staff member. They were selected from a pool of
11 candidates based on a qualification task that as-
sessed their understanding of the annotation guide-
lines (available in Appendix A).

Annotation Criteria. We focused on two primary
criteria to assess elaborations: cohesion and in-
formativeness. Cohesion is meant to be more ob-
jective, focusing on whether a given elaboration
“makes sense”, and is thus evaluated as a binary
property. More precisely, for an elaboration to be
cohesive, it should:

1. maintain relevance to the given context;

2. be free from logical inconsistencies;

3. not contain any misleading examples; and

4. not merely repeat parts of the original text.

Informativeness assesses the utility of the provided
information, relative to the given context. Given

https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/SanketAI/FLAN-T5_instruct-mistral7b
https://huggingface.co/SanketAI/FLAN-T5_instruct-mistral7b
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Figure 1: Screenshot of the annotation tool inter-
face

the subjective nature of this criterion, it was evalu-
ated using a three-point Likert scale. In particular,
an elaboration is said to be uninformative if it of-
fers no useful information for understanding the
context, somewhat informative if it provides basic
information that might benefit some readers, and
informative if it would benefit most readers (e.g. by
providing in-depth perspectives).

Annotation Tool. To collect the human ratings,
we used the "thresh" annotation tool (Heineman
et al., 2023), which is a customizable open-source
platform for textual annotation.5 Figure 1 shows
a screenshot of our annotation interface created
using this tool.

Annotation Process. Each annotator evaluated
500 elaborations: 100 gold-standard elaborations
from ElabQUD and 400 generated by LLMs. For
each instance, annotators first provided a cohe-
sion judgement. Since incohesive elaborations are
not informative, only those judged to be cohesive
by an annotator were subsequently assessed for
informativeness by the same annotator. As a re-
sult, informativeness ratings are only available for
226 out of the overall 500 instances: 165 have
three evaluations for informativeness, 61 have two
evaluations, and 5 instances have just one. In our
analysis of informativeness, we only focus on those
instances with three informativeness annotations.
We convert the three ratings to a single value by
summing them. By interpreting the individual rat-
ings numerically, on a scale from 1 to 3, we thus
obtain an overall informativeness score between 3
and 9. For cohesion, the final label was obtained
via majority voting based on the scores given by
the annotators.

5https://github.com/davidheineman/
thresh

System Level 1 Level 2 Level 3
Golden Elaborations 18 52 25

T5-Mistral (DP) 8 2 0
(QUD) 12 13 6

DeepSeek-R1-
Qwen

(DP) 9 15 13
(QUD) 18 28 7

Table 2: Distribution of informativeness labels
(Level 1: Uninformative, Level 2: Somewhat In-
formative, Level 3: Informative) for the golden elab-
orations, the systems and prompting methods used:
(DP) Descriptive Prompt and (QUD) Questions Un-
der Discussion.

System Cohesive Incohesive
Golden Elaborations 95 5

T5-Mistral (DP) 10 90
(QUD) 31 69

DeepSeek-R1-
Qwen

(DP) 37 63
(QUD) 53 47

Table 3: Distribution of cohesion labels for the
golden elaborations, and for the elaborations gen-
erated by two LLMs and two prompting strategies:
(DP) Descriptive Prompt and (QUD) Questions Un-
der Discussion.

3.3. Annotation Analysis

We measured inter-annotator agreement using Krip-
pendorff’s α (Krippendorff, 1980) and Fleiss’ κ
(Fleiss, 1971). Cohesion achieved moderate agree-
ment (α = 0.61, κ = 0.61), with unanimous judg-
ments in 356 out of 500 instances (71.2%). In
contrast, agreement for informativeness was fair
(α = 0.24, κ = 0.08), reflecting the more subjec-
tive nature of this criterion. Table 2 shows the dis-
tribution of informativeness labels in our dataset.
Among the 226 instances judged as cohesive using
annotator majority vote, agreement on informative-
ness was observed in only 38 cases (16.8%), with
26 labeled as somewhat informative, 5 as uninfor-
mative, and 7 as informative. This suggests that
human annotators rarely agree on the informative-
ness of an elaboration, likely because this aspect
is subjective and highly dependent on individual
prior knowledge. Consequently, this resulted in sig-
nificant data sparsity, which constrained our ability
to conduct a fine-grained evaluation of informative-
ness. Nonetheless, these agreement levels provide
a realistic reference point for our meta-evaluation.

The distribution of cohesion values across the
final annotated dataset is presented in Table 3. The
table indicates that elaborations generated by T5-
Mistral were of lower quality relative to those pro-
duced by DeepSeek-R1-Qwen. Furthermore, the

https://github.com/davidheineman/thresh
https://github.com/davidheineman/thresh
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results demonstrate that elaborations generated
using the QUD approach yielded higher quality in-
stances compared to the Descriptive Prompt ap-
proach. Surprisingly, five of the ‘gold’ instances
from the ElabQUD corpus were in fact identified
as incohesive by our annotators. Upon manual re-
view, four of these five incohesive instances were
confirmed to be indeed incohesive based on the
context, suggesting that even reference corpora
like ElabQUD contain instances that do not meet
our cohesion criteria.6 We further analyzed the
356 elaborations with unanimous cohesion judg-
ments (166 cohesive and 190 incohesive). Manual
inspection of the incohesive cases revealed sev-
eral recurring issues: 103 elaborations contained
text repetitions, 59 were logically inconsistent with
the context, 27 included hallucinations, and 1 con-
tained a misleading example.

4. Meta-evaluation of Automatic
Metrics

In this section, we analyze how well existing strate-
gies for evaluating elaboration quality correlate
with human judgments, focusing on traditional
reference-based metrics (Sec. 4.1) and (reference-
free) LLM-based judgments (Sec. 4.2). For cohe-
sion, we used a balanced subset of 462 instances
with the same number of cohesive and incohesive
instances. For informativeness, we used a subset
of 146 instances that all annotators rated as co-
hesive, thus having three evaluations, where we
also excluded instances that had extreme rating
disagreements (i.e. being labeled as uninformative
by one annotator and informative by another).

4.1. Reference-based Metrics
To the best of our knowledge, there are no auto-
mated metrics specifically tailored for evaluating
elaborative simplifications. For our study, we se-
lected three standard metrics similar to those uti-
lized in earlier works (Srikanth and Li, 2021; Wu
et al., 2023):

• BLEU (Papineni et al., 2002) measures the pre-
cision of n-grams in a candidate elaboration
compared to a reference. We used the imple-
mentation available in the Evaluate library.7

• METEOR (Banerjee and Lavie, 2005) goes
beyond exact word matches by incorporating
stemming and synonymy, for a better measure
of semantic equivalence. We used the imple-
mentation available in the Evaluate library.

6See Appendix D for a discussion of these instances.
7https://huggingface.co/docs/evaluate/

index

Cohesion Informativeness
AUC Spearman ρ

BERTscore F1 0.55 ± 0.12 0.26 ± 0.30
BLEU 0.55 ± 0.11 0.27 ± 0.32
Meteor 0.52 ± 0.12 0.19 ± 0.32

Table 4: Meta-evaluation of reference-based met-
rics.

• BERTScore (Zhang et al., 2020) leverages
contextual embeddings from pre-trained lan-
guage models to capture semantic similarity
that goes beyond mere lexical overlap. In our
study, we calculated the BERTScore F1 metric
using distilbert-base-uncased as the contex-
tual embedding model, relying on the imple-
mentation available in the Transformers library,
chosen for better computational efficiency.8

These automatic metrics allow us to rank the
elaborations from best to worst, and we assess how
well these rankings agree with the human ratings.
We used the gold elaborations from ElabQUD as
reference texts and compared the automatic-metric
scores with the collected human ratings. For co-
hesion, which is a binary feature in our dataset,
we use the Area under the ROC Curve (AUC).
For informativeness, we assess rank correlation
between metric scores and the ordering induced
by aggregated human ratings using Spearman’s ρ.
The results in Table 4 confirm that reference-based
metrics perform poorly for elaboration evaluation.
For cohesion, the AUC scores are close to the ex-
pected performance of random guessing (0.5). For
informativeness, we see a weak (but statistically
significant) positive correlation.9

4.2. LLM Judges
We experimented with 6 open-weight models of
various sizes (falcon-3-7b, mistral-7b, gemma-3-4b-
it, llama-3.1-8b, qwen3-next-80b, deepseek-chat-
v3.1), and three closed-weight models (gpt5, gpt4o,
gpt4o-mini). The LLMs were prompted with three
configurations:

• Full Guidelines: prompts mirroring the com-
prehensive instructions given to human anno-
tators;

• Concise Prompt + CoT: a condensed version
of the guidelines (omitting examples) with a
Chain-of-Thought (CoT) approach;

• Full Guidelines + CoT: the complete human
guidelines combined with CoT.

8https://huggingface.co/docs/
transformers/en/index

9p-value are (0.0014) for BERTscore, (0.0011) for
BLEU, and (0.0197) for Meteor.

https://huggingface.co/docs/evaluate/index
https://huggingface.co/docs/evaluate/index
https://huggingface.co/docs/transformers/en/index
https://huggingface.co/docs/transformers/en/index
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Cohesion Informativeness
Acc Spearman ρ

Fu
ll

G
ui

de
lin

es

gpt4o 0.84 ± 0.06 0.53 ± 0.25
qwen3-next-80b 0.82 ± 0.06 0.40 ± 0.29
gpt5 0.78 ± 0.07 0.49 ± 0.25
deepseek-chat-v3.1 0.75 ± 0.07 0.47 ± 0.28
gpt4o-mini 0.64 ± 0.08 0.54 ± 0.23
falcon-3-7b 0.58 ± 0.09 0.48 ± 0.24
gemma-3-4b-it 0.53 ± 0.09 0.27 ± 0.29
llama-3.1-8b 0.50 ± 0.08 0.41 ± 0.28
mistral-7b 0.48 ± 0.09 0.16 ± 0.35

C
on

ci
se

Pr
om

pt
+

C
oT gpt4o 0.84 ± 0.06 0.55 ± 0.24

gpt5 0.81 ± 0.07 0.43 ± 0.27
qwen3-next-80b 0.75 ± 0.08 0.46 ± 0.28
deepseek-chat-v3.1 0.71 ± 0.08 0.48 ± 0.23
gpt4o-mini 0.64 ± 0.08 0.52 ± 0.23
falcon-3-7b 0.61 ± 0.09 0.48 ± 0.25
gemma-3-4b-it 0.57 ± 0.08 0.46 ± 0.24
llama-3.1-8b 0.54 ± 0.08 0.45 ± 0.27
mistral-7b 0.50 ± 0.09 0.37 ± 0.27

Fu
ll

G
ui

de
lin

es
+

C
oT gpt5 0.86 ± 0.06 0.44 ± 0.26

gpt4o 0.84 ± 0.06 0.59 ± 0.22
qwen3-next-80b 0.75 ± 0.07 0.46 ± 0.29
deepseek-chat-v3.1 0.70 ± 0.08 0.41 ± 0.27
gpt4o-mini 0.66 ± 0.08 0.50 ± 0.22
falcon-3-7b 0.59 ± 0.08 0.48 ± 0.24
llama-3.1-8b 0.56 ± 0.08 0.45 ± 0.26
gemma-3-4b-it 0.53 ± 0.08 0.43 ± 0.26
mistral-7b 0.47 ± 0.09 0.37 ± 0.28

Table 5: LLM evaluation results for cohesion and
informativeness, with 95% confidence intervals.

The LLM-based evaluation does not rely on refer-
ence answers, and we separately prompt the mod-
els to assess cohesion and informativeness. For
cohesion, the models generate a binary judgment.
For informativeness, we tested two approaches:
asking the models to use a 7-point scale (mimick-
ing the combined human ratings) and asking for an
informativeness degree between 0 and 100. For
this analysis, we used the latter, as it performed
better based on the average values of 3 runs.10

Table 5 shows that all three prompting strategies
perform similarly. The Full Guidelines + CoT config-
uration produced the overall best results for evaluat-
ing cohesion, while Concise Prompt + CoT yielded
the overall best results for informativeness. Com-
paring the different models, we can see a strong
correlation between model size and the results for
cohesion, with gpt5, gpt4o and qwen3-next-80b per-
forming particularly well. In contrast, the smaller
models are not capable of assessing cohesion to a
meaningful extent, with performances around ran-
dom guessing. For informativeness, the results
show a moderate agreement with the human rat-

10Appendix B compares the two evaluation ap-
proaches.

Error Type Count
Text Repetitions 103
Logical Inconsistency 59
Hallucinations 27
Misleading examples 1

Table 6: Overview of errors in clear-cut "Incohesive"
instances

Model INC REP HAL
gpt4o-mini 5 5 0
gpt4o 2 1 0
gpt5 4 4 1

Table 7: Prevalence of different error types among
the clear-cut cases of cohesion prediction: Logical
Inconsistency (INC), Text Repetitions (REP) and
Hallucinations (HAL).

ings, and the impact of model size is less clear (e.g.
gpt4o-mini performing similarly to gpt4o).

4.3. Analysis

We further analyse the predictions of the GPT mod-
els, which performed best on our experiments.

4.3.1. Cohesion

To more effectively examine the false positives in
the GPT models’ cohesion predictions, we used
a dedicated subset of 356 instances in which all
annotators unanimously agreed on the cohesion
label. Table 6 summarizes the error categories ob-
served among the incohesive instances within this
subset. Table 7 shows the frequency of each fault
type among the elaborations that the GPT models
failed to correctly identify as incohesive per error.
While the overall number of false positives is small
in these clear-cut cases, it is surprising that even
gpt5 fails to detect some repetitions and logical in-
consistencies, despite being explicitly prompted to
regard such cases as incohesive.

We observed instances where even the largest
models (gpt4o and gpt5) misclassified texts as co-
hesive despite the presence of text repetitions; Ta-
ble 8 presents an example of this phenomenon.
Furthermore, 10 cohesive instances that achieved
the highest level of informativeness by the human
annotators were unanimously identified as incohe-
sive by all GPT models; an example of such a case
is presented in Table 9. This indicates that despite
being provided with the same guidelines as the hu-
man annotators, the LLMs did not fully understand
the nature of the cohesion criterion.
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Context: The reason why is complicated. They
said its genes were too much like the genes of other
giraffes. All plants and animals have genes. They
play a big part in what animals and plants look and
act like. Genes are passed down from parents.
Elaboration: Genes are passed down from parents
to children.

Table 8: Example of an incohesive instance con-
taining text repetition misclassified as cohesive.

Context: Then about 6 million years ago another
big change occurred. Big cats split into several differ-
ent species. They became lions, tigers, jaguars and
leopards. But there’s a problem: What scientists find
by looking at big cat DNA doesn’t agree with what
the fossils tell them. Scientists are hoping to figure
out where big cats first appeared.
Elaboration: This period was known as the Meso-
zoic Era. This was a time of great diversity and evo-
lution.

Table 9: Example of a cohesive instance misclassi-
fied as incohesive.

4.3.2. Informativeness

Figure 2 plots gpt4o informativeness predictions
against the combined human ratings. The model
defaults to predict that elaborations are uninforma-
tive, with a clear cluster of predictions around a
z-score of -1, and a smaller cluster around 0.5.
Such values are also predicted for elaborations
that humans judged as highly informative. In con-
trast, elaborations rated as the least informative by
humans never receive the highest scores by the
model. This shows that the model is more prone
to underscoring informative elaborations, than to
overscoring uninformative ones.

One challenge in this evaluation was the incom-
patibility between model predictions (0-100 scale)
and the aggregated human judgments (discrete

Figure 2: gpt4o Informativeness evaluation scatter
plot.

Context: To reward his children, his father would
bring books home. Usually, they were used books
that cost just 5 cents. Billington is 85 years old. Even
so, he does not plan to stop working anytime soon.
He hopes to keep making it easier for people to use
the library’s huge collection.
Elaboration: He feels a sense of accomplishment
and satisfaction.

Table 10: Example of an instance underscored by
all GPT models in informativeness.

3-9 scale). To enable a meaningful statistical com-
parison (e.g. for the scatter plot in Figure 2), we
applied z-score standardization to both predicted
and ground truth values.

Finally, Table 10 shows an example that was
underscored by the GPT models. These instances
tend to be short elaborations (around 10-15 words)
that provide factual background information rather
than direct explanations.

5. Conclusion

In this paper, we introduced a human-annotated
dataset for the meta-evaluation of elaborative sim-
plification evaluation methods. Our results show
that standard reference-based metrics correlate
weakly with human judgments, highlighting their
clear limitations. LLM-as-a-judge approaches
achieve higher correlation, provided that sufficiently
large models are used. While their performance
is impressive, especially in the light of the variabil-
ity observed in human annotations, our qualitative
analysis revealed that they remain an imperfect
proxy for human judgment. Overall, the dataset pro-
vides a realistic reference for studying the strengths
and limitations of automatic evaluation methods,
especially as far as cohesion is concerned. Eval-
uating informativeness proved more challenging,
as reflected by relatively low inter-annotator agree-
ment. In future work, we will aim to address this by
referring to a more clearly defined target audience
in the definition of informativeness, and by splitting
this criterion into more easily defined sub-criteria
(e.g. How crucial is the information provided in this
elaboration for understanding the text?, What pro-
portion of the target audience would already be
familiar with this information?).

Limitations

Due to budgetary constraints, we limited our scope
by recruiting only three annotators and focusing our
evaluation on elaborations generated from just two
local LLMs. This restriction was required as the
available funds were only sufficient to compensate
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the participants for evaluating 500 instances each.
Furthermore, given that our study focuses on elab-
orations generated by locally hosted LLMs, model
selection was constrained to those compatible with
the Nvidia RTX 4090 graphics card installed on the
workstation used for model execution.

Ethics Statement

This study received a favourable ethical opinion
from the School Research Ethics Committee. All
participants filled consent forms containing instruc-
tions on how their data would be used. Annotators
were compensated for their work with vouchers
worth £125 each to annotate 500 instances, at a
rate equivalent to the legal minimum wage. AI as-
sistants were occasionally used in producing this
work. AI tools were utilized for researching and
identifying relevant research, code completion and
optimization, and refining the writing through spell-
checking and paraphrasing.

Lay Summary

To make complex writing easier to understand, a
technique called "elaborative simplification" can be
used. Instead of just swapping big words for small
ones, this method adds extra context or explana-
tions to help the reader follow along. However, it is
difficult for researchers to measure if these added
explanations are actually "good" or helpful.

To help with this, we created a new dataset that
contains human ratings for explanations generated
by AI. We asked people to judge these explana-
tions based on two factors: cohesion (how well the
explanations fit the context) and informativeness
(how useful the added information actually is). We
then tested whether other AI models could auto-
matically grade these explanations as accurately
as a human would.

Our findings show that while smaller AI models
struggle to match human judgments, larger AI mod-
els can be quite effective at judging quality if they
are given very specific instructions. We also found
that "informativeness" is much harder to agree on
than "cohesion," simply because what one person
finds helpful, another might find unnecessary. This
work provides a better roadmap for building AI tools
that can explain complex ideas clearly and reliably.
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definitions, and other types of background infor-
mation. For example: Context "Photosynthesis
is a foundational biological process that sustains
nearly all ecosystems on the planet. Understand-
ing it is vital for studying plant life as its efficiency
impacts global atmospheric composition.” Elabo-
ration "This process, whereby plants convert light
energy into chemical energy, also generates the
oxygen we breathe." In this task, you are asked to
evaluate elaborations based on two criteria: co-
hesion and informativeness. They are defined as
follows:
1. Cohesion:
A cohesive elaboration should:

• be relevant to the context;

• be free from errors and logical inconsistencies;

• not contain any misleading examples; and

• not simply repeat parts of the original text.

Cohesion is evaluated as a binary property, i.e.
either an elaboration is cohesive, or it is incohesive.
For example: Context "The government is split
into two parties that often have different political
beliefs."
Elaborations

• “For example, the Labor Party and the Con-
servative Party.” Cohesive. The elaboration
expands upon the original context with relevant
and logically consistent information.

• "This division often leads to lengthy debates
and legislative gridlock, as each party attempts
to push its own agenda." Cohesive. The elab-
oration expands upon the original context with
relevant and logically consistent information.

• "The weather outside is very sunny." Incohe-
sive. The elaboration is irrelevant to the con-
text provided.

• "Therefore, the government is a single, uni-
fied entity with no internal disagreements." In-
cohesive. The elaboration introduces logical
inconsistencies for the context.

• "The government is primarily focused on the
production of chocolate and ice cream." Inco-
hesive. The elaboration introduces irrelevant
information for the context.

• “For example, the wedding party and the birth-
day party.” Incohesive. The elaboration intro-
duces misleading examples.

• “The government is split into two parties” In-
cohesive. The elaboration repeats part of the
original text.

2. Informativeness:
Informativeness evaluates the quality of the infor-
mation provided in the elaboration based on the
context. You will use a scale from 1 to 3 based on
how informative the elaboration is, as follows:

1. Uninformative: Nobody would benefit from
the elaboration; it does not provide helpful in-
formation for understanding the context.

2. Somewhat Informative: Some people would
benefit from the elaboration; it provides some
basic information related to the context.

3. Informative: Most people would benefit from
the elaboration; it goes beyond basic informa-
tion by offering a more in-depth perspective or
less obvious details.

For example: Context “But not many countries
support Obama’s plan to fire missiles at Syria.”
Elaborations

1. Uninformative: “Missiles can travel at speeds
that exceed Mach 3.” The elaboration pro-
vides a general fact about missiles, but it does
not help the reader understand the context of
Obama’s plan to fire missiles at Syria or the
level of international support for it.

2. Somewhat Informative: “Countries were con-
cerned about the potential for civilian casual-
ties.” The elaboration adds a relevant perspec-
tive by focusing on concerns from countries.
It provides a basic reason for the opposition
(civilian casualties), but lacks deeper insight
into the political dynamics or the specific views
of key stakeholders.

3. Informative: “Allies of the Syrian government,
might be drawn into the conflict, leading to
a dangerous escalation.” The elaboration ex-
plains a key geopolitical risk, helping readers
understand why countries opposed the plan.
It adds depth by highlighting the potential for
escalation, making it highly informative.

B. Additional Experimental Results

Table 11 shows the full classification metrics for
cohesion evaluations, to complement the accuracy
scores reported in the main paper. In particular,
the table also shows the total number of instances
predicted as cohesive and incohesive, as well as
the precision, recall and F1 scores.

To evaluate LLM predictions of informativeness,
we compared two approaches: asking the models
to use a 7-point scale and asking for a degree be-
tween 0 and 100. Table 12 compares these two
approaches.
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Prompt & Models Cohesive Incohesive Accuracy Precision Recall F1
Full Guidelines

gpt4o 231 231 0.844 0.844 0.844 0.844
qwen3-next-80b 192 270 0.825 0.891 0.740 0.809
gpt5 287 175 0.788 0.732 0.909 0.811
deepseek-chat-v3.1 120 342 0.751 0.983 0.511 0.672
gpt4o-mini 122 340 0.643 0.770 0.407 0.533
falcon-3-7b 351 111 0.580 0.552 0.841 0.667
gemma-3-4b-it 436 26 0.530 0.516 0.970 0.674
llama-3.1-8b 330 132 0.509 0.506 0.720 0.594
mistral-7b 111 351 0.485 0.469 0.228 0.307

Concise Prompt + CoT
gpt4o 181 281 0.840 0.934 0.732 0.820
gpt5 250 212 0.816 0.792 0.857 0.823
qwen3-next-80b 130 332 0.751 0.946 0.532 0.681
deepseek-chat-v3.1 101 361 0.710 0.98 0.429 0.596
gpt4o-mini 107 355 0.640 0.804 0.372 0.509
falcon-3-7b 347 115 0.610 0.573 0.861 0.689
gemma-3-4b-it 382 80 0.578 0.547 0.905 0.682
llama-3.1-8b 342 120 0.543 0.529 0.784 0.632
mistral-7b 0 462 0.500 0.000 0.000 0.000

Full Guidelines + CoT
gpt5 240 222 0.864 0.850 0.883 0.866
gpt4o 189 273 0.844 0.921 0.753 0.829
qwen3-next-80b 127 335 0.758 0.969 0.532 0.687
deepseek-chat-v3.1 96 366 0.704 0.990 0.411 0.581
gpt4o-mini 112 350 0.669 0.848 0.411 0.554
falcon-3-7b 359 103 0.593 0.560 0.87 0.681
llama-3.1-8b 338 124 0.565 0.544 0.797 0.647
gemma-3-4b-it 430 32 0.530 0.516 0.961 0.672
mistral-7b 255 207 0.476 0.478 0.528 0.502

Table 11: Full LLM Cohesion Evaluations

C. Experimental Details

The smallest LLMs were run locally on our test ma-
chines (falcon-3-7b11, mistral-7b12, gemma-3-4b-
it13, llama-3.1-8b14). For experiments with qwen3-
next-80b and deepseek-chat-v3.1, we relied on
the Openrouter15 platform. Finally, gpt5, gpt4o
and GPT-4o-mini were evaluated using the OpenAI
API16. We used default hyperparameter values for
the models.

11https://huggingface.co/tiiuae/
Falcon3-7B-Instruct

12https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.1

13https://huggingface.co/google/
gemma-3-4b-it

14https://huggingface.co/meta-llama/
Llama-3.1-8B-Instruct

15https://openrouter.ai/
16https://platform.openai.com

D. Discussion of Incohesive Golden
Elaborations

In this section, we analyze the five ‘gold’ elabora-
tions from the ElabQUD dataset that were rated as
incohesive by our annotators out of the 100 total
gold elaboration. As illustrated in Table 13 , with
the exception of instance 3 in the table, which pro-
vided accurate information regarding the role of a
jury, the remaining four instances are indeed inco-
hesive. The faults are characterized by contextual
irrelevance or logical inconsistencies. We attribute
these errors to the extraction methodology used
to identify elaborations within the original Newsela
articles, which exclusively considers sentences im-
mediately following a specified context. This ap-
proach occasionally captures textual fragments or
the introductory phrases of unrelated sentences,
leading to incoherent elaborations.

https://huggingface.co/tiiuae/Falcon3-7B-Instruct
https://huggingface.co/tiiuae/Falcon3-7B-Instruct
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://openrouter.ai/
https://platform.openai.com
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7-point Scale 0 to 100 Scale
Spearman ρ Spearman ρ

Full Guidelines
gpt4o 0.50 ± 0.27 0.53 ± 0.25
qwen3-next-80b 0.36 ± 0.30 0.40 ± 0.29
gpt5 0.46 ± 0.25 0.49 ± 0.25
deepseek-chat-v3.1 0.46 ± 0.25 0.47 ± 0.28
gpt4o-mini 0.52 ± 0.22 0.54 ± 0.23
falcon-3-7b 0.42 ± 0.26 0.48 ± 0.24
gemma-3-4b-it 0.14 ± 0.33 0.27 ± 0.29
llama-3.1-8b 0.40 ± 0.27 0.41 ± 0.28
mistral-7b 0.25 ± 0.32 0.16 ± 0.35

Concise Prompt + CoT
gpt5 0.49 ± 0.25 0.43 ± 0.27
gpt4o 0.48 ± 0.25 0.55 ± 0.24
qwen3-next-80b 0.40 ± 0.27 0.46 ± 0.28
deepseek-chat-v3.1 0.38 ± 0.28 0.48 ± 0.23
gpt4o-mini 0.50 ± 0.24 0.52 ± 0.23
falcon-3-7b 0.44 ± 0.28 0.48 ± 0.25
llama-3.1-8b 0.38 ± 0.27 0.45 ± 0.27
gemma-3-4b-it 0.12 ± 0.33 0.46 ± 0.24
mistral-7b 0.35 ± 0.33 0.37 ± 0.27

Full Guidelines + CoT
gpt4o 0.42 ± 0.27 0.59 ± 0.22
gpt5 0.47 ± 0.26 0.44 ± 0.26
qwen3-next-80b 0.39 ± 0.29 0.46 ± 0.29
deepseek-chat-v3.1 0.45 ± 0.26 0.41 ± 0.27
gpt4o-mini 0.54 ± 0.22 0.50 ± 0.22
falcon-3-7b 0.48 ± 0.25 0.48 ± 0.24
gemma-3-4b-it 0.29 ± 0.31 0.43 ± 0.26
llama-3.1-8b 0.29 ± 0.31 0.45 ± 0.26
mistral-7b 0.43 ± 0.28 0.37 ± 0.28

Table 12: Informativeness Evaluation approaches
comparison
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Context Elaboration
1 Finn came up with a different explanation: Students cannot hide in

the back of the classroom in smaller classes. They behave better and
are more involved. He saw the change himself visiting classrooms in
Buffalo, New York. Smaller, quieter classes may have their biggest
effect on kids who do not pay attention and try to avoid looking the
teacher in the eye. That’s because they cannot hide.

But there was another question.

2 Steele is a scuba diver who has scooped up the animals from the
seafloor since the 1970s. He sells the urchins to sushi restaurants.
Steele heard about the sea getting more acidic. He saw right away
what it could mean for his business and the ocean he loves. So Steele
told Hofmann about the urchins.

The scientist started looking into his
worries.

3 People listen to her, said Pastor Henry Logan, who has been working
with her since August. "She does it one meal at a time." Last Monday,
violent protests broke out again in Ferguson. A grand jury decided not
to charge the officer who shot Brown. A grand jury is made up of a
group of people.

They decide if a person should be
charged with a crime.

4 He and his team named her Lucy after a song by the Beatles. The song
played over and over the night her bones were found. Johanson is now
the head of the Institute of Human Origins at Arizona State University.
He spoke about how Lucy’s discovery changed what scientists thought
about early humans. He also discussed what he hopes to find next.

Newsela has adapted the answers
given by Johanson.

5 They only made $27 more than what the city spent to put them on
the streets. The Pasadena meters did not cost the city money. They
were designed by college students. They were paid for by money that
companies gave to the city, Huang said. City leaders say the money
collected by the meters might help in finding people homes.

The charities have already proven
to be very helpful.

Table 13: Incohesive Golden Elaborations
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