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Figure 1: An example of the generated text, image, and mind map priming cues used in our study, shown on a mobile platform.
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Abstract
Text summaries, images, and mind maps are well-known methods
for priming readers to better engage with content. Previously, these
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“primes” needed to be hand-crafted, limiting their use. The advent
of generative technologies makes the automatic creation of custom
primes for any passage a realistic possibility. Here, we evaluate the
efficacy of primes generated using AI on reading comprehension,
reading speed, and re-engagement during mobile reading, which is
notorious for its frequent interruptions. We used a mobile platform
to present a reading task with an interruption to 44 readers (21 with
English as a first language). We found that AI primes increased
reading speed by an average of 7% for all readers in the initial
reading task with no loss of comprehension and that visual primes
had a significant interruption recovery effect for people whose first
language was not English. Across all readers, text primes had both
the initial reading speed increase and were overall most preferred.

CCS Concepts
• Human-centered computing → Human computer inter-
action (HCI); User studies; Empirical studies in HCI ; Web-based
interaction; Visualization design and evaluation methods.

Keywords
Reading interfaces, interruptions, mobile reading, generative AI,
priming
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1 Introduction
Using “primes” such as text summaries, images, or mind maps has
been shown to facilitate the cognitive processing of information
(e.g., a text passage). These past studies used manually created
primes, explicitly developed by experts for each reading passage to
ensure they contained key information and effectively aided com-
prehension [14]. The time-consuming nature of designing these
cues made applying them broadly across diverse content impracti-
cal. The advent of generative AI tools such as ChatGPT, Midjourney,
and stable diffusion has made it possible to generate text, image,
and mixed-mode content [40, 48]. Still, it is unclear if these gen-
erated primes can have the content quality and alignment neces-
sary to positively impact reading performance. Additionally, we
particularly focus on mobile reading performance as more text is
increasingly consumed on mobile platforms where interruptions
are omnipresent. We, therefore, study the impact of interruptions
as a key challenge since mobile readers are subject to them by both
real-world events and phone notifications while on the go. The aim
is to generate insights that allow more efficient content consump-
tion and effective recovery from interruptions for future reading
technologies [19, 23, 27].

The theory of priming is that by showing a quick synopsis of
the content, the reader gets in the right contextual "frame of mind"
to take in the new material [59]. Priming cues can be of many dif-
ferent types, including: keywords, headings, image collages, mind
maps, word clouds, highlighting, and text summaries; in past works,

these have been investigated for their ability to guide attention
and support learning outcomes particularly with respect to read-
ing [14, 46, 57]. They have been shown to affect recall and mem-
ory processing tasks [46] and have been hypothesized to assist
readers in overcoming the negative effects of reading interrup-
tions [15, 19, 23, 27, 54].

With the spread of generative AI tools, priming cues can be
created and contextualized in situ. In this study, we evaluate the
effectiveness of three types of primes generated with the assistance
of AI tools, so-called “AI-primes”: text summaries, representative
images, and mind maps. We use generative technologies to create
these as detailed in subsection 3.2, but for this study, we used
human-in-the-loop refinement. As these technologies improve, this
process could eventually be fully automated. Our primary research
questions are:

• RQ1: How do AI-assisted primes compare to each other with
respect to reading speed, comprehension, and re-engagement
after an interruption?

• RQ2: Which AI-assisted priming representation – textual,
image, or mind map – are perceived as most effective?

In a user study with 44 participants, we evaluated the effective-
ness of AI-primes by introducing a reading taskwith an interruption
on a mobile platform. We measured reading speed and text compre-
hension before and after a planned interruption. We found that all
types of AI-primes motivated faster reading speeds for the initial
reading task (before the interruption), an average 7% increase over
the "no prime" baseline, with text showing a slightly stronger effect.
After the interruption, the effect of the primes was reduced, and
the only impact on any group was the image prime for participants
whose first language was not English. In terms of subjective ratings,
both image priming and mind maps were perceived to pose less risk
of spoiling the story, although text priming was the overall favorite.
The text primes were perceived as most helpful and resulted in
higher comprehension of inferential questions.

Our research is limited to assessing the impact of AI-primes
on longer fictional passages read on the mobile platform, however,
within this scope, we show these primes may have a positive impact
on reading metrics and that specific types of primes may be better
suited for different purposes and reader types.

2 Background and Related Work
Prior work shows that using different types of priming stimuli aids
text navigation and reader engagement [14]. Priming is a way of fa-
cilitating the cognitive processing of a stimulus (e.g., a text passage)
through prior exposure to concepts related to it [59]. An example
of priming would be talking to someone about different kinds of
fruit and then asking them to name something red. Because of the
fruit “priming stimulus”, a person is more likely to answer apple
rather than firetruck [13, 44, 47]. Priming has been shown to help
with memory encoding and retrieval [37, 50] and facilitate text
comprehension [4] in normal reading scenarios and even while
skimming [15, 51]. Our study explored three types of priming cues:
textual summaries, visual summaries, and conceptual summaries
in normal reading scenarios. While our three strategies integrate
generative AI to offer a variety of information summarization meth-
ods, recent research primarily focuses on using generative AI to

https://doi.org/10.1145/3706599.3720153
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modify the difficulty or length of passages [7, 32, 53]. We describe
our strategies and the related research in the following subsections.

In our study, we use three types of primes: text summaries, im-
age summaries, and mind maps, which are a type of conceptual
summary. Text summarization is a well-established task in natural
language processing that takes long passages of text as input and
attempts to provide a shortened, concise, and coherent summary of
the passage as output[1, 2, 16, 29, 30, 38, 67]. In recent years, large
language models such as GPT-3 [42] and GPT-4 [43] have made
text summarization widely accessible. Users have shown strong
preferences for these systems even if they sometimes lag in tradi-
tional automated metrics [28, 58]. Images offer an alternative to text
summarization. Prior work has shown that illustrations constructed
from the text can aid the learning process [10] and that enhanced
thumbnails can help users find relevant pages more quickly than
text summaries [64]. Early work in image generation from text
looked at using image retrieval from text to identify existing im-
ages or image collages to compose [5, 68]. Still, recent advances
in multi-modal generative AI can now create more complex and
realistic images from a text prompt [48, 52, 65]. Mind maps [8] are
conceptual summaries where concepts are represented as nodes
with text, and edges are drawn to represent relationships between
the concepts. Prior work has found that mind maps can assist
learning and allow readers to recall information more effectively
[12, 36]. Mind maps have also been found to improve reading com-
prehension for individuals learning English as a second language
[33]. There has been relatively little work on automatically cre-
ating high-quality mind maps. Still, some prior work has studied
semantic and dependency parsing to extract key concepts and their
semantic relationships [17, 41, 69]. In this work, we explore using
ChatGPT to create mind maps from passages of varying length
and complexity. We describe our implementation of each type of
priming stimuli in Subsection 3.2.

We use a mobile reading task to measure the impact of the primes
on reading speed, comprehension, and re-engagement after inter-
ruption. Mobile reading is representative of how many documents
are currently consumed. It is often subject to interruption, particu-
larly when documents require more than a few minutes to read [31].
In multiple studies, interruption has been shown to decrease read-
ing comprehension and the users’ ability to re-engage with the
original task [19, 23, 27]. Methods for addressing the negative im-
pact of interruptions primarily include: minimizing or delaying
interruption [18, 23, 24, 45], preparing users for interruption [22],
and supporting task resumption after an interruption [25, 34, 54].
Our study uses an interruption that can be reasonably anticipated,
and we hoped that being primed would enhance the reader’s ability
to return to the passage’s context more easily. In summary, our
study aimed at evaluating the effectiveness of three types of AI
primes: textual, visual, and conceptual, using the established met-
rics of reading speed, comprehension, and re-engagement after
interruption. We answer the call for future research to include di-
verse participants to advance the study of personalization in reading
activities [39, 56, 61].

3 Experimental Design
To answer our research questions, we devised an experiment dur-
ing which we exposed participants to different types of AI-primes
and had them engage in a reading task that was systematically
interrupted.

3.1 Reading Materials
We selected reading passages at the 8th-grade reading levels a
level we deemed appropriately challenging without being overly
difficult for our university-recruited participants, based on recom-
mendations from recent readability research [6, 61]. Additionally,
we chose fictional articles to ensure participants were not famil-
iar with the content, reducing the likelihood of bias from prior
knowledge. We selected five articles from the online easyCBM
repository [3]1, which contains longer articles spanning approxi-
mately 1500-1700 words and which provides comprehension tests
for the articles comprising 20 professionally crafted multiple-choice
questions spanning three comprehension tiers: literal (7), inferen-
tial (7), and evaluative (6). The readability statistics of the selected
five articles are included in the Appendix in Table 2 and Table 3.

3.2 AI-Assisted Priming Cues
We chose to investigate three different types of priming represen-
tations – text priming, image priming, and mind map priming –
because each has unique characteristics that can influence reading
comprehension in different ways. Unlike previous studies where
priming cues were created manually, requiring significant human
effort [14, 57], we used GenAI tools to generate all our primes. To en-
sure consistency and quality across the different priming types, we
derived four key design criteria based on recommended guidelines
in previous research [4, 14] to ensure consistency across different
priming cues:

• D1: Relevancy to the content: Priming cues should closely
align with the key themes, events, and ideas of the reading
material.

• D2: Consistent visual layout: Consistency should be main-
tained across different priming cues, especially in image-
based primes, where continuity of characters, settings, and
scenes is important for maintaining reader immersion.

• D3: Succinct and informative: Primes should be designed
to balance informativeness with brevity, offering enough in-
formation to support comprehension without overwhelming
the reader.

• D4: Mobile platform suitability: All priming cues should
be tailored for optimal readability and usability on mobile
devices.

We designed the priming cues following the above design criteria
using GenAI tools2. We experimented with tools such as OpenAI’s
ChatGPT3 graphical interface (running the GPT-4 model, Mar 14,

1Sample articles and questions are provided in the supplementary materials
2The primes were generated between July 2023 and August 2023 using available GenAI
tools
3https://chatgpt.com/
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2023 version), Midjourney V5 4 as well as brainstorming apps like
Xmind5. The process is illustrated in Figure 2 and described below:

• Text-Priming: We used ChatGPT to generate concise text
primes for each article. A standardized prompt asking for a
summary of no more than 100 words (see Appendix C.1 for
details) was used to ensure consistency. After generation,
primes were manually reviewed for accuracy and relevance
to the original content. The 100-word limit was chosen to fit
the constraints of the mobile platform, optimizing readability
and user experience.

• Image-Priming: We used ChatGPT to identify four key
narrative moments, which were then converted into a comic-
style image collage using Gen-AI tools. We experimented
with different text-to-image generating AI tools, such as
DALL-E 2’s online and API versions, GPT-4 Plugin MixerBox,
Adobe Firefly (2023 version), and Midjourney V5. Among
them, only Midjourney could generate consistent story char-
acters and scene depiction. The final images were crafted in
a comic-style format, using Midjourney’s ‘seed’ function to
maintain continuity across images. A detailed exploration
of different AI tools and image-generation challenges can be
found in the Appendix C.2.

• Mind map Priming: The mind maps were generated using
a combination of ChatGPT and XMind, following XMind’s
guidelines6. The process involved converting a Markdown
format text into a visual mind map, then refining it to fit
mobile screen limitations. The specific steps and prompt
details can be found in the Appendix C.3.

3.3 Interruption Tasks
As priming cues have been hypothesized to reduce the negative
effects of interruptions [19, 27], we evaluated our AI-assisted prim-
ing cues by including interruption tasks in our study. This task
included three sub-tasks: a letter recall task, a math task, and a
Tetris-like game task. All tasks are attention-intensive and neces-
sitate a degree of effort, aligning with the control processes for
reading interruptions described by Walczyk [60].

3.4 Reading Experiment Interface
Wedeveloped amobileweb application usingHTML5 and JavaScript
running on a Google Pixel 2XL (6.0 inches, 1440 x 2880 pixels) An-
droid phone using the open-source work of Wallace et al. [61, 62].
Fonts were standardized across all text passages.

The experiment comprised a welcome screen, study overview,
participant consent, 5 reading tasks, and a post-survey. Participants
were unaware of the study’s research questions and were instructed
to read normally, not to read aloud, and not to press the back button
or refresh the app. Each of the reading tasks included a priming
cue related to the reading condition, the reading task, a 20 question
multiple choice comprehension tests and a subjective survey. The
subjective assessment used a 5 point Likert scale to assess the extent
to which the prime was found to be helpful, distracting, "spoiling",

4https://www.midjourney.com/
5https://xmind.app/
6https://xmind.app/blog/chatgpt-and-xmind-how-to-create-a-mind-map-with-
chatgpt/

enjoyable and helpful. After all reading tasks were completed, a
post-hoc survey was used to gather information about participants’
demographics (age, native language, other languages), reading ex-
perience (frequency, type of content, device of choice), and their
reading ability (speed and comprehension) using 5-point Likert
scales. We also asked participants to self-report any reading-related
challenges: vision (normal, corrected), learning disabilities, or med-
ical issues that might impact reading. Post-survey questions are
provided in Appendix §B.

3.5 Lab-based User Study
The study was approved by the [Anonymous] Ethics Committee
(Project ID: [Anonymous]).

3.5.1 Study design. We performed a within-subject laboratory-
based user study where every participant read five articles under
five different reading conditions:

• No-interruption + No-priming: A natural reading baseline
• No-priming: The reading task with the interruption but no
prime.

• Text-priming: An AI text prime is shown at the beginning
of the task and readers are interrupted.

• Image-priming: Identical to text priming but with an an AI
image prime

• Mind map priming: Identical to text priming but with an an
AI mind map prime

All the reading conditions were counterbalanced to avoid the order
effects. The passage order was randomly shuffled. At the beginning
of the study, we led participants through a "demo round" with a
short passage (175 words), the interruption task and a short quiz (2
questions) to familiarize them with the study.

3.5.2 Participants. We initially recruited 56 participants through a
university notice board and mailing list. Five (𝑁 = 5) were excluded
because they could not complete the study due to a technical issue.
Two (𝑁 = 2) were excluded due to self-identification as having
a reading-related disability in the post hoc survey, and (𝑁 = 5)
were excluded due to outlier scores for either reading speed or
comprehension using the interquartile range method. All the partic-
ipants were compensated for their time and contribution by e-gift
vouchers. In total, we analyzed data from 44 participants (34 fe-
male, 9 male, and 1 non-binary) where 21 participants belonged
to 18-24 age group, 18 participants to 25-34 age group, and the
remaining 5 participants were above 35 years old (M = 25.57 years,
SD = 7.90 across all each groups). Of these, 19 participants identified
themselves as having English as their first language, 22 as English
Proficient, and 3 as English Competent.

4 Analysis and Results
We present quantitative and qualitative results for our research
questions. Our quantitative evaluation metrics include: reading
speed of the text passages measured in words per minute (WPM),
the comprehension score for the 20 multiple choice questions
per passage, the time spent on the quiz (comprehension time)
and the time viewing the primes. Our qualitative metrics included
evaluating the extent to which the primes were seen as helpful,
distracting, a "spoiler" for the story spoiling, enjoyable, and
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In the adventurous short story "The Cam-
el's Back," young Chan de�es her parents' 
instructions not to ride the family motorcy-
cle unsupervised. As her family leaves for 
the evening, Chan yields to temptation, 
taking her bike out for a thrilling ride 
across the family's �eld. Pushing her limits, 
she takes a daring leap over a terrain fea-
ture known as "the camel's back" and 
crashes. She hides her accident and the ex-

Read the following story and identify 4 key moments 
in the story. I want to generate 4 images based on the 
key moments. Describe each key moment in adjec-
tives and verbs so that I can describe it to an illustra-
tor. All the pictures should be described in a manner 
that they are independent. Replace Chan with Yui 
Aragaki, a famous Japanese actor.

<story goes here...>

Illusration 1: This is a cartoon-style scene 
that depicts our protagonist, Yui Aragaki, 
a character inspired by the famous Japa-
nese actor. Yui is portrayed in full motor-
cycle gear, including a helmet and gog-
gles, standing next to a cool, cartoonish 
motorcycle in an expansive, undulating 
�eld. Yui's expressive face is a mix of ex-
citement and guilt. A highlight of the 
background is the dirt trail with two 

/imagine
prompt The prompt to imagine

prompt

Read the following passage and create a succinct 
mind map in Markdown format for XMind compatibil-
ity, suitable for mobile phone display with a tree table 
structure.

<story goes here...>

Text-Priming
Generation

Image-Priming
Generation

Mindmap-Priming
Generation

Please write a brief and concise summary of the fol-
lowing article. It should provide an overview of the 
main points, key arguments, and �ndings, but should 
not exceed 100 words. Ensure the summary accurate-
ly re�ects the essence of the article, giving the reader 
an understanding of the content without having to 
read the entire piece. Remember, this summary 
should serve as a preview to the main article.

<story goes here...>

The Camel's Back

Chan's Decisions
• Ignored parents' warning
▪ Chose to ride her motorcycle unsu-

pervised
• Decided to tackle "the camel's back"
▪ Managed to perform the stunt

• Took risk of riding back despite pain

Figure 2: A figure showing how text-priming, image-priming, and mind map priming cues were generated using Gen-AI tools.

the extent to which they believed it helped them remember the
content.

4.1 Objective Metrics to Answer RQ1
We evaluated the differences in comprehension scores, comprehen-
sion time, and reading speed for the participants in no-priming
condition with text, image, and mind map reading condition using
a linear mixed-effects model (LME).

To answer RQ1, we designed separate LMEs to compare the
effects of individual predictors, similar to related readability re-
search [61]. We held each of the reading conditions – text, image,
and mind map – as fixed effects, and participant ID and passage ID
as crossed random effects in our model. Since previous research
has shown that individual differences, age, and native language
influence reading [11, 55, 56, 61], we tested the influence of these
factors by adding them to the LME model. We applied post-hoc
Tukey’s Honestly Significant Difference (HSD) test to compare the
differences.

Our quantitative analysis yielded three significant results:

(1) Participants in all the priming conditions read faster com-
pared to no-priming condition (𝑆𝑝𝑒𝑒𝑑 − 𝑢𝑝Text-Priming =

22𝑊𝑃𝑀, 𝑝 < 0.05, 𝑆𝑝𝑒𝑒𝑑 − 𝑢𝑝Image-Priming = 19𝑊𝑃𝑀, 𝑝 <

0.05, 𝑆𝑝𝑒𝑒𝑑 − 𝑢𝑝Mindmap-Priming = 34𝑊𝑃𝑀, 𝑝 < 0.001).
(2) For people who did not have English as a first language,

Image-Priming significantly positively impacted reading speed
after the interruption with a reading speed improvement of
8.3% (𝑝 < 0.05).

(3) Participants scored 8.0% higher on inferential questionswhen
viewing Text-Priming compared to Mindmap-Priming (𝑝 =

0.05).
The average reading times per priming cue were: text (35.7s),

image (16.7s), and mind map (28.5s). For people with English as a
first language, they read 33.4% faster in text prime reading (28.3s)
compared to those who learned English later (42.5s). This increase
proved statistically significant (𝑝 < 0.05).

4.2 Subjective Metrics to Answer RQ2
To answer RQ2 and evaluate which priming cues readers perceived
as most effective, we analyzed participants’ subjective ratings for
the variables helpful, distracting, spoiling, enjoyable, and remem-
bering using a non-parametric Friedman test. We compared each
AI prime, text, image, and mind map, to the no priming baseline. If
significant differences were detected, pairwise comparisons were
conducted using the Wilcoxon signed-rank test, with Bonferroni
correction applied to control for multiple comparisons.

Our analysis revealed a significant difference between text and
both image and mind map priming for “helpfulness”. Post-hoc anal-
ysis revealed a significant difference in perceived spoiler character-
istics between text and image priming (𝑍 = -2.18, 𝑝 < 0.05) but did
not yield a significant difference in text and mind map priming (𝑍
= -0.61, 𝑝 = 0.54). Post-hoc analysis also did not yield a significant
difference in perceived enjoyable characteristics between text and
image priming (𝑍 = -1.28, 𝑝 = 0.20) or between text and mind map
priming (𝑍 = -1.90, 𝑝 = 0.06). Table 1 shows our results with only the
variables that retained significance in post-hoc analysis highlighted
in bold.
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Table 1: A summary of participant’s subjective ratings for all the priming cues in terms of different subjective metrics.

Text Image Mind Map Comparison

M SD M SD M SD 𝜒2 (2) 𝑝 Kendall’s𝑊
Helpful 4.05 0.959 3.28 1.12 3.28 1.39 13.77 0.001 0.156

Distracting 2.17 1.13 2.33 1.06 2.44 1.30 0.59 0.74 0.007
Spoiler 2.98 1.27 2.26 1.14 2.60 1.16 10.75 0.004 0.122

Enjoyable 3.92 1.10 3.53 1.03 3.23 1.36 10.38 0.006 0.118
Remember 4.00 1.15 3.44 1.26 3.35 1.34 7.65 0.022 0.118

4.3 Qualitative Analysis: User’s Response about
Three AI-Assisted Priming Cues

To develop a more thorough comprehension of user sentiments
regarding the three priming cues (RQ2), we conducted a thematic
analysis of participants’ responses concerning their favorite and
least favored summaries. Themost people chose text prime as
their favorite 45.5% (N=20) of whom 12 had English as a first lan-
guage. The text prime was praised for its clarity (N=8), effortlessness
(N=7), thoroughness (N=6) and familiarity (N=2). Seven participants
chose text as their least favorite, only two of whom had English as a
first language. The most common criticism was verbosity, requiring
extra time for comprehension. One participant mentioned that the
text primemade them focus on it rather than the story itself, causing
them to skip story details. The image prime was chosen as a favorite
by 27.3% (N=12) of participants selected the image prime as their
favourite, 4 with English as a first language. Participants preferred
it primarily for its ability to stimulate imagination (N=4) and im-
prove memorability (N=3). Of the 17 that chose image as their least
favorite (8 English as first language) the most common criticism
were its ambiguity (N=7) and its limitedness (N=8). The participants
found the image prime deficient in details and unhelpful in grasping
the future textual content. The mind map prime was selected as the
favorite by 27.3% (N=12) of participants, with 5 participants having
English as their first language. Overall, participants reported that
it made complex information more accessible and organized. Four
specifically praised its informativeness. One participant mentioned
that the different shapes, colors, and lines aided understanding. Of
the nineteen that selected mind map as their least favorite (11 with
English as a first language), Most of them expressed the property
of distractedness (N=5) and complication (N=5) regarding the mind
map prime. Three participants believed it hindered memorization,
and two participants disliked its formalness for narrative text.

5 Discussion and Limitations
Our participants were native and non-native English speakers (Non-
ES), answering the call for future research to diversify participants
to study readability for all [39, 56, 61]. However, our efforts were
limited to evaluating the efficacy of AI generated primes for Eng-
lish text at the 8th grade level on a mobile platform in a controlled
laboratory setting. We found that readers anticipated and relied
on our AI generated primes, improving pre-interruption reading
speed. This aligns with the Zeigarnik effect, which suggests that
interruptions enhance task memory [66], and prior research show-
ing improved task performance after interruptions [35]. Thus, our

work shows initial evidence of AI generated primes to help prepare
users for interruption[22] and support task resumption after an
interruption [25, 34, 54]. One explanation for our results on the rela-
tionship between priming and reading speed is that priming allows
readers to engage in skimming reading behaviors [15]. For example,
recent research shows that an AI-resilient text rendering technique
for reading and skimming documents improved readers’ choices on
what text to skip when skimming [21]. Our results show promise
that image summarization as primes can yield similar benefits to
a Grammar-Preserving Text Saliency Modulation (GP-TSM) [20].
The common thread among our research is preparing and helping
readers to recover their reading efforts while retaining compre-
hension. This is especially challenging across cultures [51]. Future
work should study diverse methods and styles of prime generation
across diverse content, such as business reports or infographics.

Our findings suggest people want AI tools that can seamlessly in-
tegrate into reading to assist during interruptions. All participants
preferred using primes while reading, thus providing evidence that
future reading systems should use Generative AI to integrate per-
sonalized primes across cultures. However, mirroring prior work,
participant preference in primes did not predict effectiveness [63].
Pointing towards the call for personalization [61], we found that
individual differences played a significant role in reading speed,
comprehension, and cue effectiveness. Participants with English
as their first language processed primes faster, while those who
learned English later benefited more from image summaries. Images
significantly increased reading speed for Non-ES readers, offering
quicker processing than text primes with equivalent benefits. This
result builds on prior research studying mind maps [14] and mirror-
ing results showing the benefits of priming for EFL readers learning
English in a foreign country [26]. While reusable image summaries
across languages may reduce equity gaps in readability, addressing
limitations from recent studies [9, 39]. These results align with
recent studies showing AI generated content improves comprehen-
sion [26, 49]. Our findings suggest a promising future for assistive
reading technologies, with AI providing targeted, adaptable support
for diverse readers in common scenarios.

6 Conclusion
Priming has proven to be an effective way to improve reading
in terms of speed and comprehension but generating primes for
individual texts is a labour-intensive task [10]. By using generative
AI to produce primes, we can overcome this major pain point. Our
results show the feasibility of AI-primes, especially text and images
being good enough and relevant enough to the text they represent
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that users prefer them to no prime (45.5% preferring text-priming,
27.3% each preferring image-priming and mind map-priming, and
none of them selecting “None of them" option). We found that all
generated primes increase initial reading speed (8%) and that image
primes help readers whose first language is not English re-engage
with reading faster after an interruption. Although the best prime
for any text is likely to be text and reader-dependent, the power of
generative AI allows any prime to be generated for any reader as
soon as they open a document. As reading becomes more mobile
and interrupted, we believe that cognitive aids like text, image and
mind map primes will help people engage more effectively with
content and that AI will make it possible to generate this assistance
tailored to every reader for every text.

References
[1] Zakariae Alami Merrouni, Bouchra Frikh, and Brahim Ouhbi. 2023. EXABSUM:

a new text summarization approach for generating extractive and abstractive
summaries. Journal of Big Data 10, 1 (2023), 163.

[2] Mehdi Allahyari, Seyedamin Pouriyeh, Mehdi Assefi, Saeid Safaei, Elizabeth D
Trippe, Juan B Gutierrez, and Krys Kochut. 2017. Text Summarization Tech-
niques: A Brief Survey. International Journal of Advanced Computer Science and
Applications (IJACSA) 8, 10 (2017), 397–405.

[3] J. Alonzo, G. Tindal, K. Ulmer, and A. Glasgow. 2006. EasyCBM Online Progress
Monitoring Assessment System.

[4] Katrin Angerbauer, Tilman Dingler, Dagmar Kern, and Albrecht Schmidt. 2015.
Utilizing the Effects of Priming to Facilitate Text Comprehension. In Proceedings
of the 33rd Annual ACM Conference Extended Abstracts on Human Factors in
Computing Systems (Seoul, Republic of Korea) (CHI EA ’15). Association for
Computing Machinery, New York, NY, USA, 1043–1048. https://doi.org/10.1145/
2702613.2732914

[5] Sandro Aldo Aramini, Edoardo Ardizzone, and Giuseppe Mazzola. 2015. Au-
tomatic Illustration of Short Texts via Web Images. In Proceedings of the 6th
International Conference on Information Visualization Theory and Applications
- Volume 1: IVAPP, (VISIGRAPP 2015). INSTICC, ScitePress, Berlin, 139–148.
https://doi.org/10.5220/0005307301390148

[6] Sofie Beier, Sam Berlow, Esat Boucaud, Zoya Bylinskii, Tianyuan Cai, Jenae Cohn,
Kathy Crowley, Stephanie L Day, Tilman Dingler, Jonathan Dobres, et al. 2022.
Readability research: An interdisciplinary approach. Foundations and Trends® in
Human–Computer Interaction 16, 4 (2022), 214–324.

[7] Ummugul Bezirhan and Matthias von Davier. 2023. Automated reading passage
generation with OpenAI’s large language model. Computers and Education:
Artificial Intelligence 5 (2023), 100161.

[8] Tony Buzan. 1984. Make the most of your mind. Simon and Schuster. https:
//books.google.com/books?id=ZIDIoc30Z6sC

[9] Tianyuan Cai, Shaun Wallace, Tina Rezvanian, Jonathan Dobres, Bernard Kerr,
Samuel Berlow, Jeff Huang, Ben D Sawyer, and Zoya Bylinskii. 2022. Personalized
Font Recommendations: Combining ML and Typographic Guidelines to Optimize
Readability. In Designing Interactive Systems Conference. 1–25.

[10] Russell N Carney and Joel R Levin. 2002. Pictorial illustrations still improve
students’ learning from text. Educational psychology review 14 (2002), 5–26.

[11] Maneerut Chatrangsan and Helen Petrie. 2019. The effect of typeface and font size
on reading text on a tablet computer for older and younger people. In Proceedings
of the 16th Web For All 2019 Personalization-Personalizing the Web. ACM, ACM,
New York, NY, USA, 5.

[12] Anthony V D’Antoni, Genevieve Pinto Zipp, Valerie G Olson, and Terrence F
Cahill. 2010. Does the mind map learning strategy facilitate information retrieval
and critical thinking in medical students? BMCmedical education 10 (2010), 1–11.

[13] Sanorita Dey, Brittany RL Duff, and Karrie Karahalios. 2022. Re-imagining the
Power of Priming and Framing Effects in the Context of Political Crowdfund-
ing Campaigns. In Proceedings of the 2022 CHI Conference on Human Factors in
Computing Systems. 1–22.

[14] Tilman Dingler, Dagmar Kern, Katrin Angerbauer, and Albrecht Schmidt. 2017.
Text Priming - Effects of Text Visualizations on Readers Prior to Reading. In
Human-Computer Interaction – INTERACT 2017, Regina Bernhaupt, Girish Dalvi,
Anirudha Joshi, Devanuj K. Balkrishan, Jacki O’Neill, and Marco Winckler (Eds.).
Springer International Publishing, Cham, 345–365.

[15] Geoffrey B Duggan and Stephen J Payne. 2006. How much do we understand
when skim reading?. In CHI’06 Extended Abstracts on Human Factors in Computing
Systems. 730–735.

[16] Wafaa S El-Kassas, Cherif R Salama, Ahmed A Rafea, and Hoda K Mohamed.
2021. Automatic text summarization: A comprehensive survey. Expert systems
with applications 165 (2021), 113679.

[17] Mohamed Elhoseiny and Ahmed Elgammal. 2012. English2mindmap: An auto-
mated system for mindmap generation from english text. In 2012 IEEE Interna-
tional Symposium on Multimedia. IEEE, 326–331.

[18] Joel E Fischer, Chris Greenhalgh, and Steve Benford. 2011. Investigating episodes
of mobile phone activity as indicators of opportune moments to deliver notifi-
cations. In Proceedings of the 13th international conference on human computer
interaction with mobile devices and services. 181–190.

[19] Cyrus K Foroughi, Nicole E Werner, Daniela Barragán, and Deborah A Boehm-
Davis. 2015. Interruptions disrupt reading comprehension. Journal of Experimen-
tal Psychology: General 144, 3 (2015), 704.

[20] Ziwei Gu, Ian Arawjo, Kenneth Li, Jonathan KKummerfeld, and Elena L Glassman.
2024. An AI-resilient text rendering technique for reading and skimming docu-
ments. In Proceedings of the 2024 CHI Conference on Human Factors in Computing
Systems. 1–22.

[21] Ziwei Gu, Owen Raymond, Naser Al Madi, and Elena L Glassman. 2024. Why Do
Skimmers Perform Better with Grammar-Preserving Text Saliency Modulation
(GP-TSM)? Evidence from an Eye Tracking Study. In Extended Abstracts of the
CHI Conference on Human Factors in Computing Systems. 1–8.

[22] Helen M Hodgetts and Dylan M Jones. 2006. Contextual cues aid recovery
from interruption: The role of associative activation. Journal of Experimental
Psychology: Learning, Memory, and Cognition 32, 5 (2006), 1120.

[23] Shamsi T. Iqbal and Brian P. Bailey. 2005. Investigating the Effectiveness of
Mental Workload as a Predictor of Opportune Moments for Interruption. In CHI
’05 Extended Abstracts on Human Factors in Computing Systems (Portland, OR,
USA) (CHI EA ’05). Association for Computing Machinery, New York, NY, USA,
1489–1492. https://doi.org/10.1145/1056808.1056948

[24] Izabelle F Janzen and Joanna McGrenere. 2022. Reflective Spring Cleaning:
Using Personal Informatics to Support Infrequent Notification Personalization. In
Proceedings of the 2022 CHI Conference on Human Factors in Computing Systems.
1–16.

[25] Dagmar Kern, Paul Marshall, and Albrecht Schmidt. 2010. Gazemarks: Gaze-
Based Visual Placeholders to Ease Attention Switching. In Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems (Atlanta, Georgia,
USA) (CHI ’10). Association for Computing Machinery, New York, NY, USA,
2093–2102. https://doi.org/10.1145/1753326.1753646

[26] Mohammad Saber Khaghaninejad. 2024. The Efficiency of Priming Techniques for
the Word Recognition and Sentence Comprehension of EFL Learners: Conceptual
and Perceptual Priming in Comparison. LEARN Journal: Language Education and
Acquisition Research Network 17, 1 (2024), 789–815.

[27] Luis Leiva, Matthias Böhmer, Sven Gehring, and Antonio Krüger. 2012. Back to
the App: The Costs of Mobile Application Interruptions. In Proceedings of the
14th International Conference on Human-Computer Interaction with Mobile Devices
and Services (San Francisco, California, USA) (MobileHCI ’12). Association for
Computing Machinery, New York, NY, USA, 291–294. https://doi.org/10.1145/
2371574.2371617

[28] Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang, Ruochen Xu, and Chenguang
Zhu. 2023. G-Eval: NLG Evaluation using GPT-4 with Better Human Alignment.
arXiv preprint arXiv:2303.16634 (2023).

[29] Yixin Liu and Pengfei Liu. 2021. SimCLS: A Simple Framework for Contrastive
Learning of Abstractive Summarization. In Proceedings of the 59th Annual Meeting
of the Association for Computational Linguistics and the 11th International Joint
Conference on Natural Language Processing (Volume 2: Short Papers). 1065–1072.

[30] Yixin Liu, Pengfei Liu, Dragomir Radev, andGrahamNeubig. 2022. BRIO: Bringing
Order to Abstractive Summarization. In Proceedings of the 60th Annual Meeting of
the Association for Computational Linguistics (Volume 1: Long Papers). 2890–2903.

[31] Ziming Liu. 2005. Reading behavior in the digital environment: Changes in
reading behavior over the past ten years. Journal of documentation 61, 6 (2005),
700–712. https://doi.org/10.1108/00220410510632040

[32] Qing Ma, Peter Crosthwaite, Daner Sun, and Di Zou. 2024. Exploring ChatGPT
literacy in language education: A global perspective and comprehensive approach.
Computers and Education: Artificial Intelligence (2024), 100278.

[33] Bahareh Malekzadeh and Abbas Bayat. 2015. The effect of mind mapping strategy
on comprehending implicit information in EFL reading texts. International Journal
of Educational Investigations 2, 3 (2015), 81–90.

[34] Alexander Mariakakis, Mayank Goel, Md Tanvir Islam Aumi, Shwetak N. Patel,
and Jacob O. Wobbrock. 2015. SwitchBack: Using Focus and Saccade Tracking to
Guide Users’ Attention for Mobile Task Resumption. In Proceedings of the 33rd
Annual ACM Conference on Human Factors in Computing Systems (Seoul, Republic
of Korea) (CHI ’15). Association for Computing Machinery, New York, NY, USA,
2953–2962. https://doi.org/10.1145/2702123.2702539

[35] Gloria Mark, Daniela Gudith, and Ulrich Klocke. 2008. The cost of interrupted
work: more speed and stress. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (Florence, Italy) (CHI ’08). Association for Comput-
ing Machinery, New York, NY, USA, 107–110. https://doi.org/10.1145/1357054.
1357072

[36] Emmelien Merchie, Leen Catrysse, and Hilde Van Keer. 2021. Mind maps as
primers when reading-for-learning in elementary grades? An eye tracking study.
Instructional science 49 (2021), 23–65.

https://doi.org/10.1145/2702613.2732914
https://doi.org/10.1145/2702613.2732914
https://doi.org/10.5220/0005307301390148
https://books.google.com/books?id=ZIDIoc30Z6sC
https://books.google.com/books?id=ZIDIoc30Z6sC
https://doi.org/10.1145/1056808.1056948
https://doi.org/10.1145/1753326.1753646
https://doi.org/10.1145/2371574.2371617
https://doi.org/10.1145/2371574.2371617
https://doi.org/10.1108/00220410510632040
https://doi.org/10.1145/2702123.2702539
https://doi.org/10.1145/1357054.1357072
https://doi.org/10.1145/1357054.1357072


CHI EA ’25, April 26–May 01, 2025, Yokohama, Japan Srivastava, et al.

[37] Abigail MD Mundorf, Mitchell G Uitvlugt, and M Karl Healey. 2024. Incidentally
encoded temporal associations produce priming in implicit memory. Psychonomic
Bulletin & Review 31, 2 (2024), 761–771.

[38] Ani Nenkova and Kathleen McKeown. 2012. A survey of text summarization
techniques. Mining text data (2012), 43–76.

[39] Aleena Gertrudes Niklaus, Tianyuan Cai, Zoya Bylinskii, and Shaun Wallace.
2023. Digital Reading Rulers: Evaluating Inclusively Designed Rulers for Readers
With Dyslexia and Without. In Proceedings of the 2023 CHI Conference on Human
Factors in Computing Systems. 1–17.

[40] Daniel Nkemelu, Peggy Chi, Daniel Castro Chin, Krishna Srinivasan, and Irfan
Essa. 2023. Automatic multi-path web story creation from a structural article.
arXiv preprint arXiv:2310.02383 (2023).

[41] Andrew Olney, Whitney L Cade, and Claire Williams. 2011. Generating concept
map exercises from textbooks. In Proceedings of the Sixth Workshop on Innovative
Use of NLP for Building Educational Applications. 111–119.

[42] OpenAI. 2020. ChatGPT: Optimizing Language Models for Dialogue. , [on-
line] pages.

[43] OpenAI. 2023. GPT-4 Technical Report. arXiv:2303.08774 [cs.CL]
[44] Charlie Pinder, Jo Vermeulen, Benjamin R Cowan, Russell Beale, and Robert J

Hendley. 2017. Exploring the feasibility of subliminal priming on smartphones. In
Proceedings of the 19th International Conference on Human-Computer Interaction
with Mobile Devices and Services. 1–15.

[45] Romina Poguntke, Christina Schneegass, Lucas Van der Vekens, Rufat Rzayev,
Jonas Auda, Stefan Schneegass, and Albrecht Schmidt. 2020. NotiModes: an
investigation of notification delay modes and their effects on smartphone users.
In Proceedings of Mensch und Computer 2020. 415–419.

[46] Gustavo E Prestera and Roy Clariana. [n. d.]. When Do Headings Improve
Learning? A Synthesis of Verbal Signals Research. 2003 Annual Proceedings-
Anaheim: Volume ([n. d.]), 356.

[47] Suparna Rajaram and Henry L Roediger. 1993. Direct comparison of four im-
plicit memory tests. Journal of Experimental Psychology: Learning, Memory, and
Cognition 19, 4 (1993), 765. https://doi.org/10.1037/0278-7393.19.4.765

[48] Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec
Radford,Mark Chen, and Ilya Sutskever. 2021. Zero-shot text-to-image generation.
In International Conference on Machine Learning. PMLR, 8821–8831.

[49] Md Mamunur Rashid, Nilsu Atilgan, Jonathan Dobres, Stephanie Day, Veronika
Penkova, Mert Küçük, Steven R Clapp, and Ben D Sawyer. 2023. Humanizing AI in
Education: A Readability Comparison of LLM and Human-Created Educational
Content. In Proceedings of the Human Factors and Ergonomics Society Annual
Meeting. SAGE Publications Sage CA: Los Angeles, CA, 10711813241261689.

[50] Roger Ratcliff and Gail McKoon. 1988. A retrieval theory of priming in memory.
Psychological review 95, 3 (1988), 385. https://doi.org/10.1037/0033-295X.95.3.385

[51] Keith Rayner, Elizabeth R Schotter, Michael EJ Masson, Mary C Potter, and
Rebecca Treiman. 2016. So much to read, so little time: How do we read, and can
speed reading help? Psychological Science in the Public Interest 17, 1 (2016), 4–34.

[52] Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn
Ommer. 2022. High-resolution image synthesis with latent diffusion models. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
10684–10695.

[53] Ayfer Sayin and Mark Gierl. 2024. Using OpenAI GPT to Generate Reading
Comprehension Items. Educational Measurement: Issues and Practice 43, 1 (2024),
5–18.

[54] Christina Schneegass and Fiona Draxler. 2021. Designing Task Resumption
Cues for Interruptions in Mobile Learning Scenarios. In Technology-Augmented
Perception and Cognition. Springer, 125–181.

[55] Shannon M Sheppard, Susanne Nobles, Sophie Kajfez, Anton Palma, Kathy Crow-
ley, Marjorie Jordan, and Sofie Beier. 2022. Influences of Font Format on Reading
Comprehension: Implications of Font Personalization in K-8 Students. In Society
for the Scientific Study of Reading Annual Meeting.

[56] Shannon M Sheppard, Susanne L Nobles, Anton Palma, Sophie Kajfez, Marjorie
Jordan, Kathy Crowley, and Sofie Beier. 2023. One Font Doesn’t Fit All: The Influ-
ence of Digital Text Personalization on Comprehension in Child and Adolescent
Readers. Education Sciences 13, 9 (2023), 864.

[57] Namrata Srivastava, Rajiv Jain, Jennifer Healey, Zoya Bylinskii, and Tilman
Dingler. 2021. Mitigating the Effects of Reading Interruptions by Providing
Reviews and Previews. In Conference on Human Factors in Computing Systems -
Proceedings. ACM, New York, NY, USA, 1–6. https://doi.org/10.1145/3411763.
3451610

[58] Greg Durrett Tanya Goyal, Junyi Jessy Li. 2022. News Summarization and
Evaluation in the Era of GPT-3. arXiv preprint (2022).

[59] Endel Tulving, Daniel L Schacter, and Heather A Stark. 1982. Priming effects in
word-fragment completion are independent of recognition memory. Journal of
experimental psychology: learning, memory, and cognition 8, 4 (1982), 336.

[60] Jeffrey J Walczyk. 2000. The interplay between automatic and control processes
in reading. Reading Research Quarterly 35, 4 (2000), 554–566.

[61] Shaun Wallace, Zoya Bylinskii, Jonathan Dobres, Bernard Kerr, Sam Berlow,
Rick Treitman, Nirmal Kumawat, Kathleen Arpin, Dave B Miller, Jeff Huang,
and Others. 2022. Towards Individuated Reading Experiences: Different Fonts

Increase Reading Speed for Different Individuals. ACM Transactions on Computer-
Human Interaction (TOCHI) 29, 4 (2022), 1–56.

[62] Shaun Wallace, Rick Treitman, Jeff Huang, Ben D Sawyer, and Zoya Bylinskii.
2020. Accelerating Adult Readers with Typeface: A Study of Individual Pref-
erences and Effectiveness. In Extended Abstracts of the 2020 CHI Conference on
Human Factors in Computing Systems. 1–9.

[63] Shaun Wallace, Rick Treitman, Nirmal Kumawat, Kathleen Arpin, Jeff Huang,
Ben Sawyer, and Zoya Bylinskii. 2020. Individual Differences in Font Preference
& Effectiveness as Applied to Interlude Reading in the Digital Age. Journal of
Vision 20, 11 (2020), 412. https://doi.org/10.1167/jov.20.11.412

[64] Allison Woodruff, Andrew Faulring, Ruth Rosenholtz, Julie Morrsion, and Peter
Pirolli. 2001. Using thumbnails to search the Web. In Proceedings of the SIGCHI
conference on Human factors in computing systems. 198–205.

[65] Jiahui Yu, Yuanzhong Xu, Jing Yu Koh, Thang Luong, Gunjan Baid, Zirui Wang,
Vijay Vasudevan, Alexander Ku, Yinfei Yang, Burcu Karagol Ayan, et al. 2022. Scal-
ing Autoregressive Models for Content-Rich Text-to-Image Generation. Transac-
tions on Machine Learning Research (2022).

[66] Bluma Zeigarnik. 1938. On finished and unfinished tasks. (1938).
[67] Yao Zhao, Mikhail Khalman, Rishabh Joshi, Shashi Narayan, Mohammad Saleh,

and Peter J Liu. 2022. Calibrating Sequence likelihood Improves Conditional
Language Generation. In The Eleventh International Conference on Learning Rep-
resentations.

[68] Xiaojin Zhu, Andrew B Goldberg, Mohamed Eldawy, Charles R Dyer, and Bradley
Strock. 2007. A text-to-picture synthesis system for augmenting communication.
In AAAI, Vol. 7. 1590–1595.

[69] Krunoslav Zubrinic, Damir Kalpic, and Mario Milicevic. 2012. The automatic
creation of concept maps from documents written using morphologically rich
languages. Expert systems with applications 39, 16 (2012), 12709–12718.

A Readability Statistics of Selected Articles
The readability statistics of selected articles are shown in Table 2
and Table 3.

B Post-Survey Questions
Below are copies of the post-survey questions. Questions marked
with a * are required.

(1) What is your age? (in years) * Short answer text
(2) What is your gender? *

• Male
• Female
• Non-binary
• Prefer not to say

(3) What is/are your native language(s) *
• English
• Other:

(4) What other languages do you speak? Long answer text. Leave
blank if you only speak English.

(5) Please describe your current occupation: * Long answer text.
(6) How often do you use mobile reading applications or e-

books? *
• Several times a day
• Once a day
• Several times a week
• Once a week
• Rarely

(7) Do you feel comfortable with reading articles written in
English?
• Not comfortable
• Somewhat comfortable
• Very comfortable

(8) How would you rate your speed as a reader? * Likert Scale 1
(Very Slow) – 5 (Very Fast)
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Table 2: Readability statistics of selected articles including the common scores: Flesch Kincaid (FK), Gunning Fog (GF), Simple
Measure of Gobbledygook (SMOG), Coleman Liau (CL), and Automated Readability (AR).

Article FK Reading Ease FK Grade Level GF Score SMOG Index CL Index AR Index

1 76.4 6.3 8.6 6.7 9.5 6.2
2 76.8 7.5 10.2 6.3 9 8.5
3 68.5 7.4 10 7.5 11 7.4
4 77.8 5.6 7.9 5.9 9.5 5.2
5 83.1 5.8 8.4 5.2 8.3 6.2

Table 3: Text statistics of our selected articles where Sent stands for “Sentences".

Article Sent. Words Complex Words Complex Words % Words per Sent. Syllables per Word

1 131 1943 169 8.70% 14.83 1.36
2 79 1584 88 5.56% 20.05 1.30
3 99 1461 160 10.95% 14.76 1.46
4 138 1749 132 7.55% 12.67 1.37
5 96 1611 69 4.28% 16.78 1.26

(9) How would you rate your reading comprehension? * Likert
Scale 1 (Very Poor) – 5 (Excellent)

(10) Have you ever been diagnosed with a reading or learning
disability (e.g., dyslexia)? If yes, which one and how long
ago?

(11) Do you have normal or corrected vision? *
• No
• Yes

(12) Which summary did you like the most? *
• Option 1: Text summary
• Option 2: Image summary
• Option 3: Mindmap summary
• None of them

(13) Please describe your reasons, what did you particularly like
about your favourite summary? * Long answer text.

(14) Which summary did you like the least? *
• Option 1: Text summary
• Option 2: Image summary
• Option 3: Mindmap summary
• None of them

(15) Please describe your reasons, what did you particularly dis-
like about your least favourite summary? * Long answer
text.

(16) Do you wish to participate in our future studies
• Yes
• No
• Maybe

(17) Do you have any additional comments about the summaries
or the conducted study? Long answer text.

C Detailed Priming Generation steps
C.1 Text Priming
For each article in our reading list, we employed ChatGPT to gener-
ate concise text summaries. We standardized this process by using

the same prompt for all articles, which reads: “Please write a brief
and concise summary of the following article. It should provide
an overview of the main points, key arguments, and findings but
should not exceed 100 words. Ensure the summary accurately re-
flects the essence of the article, giving the reader an understanding
of the content without having to read the entire piece. Remember,
this summary should serve as a preview of the main article.” After
generating these summaries, we manually reviewed them for accu-
racy to ensure they faithfully represented the original articles. The
100-word limit for each summary was chosen based on the average
number of words that could be displayed on a single page within
our application, optimizing the user experience.

C.2 Image Priming
For each article in our reading list, we initially prompted ChatGPT
with the task to ‘identify four crucial moments from the narrative,
elaborating on them with adjectives and verbs to effectively com-
municate the scene to an illustrator.’ We then experimented with
various image-generating AI tools, including DALL-E 2’s online and
API versions, GPT-4 Plugin MixerBox, Adobe Firefly, and Midjour-
ney. Among these, only Midjourney offered the unique capability
of consistently producing characters across the story’s four core
images using their ‘seed’ function.

Regarding our experimentation with image generation, we ini-
tially tried converting text summaries directly to images using
various image-generating tools, but this approach yielded incon-
sistent or irrelevant images. We also attempted to divide the text
summary into four chunks using ChatGPT and then pass these
to image-generating tools, but this too, did not yield satisfactory
results. Another approach involved dividing the text summary into
four separate moments, each described with adjectives and verbs, to
communicate the scenes to an illustrator. While this worked some-
what, the images generated were inconsistent, particularly regard-
ing character representation. We then tried generating consistent
images by creating characters’ faces based on famous personalities
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but found the images too realistic and unsuitable for storybooks. Fi-
nally, we succeeded by explicitly instructing the image-generating
apps to produce images in ‘comic-style’ or ‘cartoon-based’ formats
and utilizing the ‘seed’ function in Midjourney to maintain back-
ground consistency. This approach yielded the desired results.

C.3 Mind map Priming
For the mind map summary, we adhered to the guidelines outlined
on XMind Blog. The process was divided into four steps. In Step

1, we prepared a clear prompt for ChatGPT, asking it to generate
text in Markdown format that could be converted into a mind map
using XMind software. For Step 2, we utilized cloud-based software
to convert the generated text into Markdown format. In Step 3,
we imported this Markdown text into XMind software to create
the initial mind map. Finally, in Step 4, we refined the generated
mind map as it was too large for our mobile application’s screen.
This refinement was achieved by revising the initial prompt and
repeating the entire process.

https://xmind.app/blog/chatgpt-and-xmind-how-to-create-a-mind-map-with-chatgpt/
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