Measuring the Impact of LLM-Generated Scientific Summaries for
Neurodivergent Readers

Abraham Ur Rahman', Skyler Koba?, Audrey Michal®, Steven R. Wilson?
!Clark University, 2Penn State University, *University of Michigan-Flint
arahman@clarku.edu, skoba.ux@gmail.com, {almichal,steverw}@umich.edu

Abstract

Language technologies increasingly mediate
access to scientific information, yet their impact
depends on whether they improve real reading
experiences for diverse audiences. We study
large language model (LLM)-generated scien-
tific summaries as an accessibility intervention
for neurodivergent adults, focusing on readers
with ADHD and/or autism. Using a mixed-
methods design, we first conducted a formative
qualitative study with 10 neurodivergent adults
to identify design needs. We then ran a quantita-
tive experiment with 200 neurodivergent adults
comparing five summary styles across lower-
and higher-complexity scientific texts, measur-
ing comprehension, trust, engagement, and cog-
nitive load. Results show that writing-style
effects depend on text complexity: structured
LLM-generated summaries improved compre-
hension for higher-complexity articles but re-
duced comprehension for lower-complexity ar-
ticles relative to a baseline human-generated
extractive summary. Trust increased for sim-
pler LLM summary styles, while engagement
and cognitive load showed fewer robust writing-
style effects. Our findings suggest that accessi-
ble NLP systems should adapt explanatory sup-
port to reader needs and text difficulty, rather
than offering a single “best” summary style.

1 Introduction

“Eighty-five percent of medical research goes to
waste, partly because it is not appropriately com-
municated to stakeholders. This represents a criti-
cal issue . .. because individuals who are impacted
by research should be able to readily access that
research.” — Gasparini et al. (2025)

Scientific knowledge can support informed
decision-making about health, education, climate,
policy, and everyday life. However, making re-
search papers publicly available does not guarantee
that readers can understand, trust, or use them. Bar-

SOURCE SCIENTIFIC ARTICLE

“Effects of the Biomedical Bleeding Process on the Behavior

of the American Horseshoe Crab, Limulus polyphemus, in Its
Natural Habitat”

Owings, Chabot, and Watson. The Biological Bulletin, 2019
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Sentence Selection

a Extractive verbatim key sentences, manually constructed

LLM

Abstract

Horseshoe crabs are harvested by the biomedical industry in
order to create Limulus amebocyte lysate to test medical
devices and pharmaceutical drugs for endotoxins...

Q LLM-Abstractive standard fiuent summary
® Introduction and Background
The American horseshoe crab (Limulus polyphemus) is both

ecologically valuable and economically important along the
Atlantic coast of North America. Through feeding and...

e LLM-Q&A basic question and answer format
® Part 1: Introduction and Background
Q: What is the central topic of the article?

A: The article examines how the biomedical bleeding process
affects the behavior of the American horseshoe crab...

° LLM-Pathos professional, conversational Q&A persona

P Part | — Introduction and Background

Dr. Quinn: Let’s start with the obvious question: why are
biomedical companies bleeding horseshoe crabs?
Study: Their blue blood is used to produce...

e LLM-Logos informative, evidence-based Q&A

Study Overview

Q: What was the main focus of this study?

This study investigated the sublethal behavioral impacts of the
biomedical bleeding process on the American horseshoe crab...

Figure 1: We present one baseline (extractive) and
four LLM-generated summary styles to neurodivergent
adults in order to measure how summary style impacts
comprehension, trust, cognitive load, and engagement.

riers such as technical jargon, dense structure, am-
biguous tone, and long-form presentation can make
scientific communication inaccessible, particularly
for readers whose information-processing needs
are not well supported by conventional styles.

Large language models (LLMs) are increasingly
used to summarize scientific documents (Liu et al.,
2024; Zhang et al., 2025). This creates an opportu-
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nity for positive social impact: NLP systems could
help more people engage with research that affects
their lives. Yet this opportunity also raises an eval-
uation challenge: how can we measure whether an
NLP system is actually beneficial for a community?
Standard summarization metrics such as factual
consistency, conciseness, and coverage are nec-
essary but insufficient. For accessibility-oriented
applications, impact also depends on reader com-
prehension, cognitive load, trust, engagement, au-
tonomy, and the ability to verify information.

In this paper, we study LLM-generated sum-
maries of scientific articles for neurodivergent read-
ers, focusing on adults with ADHD and/or autism.
Prior work suggests that autistic readers may ex-
perience difficulty with ambiguous meaning, tone,
and long syntactic structures, while readers with
ADHD may encounter challenges with sustained
attention, task structure, and executive-function de-
mands during reading (Hadden et al., 2023; Yaneva
et al., 2019; Parks et al., 2022; Miranda et al.,
2017). These experiences vary widely across in-
dividuals, and many neurodivergent readers de-
velop their own strategies for navigating dense
text. Designing accessible NLP systems there-
fore requires both community-informed design and
empirical measurement. By making scientific in-
formation more accessible, our work aligns with
broader social good goals of Education and Inclu-
sion (Karamolegkou et al., 2026).

Our central research question in this work is:
How does the style of LLM-generated scientific
summaries affect neurodivergent readers’ compre-
hension, trust, engagement, and cognitive load?
While working to answer this, we make the fol-
lowing contributions: (1)We present a formative
study with neurodivergent adults that identifies
design considerations for LLM-generated scien-
tific summary styles; (2) we operationalize these
considerations through five controlled styles for
scientific-document summarization; and (3) we
evaluate these styles in a randomized study with
200 neurodivergent adults, measuring comprehen-
sion, trust, engagement, and cognitive load for
lower- and higher-complexity scientific texts.

We find that changes in summary format led to
modest, outcome-dependent effects rather than uni-
form improvements. For complex scientific texts,
summaries that added clearer structure and termi-
nology support improved objective comprehension
relative to an abstract-style baseline. For lower-
complexity source-texts, however, these added sup-

ports were not beneficial and were sometimes asso-
ciated with lower comprehension. Trust was higher
for simplified and general-purpose LLM-generated
summaries, whereas engagement and cognitive
load showed few robust differences across for-
mats after covariate adjustment and multiple-
comparisons correction. Overall, these findings
suggest that evaluating LL.M-generated scientific
summaries for accessibility requires accounting
for source-text complexity and reader-centered out-
comes, not only summary fluency or informative-
ness.

2 Related Work

2.1 NLP for Accessible Scientific
Communication

Automatic summarization has long aimed to con-
dense information while preserving important con-
tent. In scientific summarization, systems often
target abstracts (Cohan et al., 2018), lay summaries
for nonexpert readers (Goldsack et al., 2022), or
evidence-synthesis summaries that aggregate find-
ings across multiple studies (DeYoung et al., 2021;
Ramprasad et al., 2023). However, a summary that
is accurate and concise may still be inaccessible if
it assumes background knowledge, lacks structure,
or uses a tone that undermines reader trust. Prior
work on accessible research summaries argues that
communication should be designed with affected
communities rather than merely simplified for them
(Gasparini et al., 2025). This is especially impor-
tant when scientific information concerns health,
education, environmental risk, or other socially
consequential domains.

LLMs expand the design space for accessible
summaries because they can generate multiple
styles from the same source: question-answer sum-
maries (Tachioka, 2024), summaries paired with au-
tomatically generated glossaries (Syed et al., 2024),
persona-tailored summaries (Mullick et al., 2024),
and summaries at controlled reading levels (Ribeiro
et al., 2023). At the same time, LLLMs can pro-
duce incorrect or misleading content (Xu et al.,
2024; Ryser et al., 2025), and readers may distrust
Al-generated information (Passi and Vorvoreanu,
2022). The accessibility of LLM summarization
therefore cannot be inferred from fluency alone.
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2.2 Neurodivergent Readers and Information
Processing

Neurodivergent readers are not a monolithic group.
Autistic readers may differ in how they process
tone, ambiguity, figurative language, and long sen-
tences (Hadden et al., 2023; Yaneva et al., 2019).
Written text lacks many of the facial, gestural, and
prosodic cues available in face-to-face interaction,
which can complicate interpretation for some read-
ers. Readers with ADHD may experience difficul-
ties related to sustained attention, working memory,
reading speed, and executive function (Parks et al.,
2022; Miranda et al., 2017). Such challenges may
be intensified by long texts, low structure, and high
cognitive demand.

Prior research also emphasizes that reading diffi-
culties are not solely located within individuals. Ex-
ternal factors—including text style, task demands,
motivation, and available scaffolding—shape read-
ing experiences (Parks et al., 2022). This perspec-
tive motivates our focus on summary style as an ac-
cessibility intervention. Rather than asking whether
neurodivergent readers can adapt to conventional
scientific writing, we ask how NLP systems might
adapt scientific communication to diverse reading
needs.

2.3 Self-Diagnosis and Community-Informed
Research

Many adults identify as autistic or as having ADHD
without a formal clinical diagnosis. Barriers in-
clude cost, access to specialists, prior misdiagnosis,
stigma, and the perception that diagnosis may be
too late or not useful (Routledge, 2024; Sarrett,
2016; Eagle and Ringland, 2023). These barriers
are especially salient for women and other groups
historically underdiagnosed or misdiagnosed. In
this work, we therefore include both clinically diag-
nosed and self-diagnosed participants, while treat-
ing diagnostic status as self-reported rather than
clinically verified.

3 Formative Qualitative Study

We first conducted a formative qualitative study to
identify neurodivergent readers’ needs and expec-
tations for scientific article summaries. The aim
was not to estimate how common these preferences
were across the broader population, but to inform
the design of summary styles and survey measures
for the larger experiment.

3.1 Participants and Recruitment

We recruited 10 neurodivergent adults through Pro-
lific using prescreeners to identify participants who
were at least 18 years old, fluent in English, and
self-identified or were clinically diagnosed with
ADHD, autism, or both. Participants signed up us-
ing Prolific IDs as pseudonyms, received informed-
consent materials through Prolific messaging, and
completed sessions over Zoom. Participants were
not recruited for expertise in the source-paper do-
mains; the focus remained on general neurodiver-
gent readers who might use summarization tools to
access general scientific information.

3.2 Procedure & Formative Materials

Each session lasted approximately 60 minutes and
included a reading activity, interviews, and a fa-
cilitated design activity. Participants first read a
standard, neutral-toned Al-generated summary of
a simple scientific article (Tommasi et al., 2025)
and then discussed their reading strategies, points
of confusion, trust judgments, and preferences for
scientific summaries.

Participants then completed a facilitated design
activity addressing personal reading challenges and
participated in a semi-structured interview (see Ap-
pendix C). As part of this activity, participants were
also shown sample excerpts of two additional pro-
totype Al-generated summary styles of the same
paper (Tommasi et al., 2025). In this work, we
focus on the interview findings, including partici-
pants’ reactions to these two prototype styles:

1. LLM-LOGOS: A Q&A-style summary empha-
sizing information grouping, definitions, cita-
tions, and selected source quotations.

2. LLM-PATHOS: A Q&A-style summary using
a professional but conversational persona de-
signed to support engagement and comprehen-
sion.

Prompt Generation Details. Both prototype sum-
maries were generated using GPT-40 with standard-
ized system prompts designed to isolate the impact
of structural scaffolding versus conversational tone
(see Appendix A for the full prompt templates). Ex-
plicitly defining these prompt structures is critical,
as prompt design directly dictates summary format-
ting, reading load, and tone. These variables di-
rectly influenced participant feedback in this phase.
Specifically, feedback influenced prompt refine-
ments described in Section 3.4, including moderat-
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ing persona tone and varying structural scaffolding,
further finalized into the five summary-style condi-
tions used in the quantitative experiment (Section
4.3).

3.3 Qualitative Analysis

Interview transcripts were analyzed using reflexive
thematic analysis from a constructivist perspective
(Braun and Clarke, 2021), treating themes as in-
terpretive patterns developed through researchers’
engagement with the data rather than as objectively
fixed categories (Byrne, 2022).

Two authors of the paper first independently re-
viewed the transcripts and developed an initial cod-
ing framework focusing on participants’ experi-
ences of engagement, comprehension, cognitive
load, trust, and summary presentation. Related
codes were then grouped into candidate themes,
considered in relation to participants’ reported neu-
rotypes, and refined through collective discussion.
As the analysis followed a reflexive thematic frame-
work, inter-rater reliability was not calculated.

3.4 Qualitative Findings

The analysis identified three themes that most di-
rectly informed the subsequent quantitative experi-
ment: tone and engagement; comprehension, cog-
nitive load, and structure; and trust and source cred-
ibility.

Tone and engagement. Participants’ reactions
to tone were mixed. Professional language was
generally seen as fitting the scientific material, al-
though some participants found it stale or too simi-
lar to the original article. In contrast, lighter, con-
versational language brought a sense of ease to
the presentation, with participants describing it as
“very catchy” and “attention-grabbing.” More pro-
nounced persona-driven language, however, made
the presentation feel noticeably different from con-
ventional scientific communication. One partici-
pant described a summary as “too casual, too in-
formal,” while another felt that the material was
“presented in a silly way.”

Comprehension, cognitive load, and structure.
Participants frequently connected comprehension
with cognitive effort. Undefined terminology and
jargon-heavy passages led to rereading, guessing,
or skipping; as one participant explained, “If I had
a definition, then I could follow the rest.” Partic-
ipants also described different ways of managing
this effort. Some ADHD participants skimmed for

key points to conserve energy, with one noting, “I
just want to know the important bits. Bullet points
are great for that kind of thing.” In contrast, some
autistic participants described reading dense sec-
tions fully and rereading when connections were
unclear. Participants did not uniformly reject de-
tail; rather, they wanted it to be well structured
and chunked. One participant emphasized, “I love
categorization. And putting things into boxes,” sug-
gesting that organization could make additional
detail easier to manage.

Trust and source credibility. Trust depended
on both content and presentation. Some partici-
pants felt that casual summaries of serious scien-
tific topics created a credibility mismatch; one par-
ticipant noted feeling “less confident” in material
presented with an overly casual tone. Others ex-
pressed broader concerns about Al-generated infor-
mation, particularly “how often it hallucinates and
makes stuff up.” Participants therefore wanted sum-
maries to clearly signal where information came
from, with one describing “the lack of source ma-
terial” as a major factor in their trust. Together,
these responses suggest that credibility depended
not only on accuracy, but also on whether the sum-
mary appeared professional, traceable, and appro-
priately cautious.

Implications for the experiment. The qualita-
tive findings informed the development of the quan-
titative experiment rather than serving as general-
izable conclusions. Participant feedback guided
several design decisions, including adjustments
to persona style in response to concerns about
overly casual tone, as well as variations in sum-
mary structure and jargon level to examine their
effects on comprehension and cognitive load. Par-
ticipants’ emphasis on clear scaffolding also moti-
vated the inclusion of multiple summary structures.
Finally, the recurring relationships participants de-
scribed among engagement, comprehension, cogni-
tive load, and trust informed the selection of these
constructs as primary outcome measures in the
quantitative study.

4 Quantitative Experiment

4.1 Design

We conducted a 2 x 2 x 5 mixed factorial exper-
iment. The within-subjects factors were source-
article complexity (lower- vs. higher-complexity)
and article section (Part 1 vs. Part 2). The between-
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Article Title Field Reference Complexity
Effects of the Biomedical Bleeding Process on the Behavior of the Marine Biology (Owings et al., 2019) Lower
American Horseshoe Crab, Limulus polyphemus, in Its Natural Habitat

Sleep and Sleep Ecology in the First 3 Years: A Web-Based Study Developmental Psychology (Sadeh et al., 2009) Lower
I Keep My Mind on My Money and My Money on My Mind: Trait Psychology (Gruda and McCleskey, Lower
Machiavellianism in Business Majors 2024)

Diseases of Rubber Trees: Malaysia as a Case Study Plant Science (Mahyudin et al., 2023) Lower
Geographic Information System Computing and Geography (Chang, 2019) Higher
Applications of 3D Printed Bone Tissue Engineering Scaffolds in the Biomedical Engineering (Su et al., 2021) Higher
Stem Cell Field

Rosemary as an Adjunctive Treatment in Patients with Major Depressive ~ Psychology and Medicine (Azizi et al., 2022) Higher
Disorder: A Randomized, Double-Blind, Placebo-Controlled Trial

Searching for “the Political” in Environmental Politics Political Science (Kenis et al., 2014) Higher

Table 1: Articles included in the dataset, organized by field and excerpt complexity.

Prolific Prescreeners

Survey Introduction and Informed Consent

% Randomized into summary format condition

Cognitive Load Self-screening

Lower-Complexity Source Article

1 Read excerpt part 1, answer associated questions
Cognitive Load Self-screening
2 Read excerpt part 2, answer associated questions

Cognitive Load Self-screening

Higher-Complexity Source Article

3 Read excerpt part 1, answer associated questions
Cognitive Load Self-screening
4 Read excerpt part 2, answer associated questions

Cognitive Load Self-screening

Sensitivity Check

5 AQ questionnaire

Cognitive Load Self-screening

Survey end

Figure 2: Participant flow through the quantitative sur-
vey. Participants completed consent and screening, were
randomized to a summary-style condition, read lower-
and higher-complexity article summaries in two parts,
and completed repeated measures of trust, comprehen-
sion, engagement, and cognitive load. (TCE = Trust,
Comprehension, Engagement).

subjects factor was summary style. Each partici-
pant was randomly assigned to one of five summary

styles: Extractive, LLM-Q&A, LLM-Abstractive,
LLM-Lo0GOS, or LLM-PATHOS. Participants read
summaries of two scientific articles, one drawn
from the lower-complexity source-article condi-
tion and one drawn from the higher-complexity
source-article condition, presented in random order.
Figure 2 summarizes the full survey sequence.

4.2 Participants

We recruited 200 neurodivergent adults through
Prolific. Eligibility required being at least 18 years
old, fluent in English, and self-identifying or be-
ing clinically diagnosed with ADHD, autism, or
both. Participants completed prescreening ques-
tions and the Autism Spectrum Quotient (AQ),
which we used descriptively and as a covariate in
sensitivity analyses. The AQ is not a diagnostic
instrument, but it provides a self-report measure
of autism-related traits. As in the formative study,
participants were not recruited as domain experts;
the target population was general neurodivergent
readers who may encounter scientific information
through Al-generated summaries.

4.3 Materials

Article content was drawn from eight scientific
sources (Table 1). We used source-article complex-
ity, rather than summary complexity, as one exper-
imental factor. Four source articles were selected
to represent lower-complexity scientific texts, and
four to represent higher-complexity scientific texts.
This distinction was based on features of the source
articles, including technical density, background
knowledge demands, terminology, and conceptual
complexity. Each source article was then trans-
formed into one human-generated style and four
LLM-generated summary styles: Extractive, LLM-
Q&A, LLM-Abstractive, LLM-L0OGOS, and LLM-
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PATHOS. Thus, the low/high-complexity distinc-
tion refers to the difficulty of the original scientific
article, while the summary-style factor refers to
how that article was rewritten for participants.

Summary construction. Extractive summaries
were generated by authors of this paper by condens-
ing main sections of source text to a specific word-
count range. All LLM summaries were generated
from the same source articles using GPT-40. Gener-
ated outputs were used without substantive editing
beyond generation error. Full prompts and instruc-
tions for each condition are provided in Appendix
A. Examples of summary styles are included briefly
in Figure 1 and more fully in Appendix B.

Extractive. A human-generated summary ex-
tracting and condensing source text from the in-
troduction, methods, results, and conclusion.

LLM-Abstractive. A neutral LLM-generated
summary that condensed information while retain-
ing the structure of the source summary.

LLM-Q&A. A Q&A-style summary that con-
densed and grouped information similar to the
LLM-Abstractive style.

LLM-LOGOS. A Q&A-style summary empha-
sizing information grouping, definitions, citations,
and selected source quotations.

LLM-PATHOS. A Q&A-style summary using a
professional but conversational persona designed
to support engagement and comprehension.

4.4 Measures

Comprehension. After each article part, partici-
pants answered multiple-choice questions testing
retention of key concepts (e.g., “What was the main
objective of the study summarized in the excerpt”,
with four multiple choice answers). Correct re-
sponses were summed and converted to a propor-
tion correct score.

Cognitive load. Cognitive load was measured
using NASA-TLX mental-demand items (Hart and
Staveland, 1988). Ratings were collected before
reading, after each reading section, and after the
AQ questionnaire. The primary variable was end-
of-section mental demand; baseline mental demand
was included as a covariate.

Trust and engagement. Participants rated trust
in the information (“I would trust this source to

inform others about the topics covered in the com-
plete summary (both excerpts)”), perceived accu-
racy (“I believe the information found in the ex-
cerpt was accurate and logical”), interest (from “no
interest at all” too “extremely interested”), and en-
gagement while reading the excerpt of the summary
(e.g., “The language used in the provided reading
was not engaging” [reverse coded], “I remained
engaged while reading the text”, and “The layout
of the text contributed to keeping my attention’)
using Likert-style items. Items were averaged into
composite trust and engagement scores.

4.5 Analysis

We fit linear mixed-effects models with participant-
level random intercepts (Figure 3). For each depen-
dent variable—comprehension, trust, engagement,
and cognitive load—we included fixed effects for
summary style, article complexity, and their inter-
action. The cognitive-load model additionally in-
cluded baseline NASA-TLX mental demand. Sen-
sitivity analyses included AQ score as a covariate.
We also computed exploratory participant-level
correlations among comprehension, trust, engage-
ment, and cognitive load. Full model coefficients,
standard errors, and p-values are reported in Ap-
pendix D, Table 2.

5 Results

5.1 Manipulation Check

Across 200 participants, excerpts from higher-
complexity articles elicited higher NASA-TLX
mental-demand ratings (M = 5.19) than ex-
cerpts from lower-complexity articles (M = 4.84),
t(199) = 3.79, p = .0002, d, = .27 (see Figure
3). This confirms that increased source article com-
plexity corresponded to greater perceived effort
when reading summaries of those articles.

5.2 Main Effects of Summary Style

Comprehension. Comprehension depended on
summary style and article complexity. For higher-
complexity articles, LLM-LOGOS improved com-
prehension relative to the Extractive baseline (5 =
0.149, p = .005), and LLM-Abstractive also
showed a significant benefit (5 = 0.112, p =
.010) (see Figures 3, 5 & 6). LLM-PATHOS
showed a non-significant trend (5 = 0.093, p =
.080), while LLM-Q&A did not differ from Ex-
tractive. For lower-complexity articles, the pattern
reversed: LLM-Abstractive, LLM-L0OGOS, and
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Comprehension

Proportion correct - Intercept = 0.177

LLM-Abstractive 0.044

LLM-Q&A 0.112*
LLM-Logos —eo— 0.149 **
LLM-Pathos 0.093
Lower-complexity (of source) —e—  0.243**

LLM-Abstractive x Lower-compl. -0.060

LLM-Q&A x Lower-compl. —eo—i -0.392 **
LLM-Logos x Lower-compl. —e—i -0.370 **
LLM-Pathos x Lower-compl.  +——e— -0.461 **

AQ (centered) -0.001
-0.60 -0.40 -0.20 0.00 0.20

B (coefficient)

Cognitive Load
NASA-TLX score - Intercept = 1.212

LLM-Abstractive 0.349

LLM-Q&A 0.248
LLM-Logos -0.113
LLM-Pathos 0.711
Lower-complexity (of source) -0.082
LLM-Abstractive x Lower-compl. 0.249
LLM-Q&A x Lower-compl. -0.134

0.175
-0.618

LLM-Logos x Lower-compl.
LLM-Pathos x Lower-compl.

Trust
1-5 Likert scale - Intercept = 3.722

LLM-Abstractive

LLM-Q&A

LLM-Logos

LLM-Pathos

Lower-complexity (of source)

LLM-Abstractive x Lower-compl. -0.160

LLM-Q&A x Lower-compl. -0.293
LLM-Logos x Lower-compl. 0.027

LLM-Pathos x Lower-compl. -0.040

AQ (centered) -0.009

0.430 *
0.458 *
0.244

-0.039
0.293 *

-0.50 0.00 0.50
B (coefficient)

Engagement
1-5 Likert scale - Intercept = 3.297

LLM-Abstractive 0.192
LLM-Q&A 0.144
LLM-Logos -0.176
LLM-Pathos 0.013
Lower-complexity (of source) -0.063
LLM-Abstractive x Lower-compl. 0.000
LLM-Q&A x Lower-compl. -0.030
LLM-Logos x Lower-compl. 0.330
LLM-Pathos x Lower-compl. 0.003

NASA Begin 10l 0.720 ** AQ (centered) ° -0.015 **
AQ (centered) -0.004 -0.50 0.00 0.50
-1.00 0.00 1.00 B (coefficient)
B (coefficient)
n.s. p<.05* @p<.01* @p<.001*** I0— B+95%Cl

Figure 3: Mixed-effects model results across four outcome variables. Coefficients are fixed-effect estimates from
models with participant-level random intercepts. Reference categories are the Extractive summary style and
higher-complexity source article. Asterisks indicate significance after within-model FDR correction using the
Benjamini—Hochberg procedure; because error bars are unadjusted, CI width and asterisks may not always agree.

Full tabular results are in Appendix D.

LLM-PATHOS all showed lower comprehension
relative to the Extractive baseline, as indicated by
significant style-by-complexity interactions. This
crossover suggests that added structure can help
readers extract meaning from difficult material but
may introduce unnecessary complexity when the
source text is already accessible.

Trust. Trust showed a different pattern. LLM-
Q&A and LLM-Abstractive summaries were
trusted more than the Extractive baseline across
conditions (see Figure 3). For example, during
open-ended sections of the survey, participants who
read LLM-Q&A excerpts attributed higher scores
of trust to the text sounding, “like it could be true
but [I] can’t be certain”, and “the chances of inaccu-
rate information being published about the [topic]
are really low”. Comparatively, participants who
read the Extractive baseline excerpts stated that
these texts seemed to be “missing details in the
information that requires prior knowledge”, and at-
tributed a lower trust score to them seeming, “con-
fusing for a lay person”. LLM-LOGOS and LLM-
PATHOS did not significantly differ from Extractive,
and style-by-complexity interactions were not sig-
nificant. This suggests that perceived credibility

may be shaped by clarity and presentation style
even when comprehension benefits are conditional.

Cognitive load. Cognitive load showed limited
evidence of robust style effects. End-of-section
load was predicted by baseline mental demand.
LLM-PATHOS showed a nominal association with
higher load for higher-complexity articles, but this
effect did not survive correction. Overall, perceived
effort appeared to be shaped more by initial mental
state and text complexity than by summary style
alone.

Engagement. Engagement was relatively stable
across conditions. No main effects of style or
complexity survived correction. LLM-LOGOS
showed a nominal engagement increase for lower-
complexity articles, but without a corresponding
comprehension benefit. However, this finding did
not survive correction. AQ score showed a small
negative association with engagement, but did not
materially alter the main style findings.

5.3 Exploratory Correlations

Figure 4 summarizes the relationships among the
four outcome measures. Trust and engagement
were moderately positively correlated (r = .37).
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Overall participant-level correlations

Trust 013

Engagement 0.26 037 0.00
-0.25

-0.50

I—0.75
-1.00

Comprehension 0.15 0.09 0.06

& X
&

&
& &
PSS

Figure 4: Pearson correlations among participant-level
averages for comprehension, trust, engagement, and
cognitive load.

simple complex 200

Figure 5: Pearson correlation between metrics for LLM-
Abstractive summary style condition for lower- (left)
and higher-complexity (right) articles.

Comprehension had weak correlations with trust
(r = .09) and engagement (r = .07). Cognitive
load showed a modest positive relation with engage-
ment (r = .26), suggesting that engagement does
not always correspond to reduced effort. These
exploratory findings reinforce the need to measure
multiple dimensions of impact. Condition-specific
correlation patterns for the LLM-Abstractive and
LLM-L0GOS summaries are presented in Figures 5
and 6, respectively.

6 Discussion

Our findings complicate a simple narrative in which
LLM-generated summaries automatically make sci-
ence more accessible. Although summary style did
impact survey results, specific effects depended on
what target area was measured (e.g., comprehen-
sion, engagement, trust, cognitive load) and the
complexity of the source text.

Positive impact is multidimensional. For
accessibility-oriented NLP, improvement cannot
be reduced to one metric. For example, a summary
style may increase trust without improving compre-
hension, or increase engagement without reducing

lim-logos correlations
simple complex 100

Engagement 029 043 Engagement 031 030 0.00

Figure 6: Pearson correlation between metrics for LLM-
LoGoS summary style condition for lower- (left) and
higher-complexity (right) articles.

cognitive load. In our study, comprehension
benefits appeared primarily for higher-complexity
articles, while trust benefits appeared for LLM-
Q&A and LLM-Abstractive summaries more
broadly. Engagement was comparatively stable.
These differences show why evaluations of social
impact should include user-centered outcomes in
addition to standard NLP metrics.

Scaffolding helps when it matches the task.
The strongest relationship was the interaction
between summary style and complexity of the
source text. LLM-L0OGOS and LLM-Abstractive
summaries improved comprehension for higher-
complexity scientific articles but harmed compre-
hension for lower-complexity ones. This suggests
that scaffolding is not universally beneficial. Defi-
nitions, citations, Q&A structures, and added con-
textual material can help when readers face dense
content, but may become distracting or burdensome
when the material is already straightforward. Posi-
tive impact may therefore require adaptive support
rather than maximal support.

Trust and comprehension diverged. Partici-
pants trusted LLM-Q&A and LLM-Abstractive
summaries more than Extractive summaries, even
though these styles did not uniformly improve com-
prehension. Qualitative responses suggest that trust
judgments were influenced by tone, clarity, and
perceived seriousness, as well as concerns about
Al hallucination. For scientific communication, ac-
cessibility should support understanding without
encouraging unwarranted confidence; summaries
should preserve uncertainty and make source infor-
mation easy to trace.

Implications for NLP system design. Our re-
sults point toward adaptive summarization systems
that estimate both text difficulty and user prefer-
ences. Such systems could offer optional glossary
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overlays, adjustable detail levels, collapsible expla-
nations, annotation tools, and citations linked to
source passages. Rather than generating a single
summary, future systems might allow readers to
move between concise, structured, and elaborated
versions. This approach better respects neurodi-
vergent readers’ diverse needs and avoids treating
accessibility as one-size-fits-all.

7 Conclusion

LLM-generated summaries have the potential to
broaden access to scientific knowledge, but their
positive impact depends on how they are designed
and evaluated. In a mixed-methods study with neu-
rodivergent adults, we found that structured LLM
summaries improved comprehension for higher-
complexity scientific texts but could reduce com-
prehension for lower-complexity texts. Trust, en-
gagement, and cognitive load followed different
patterns, underscoring that accessibility cannot be
captured by a single metric. These findings support
adaptive, user-controlled summarization systems
that match explanatory scaffolding to text difficulty
and reader needs. In the context of NLP for Pos-
itive Impact, social benefit should be measured
not only by model output quality, but by whether
systems help people understand, evaluate, and use
information on their own terms.

Limitations

Several limitations temper our conclusions. First,
participants were recruited online and diagnoses
were self-reported rather than independently ver-
ified. This choice reflects real barriers to diag-
nosis, but limits clinical specificity. We also did
not systematically screen for dyslexia or other co-
occurring conditions that may affect reading, atten-
tion, or comprehension. Second, our participant
characterization was limited: although we included
the Autism Spectrum Quotient (AQ) descriptively
and in sensitivity analyses, we did not include an
equivalent ADHD-specific trait measure due to the
lack thereof. A supplementary sensitivity analy-
sis using participants’ self-reported diagnosis cat-
egory (ADHD-only, ASD-only, or both) found no
significant associations with comprehension, trust,
engagement, or cognitive load, though this relied
on self-report and excluded participants reporting
neither category. Third, our summary styles were
generated from a limited set of prompts, represent-
ing only a small portion of the LLM summary-

design space. To this, hallucinations have the po-
tential to exist, though comprehension questions
were assessed on the generated summaries rather
than their fidelity to the source article. Fourth,
stipulations of fluency in the English language ex-
cluded neurodivergent adults of various linguistic
backgrounds, narrowing the sampling pool as well
as the descriptive lens regarding participants’ expe-
riences. Similarly, differentiating cultural attitudes
towards neurodivergence also potentially affected
these experiences. Fifth, comprehension was mea-
sured immediately after short excerpts, so results
may not generalize to long-term retention or real-
world decision-making. Sixth, the survey design
did not allow participants to refer back to sum-
maries while answering comprehension questions,
which may have affected interpretation. Seventh,
cognitive load was measured through self-report
rather than behavioral or physiological measures
such as reading time, eye tracking, or interaction
logs. Finally, the qualitative study informed design
but was not intended to yield generalizable claims.

Ethical and Societal Implications

This work is motivated by the positive-impact goal
of making scientific information more accessible to
neurodivergent readers. However, LLM-generated
summaries also carry risks. If summaries are inac-
curate, oversimplified, or overly persuasive, they
may mislead readers or create inappropriate trust
in Al-generated content. These risks are especially
important for scientific and health-related informa-
tion, where errors can affect personal decisions.

We therefore argue that accessible summariza-
tion systems should include source traceability, un-
certainty cues, and reader control. Systems should
not replace original documents or expert advice;
instead, they should help readers decide what to in-
spect more closely. Designers should also avoid as-
suming that neurodivergent readers need uniformly
simplified content. Our findings show that many
readers want detail, but want it organized, contex-
tualized, and adjustable.

We define positive impact in this work as improv-
ing access to scientific knowledge while preserving
autonomy, accuracy, and appropriate skepticism.
Measuring this impact requires evidence about how
people actually use and experience NLP systems.
Our study contributes one such evaluation frame-
work by jointly measuring comprehension, trust,
engagement, and cognitive load.
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A Appendix: Summary Prompts

This section contains the instructions followed by
authors to construct the extractive baseline sum-
maries, and the prompts used, along with the entire
source article, to generate the summaries used in
the quantitative study.

A.1 Extractive Generation Instructions

1. Copy and paste text from the Introduc-
tion/Background, Methodology, Results, and
Conclusion sections of the source text into a
text editor.

2. Go section by section, cutting out sentences
and words that are beyond the scope of the av-
erage reader, while retaining crucial info (i.e.,
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participant count, relevant context, limiting
factors, result interpretation) until the word
count enters a range of 300-400 words.

3. Review the reduced text carefully to ensure
that the article maintains clarity comparable
to source text.

4. Iterate process if any errors are discovered.

A.2 LLM-Q&A Prompt

Summarize the attached article in a Q&A format.
The summary must be split into two parts (1) Intro-
duction and background (2) results, discussion, and
conclusion. Each of the two parts should contain a
minimum of 350 words.

A.3 LLM-Abstractive Prompt

Summarize the attached article. The summary
must be split into two parts (1) Introduction and
background (2) results, discussion, and conclusion.
Each of the two parts should contain a minimum
of 350 words.

A4 LLM-PATHOS Prompt

Summarize the attached article in a Q&A style
using a distinct, engaging, professional persona of
your choosing. The tone should be professional, en-
gaging, and dialogue-heavy while avoiding robotic
or overly formal language. Structure the summary
in two parts: Introduction and Background; Results,
Discussion, and Conclusion. Each part should
be 250-350 words. Include metaphors, side com-
ments, or relatable examples where helpful, while
preserving important study details. Include natural
moments of skepticism or counterpoints embedded
within the persona’s voice.

A.5 LLM-LOGOS Prompt

Summarize the attached article in a Q&A style by
breaking information into main sections: Study
Overview; Key Points and Findings; Term Defini-
tions; and Topics to Explore. The summary should
be 500-750 words. Include 5-10 relevant term
definitions, 2—3 quotations integrated into the ex-
planation, necessary citations, and a short list of
related articles. The goal is to make the summary
comprehensive and accurate without overwhelming
the reader.

B Summary Style Examples

This section contains the first paragraph of actual
example summaries used in the quantitative study,

included here to demonstrate the differences in the
summary styles themselves.

B.1 Extractive Example
Source Text: (Azizi et al., 2022)

Rosemary was purchased from the mar-
ket and was used after scientific name
confirmation. The leaves were cleaned
and dried. For standardization, the plant
extract was prepared by warm macera-
tion method with 80% distilled ethanol.
Rosemary oral capsules were formu-
lated using 350 mg of the dried, milled,
and sieved plant per capsule which was
mixed with lactose monohydrate and
starch powder. Hard gelatin capsules
were filled with prepared granules using
a hand operated capsule filling machine.
The study was conducted as a random-
ized, double-blind, placebo-controlled
clinical trial in Besat Clinic affiliated to
Kerman University of Medical Sciences,
Kerman, Iran, from April to November
2020.

B.2 LLM-Abstractive Example
Source Text: (Chang, 2019)

Geospatial data in GIS can be repre-
sented in two formats: vector (points,
lines, polygons) and raster (gridded
cells). Each format serves different types
of information—vector is suited for dis-
crete features like roads or land parcels,
while raster works well for continuous
data like temperature or elevation. GIS
operations include acquiring and man-
aging data, querying attributes, analyz-
ing spatial relationships, and producing
maps.

B.3 LLM-Q&A Example
Source Text: (Mahyudin et al., 2023)

Q: What are the recent findings on
White Root Disease in Malaysia?

A: The disease can kill trees within
months and affects both young and ma-
ture trees. It spreads rapidly through root
contact. A 2021 genetic study revealed
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high intra-population diversity and dis-
tinct geographical clustering of R. mi-
croporus isolates in Malaysia, indicating
barriers like the South China Sea and
the Titiwangsa mountain range influence
gene flow.

B.4 LLM-LoGosS Example
Source Text: (Owings et al., 2019)

Q: What were the key results?

A:

* Mating Behavior: Bled females
showed reduced spawning behavior
compared to controls. For example,
control females mated 4.8 times in
the first week post-release, while
bled females mated only 2.0 times
(Owings et al., 2019, p. 211).

e Depth: Bled animals stayed in
deeper waters during the spawning
season (p. 213).

B.5 LLM-PATHOS Example
Source Text: (Su et al., 2021)

Q: Were there any noted challenges or
limitations?

A: Definitely. While the potential is
huge, we’re not without hurdles. These
include high costs, limited scalability,
material toxicity, and ethical consider-
ations surrounding stem cells and tis-
sue printing.  Furthermore, control-
ling degradation rates and mechanical
strength remains tricky—especially for
load-bearing applications.

C Formative Qualitative Interview Guide

This section includes the semi-structured interview
guide used by researchers during the formative

qualitative study.

C.1 Interview Part One

1. Can you explain your thought process while
reading this article? For example, what sorts
of struggles, concerns, or questions arose

while reading?

Of these, which do you think you’ll want

to incorporate into your solution?

2. When you read a scientific article, what areas
do you emphasize and what sections do you
tend to skip or struggle with?

Do you sometimes find yourself zoning
out?

(Y) why do you think this happens

sometimes?

3. When you're confused about a con-
cept—whether it’s in an online, academic or
casual setting—what set of steps do you take
to clear your confusion?

(if confused: provide examples)
4. Have you used Al chatbots like ChatGPT,
Gemini, or DeepSeek?

(Y) What kinds of situations do you usu-
ally use them for?

What situations do you avoid using them
for?
C.2 Interview Part Two
C.2.1 LLM-PATHOS Section

(Introduce example part one)

If you continued having the article [the summary
is] referencing explained to you in this way, would
it:

1. Make the information easier or harder to un-
derstand?
Can you explain why you think this is?
2. Would you feel more or less confident in the
explanation if it came in this format?
What about it makes you feel this way?
3. Do you find her way of explaining things more
engaging in your understanding of the study?

(Y) What aspects of her explanation
made it engaging?

(N) What aspects of the explanation style
did not make it engaging?

(Introduce example part two)
If [the summary] continued to explain the coun-
terarguments:

1. Would having access to both perspectives af-
fect your understanding of the concept?
How?
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(a) Comprehension (b) Trust

Predictor B SE p Predictor 15} SE P
Intercept 0.177 0.031 < .001 Intercept 3.722 0.105 < .001
LLM-Q&A 0.044 0.043 312 LLM-Q&A 0.430 0.148 .004
LLM-Abstractive 0.112 0.043 .010 LLM-Abstractive 0.458 0.148 .002
LLM-LoGos 0.149 0.053 .005 LLM-Logos 0.244 0.182 181
LLM-PATHOS 0.093 0.053 .080 LLM-PATHOS -0.039 0.182 .830
Lower-complexity (of source article) 0.243 0.042 < .001 Lower-complexity (of source article) 0.293 0.110 .008
LLM-Q&A x Lower-compl. -0.060 0.060 316 LLM-Q&A x Lower-compl. -0.160 0.156 .304
LLM-Abstractive X Lower-compl.  -0.392 0.060 < .001 LLM-Abstractive x Lower-compl. ~ -0.293 0.156 .059
LLM-L0GOS x Lower-compl. -0.370 0.073 < .001 LLM-LoGOS x Lower-compl. 0.027 0.191 .889
LLM-PATHOS X Lower-compl. -0.461 0.073 < .001 LLM-PATHOS X Lower-compl. -0.040 0.191 .834
AQ -0.001 0.001 390 AQ -0.009 0.006 115
(c) Cognitive Load (d) Engagement
Predictor 8 SE p Predictor B8 SE P
Intercept 1.212 0.264 < .001 Intercept 3.297 0.081 < .001
LLM-Q&A 0.349 0.235 137 LLM-Q&A 0.192 0.115 .094
LLM-Abstractive 0.248 0.235 290 LLM-Abstractive 0.144 0.115 .209
LLM-LoGos -0.113  0.289 .695 LLM-LoGoS -0.176 0.140 .209
LLM-PATHOS 0.711 0.287 .013 LLM-PATHOS 0.013 0.140 927
Lower-complexity (of source article) -0.082 0.188 .664  Lower-complexity (of source article) -0.063 0.082 441
LLM-Q&A x Lower-compl. 0.249 0.266 350 LLM-Q&A x Lower-compl. -0.000 0.116  1.000
LLM-Abstractive x Lower-compl.  -0.134 0.266 .616 LLM-Abstractive X Lower-compl.  -0.030 0.116 .796
LLM-LoGoS x Lower-compl. 0.175 0.328 .593 LLM-LoGos x Lower-compl. 0.330 0.142 .020
LLM-PATHOS x Lower-compl. -0.618 0.327 .059 LLM-PATHOS X Lower-compl. 0.003 0.142 981
NASA Begin 0.720 0.040 < .001 AQ -0.015 0.005 .001
AQ -0.004 0.009 642

Table 2: Mixed-effects model results across four outcome variables (a—d). Coefficients are fixed-effect estimates
from models with participant-level random intercepts. Reference categories are the Extractive summary style and

higher-complexity source article.

2. Does this context make the summarized infor-
mation more engaging or more overwhelm-

ing?

Can you explain why you think this is?

C.2.2 LLM-LOGOS Section

(Introduce example part one)

1. What contexts would you think to use this

format in?

2. How would your perception change if these
quotations were grabbed from other articles

on the same topic?

(Introduce example part two)

1. What contexts would you think to use this

format in?

2. Do you see yourself gravitating more to this

format, or the previous one?

Why?

(Introduce example part three)

1. How would you react to that kind of section?

2. Is it relevant to what you’re looking for in a

summary?

D Mixed-effects Model Results

Table 2 presents the mixed-effects model results
in a table format to more clearly show the exact

standard errors and p-values.
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