
Exploring User Interface Constraints for
Reading and Writing

by

Nikhita Joshi

A thesis
presented to the University of Waterloo

in fulfillment of the
thesis requirements for the degree of

Doctor of Philosophy
in

Computer Science

Waterloo, Ontario, Canada, 2025

© Nikhita Joshi 2025



E X A M I N I N G C O M M I T T E E M E M B E R S H I P

The following served on the Examining Committee for this thesis. The decision
of the Examining Committee is by majority vote.

External Examiner Parmit Chilana
Associate Professor, School of Computing
Science, Simon Fraser University

Supervisor Daniel Vogel
Professor, Cheriton School of Computer Science,
University of Waterloo

Internal Members Géry Casiez
Professor, Department of Computer Science,
Université de Lille
Adjunct Professor, Cheriton School of Computer
Science, University of Waterloo

Edith Law
Associate Professor, Cheriton School of
Computer Science, University of Waterloo

Internal-external Member Oliver Schneider
Associate Professor, Department of Management
Science and Engineering, University of Waterloo

ii



AU T H O R ’ S D E C L A R AT I O N

This thesis consists of material all of which I authored or co-authored: see
Statement of Contributions included in the thesis. This is a true copy of the
thesis, including any required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the
public.

iii



S TAT E M E N T O F C O N T R I B U T I O N S

This dissertation includes first-authored peer-reviewed material that has
appeared in conference and journal proceedings published by the Association
for Computing Machinery (ACM). The ACM’s policy on reuse of published
materials in a dissertation is as follows:1

“Authors can include partial or complete papers of their own (and no
fee is expected) in a dissertation as long as citations and DOI pointers
to the Versions of Record in the ACM Digital Library are included.
Authors can use any portion of their own work in presentations and in
the classroom (and no fee is expected).”

The following list serves as a declaration of the works included in this dis-
sertation. This material is expanded and revised from the original publication:

Portions of Abstract, Chapter 1, and Chapter 2:
Nikhita Joshi. 2023. User Interface Constraints to Influence User Behaviour
when Reading and Writing. In Adjunct Proceedings of the 36th Annual ACM
Symposium on User Interface Software and Technology (UIST ’23 Adjunct). https:
//doi.org/10.1145/3586182.3616710

Portions of Chapter 3:
Nikhita Joshi, Géry Casiez, and Daniel Vogel. 2025. Is Pagination Better than
Scrolling when Reading on a Phone? In Proceedings of the Extended Abstracts
of the CHI Conference on Human Factors in Computing Systems (CHI EA ’25).
https://doi.org/10.1145/3706599.3720178

Portions of Chapter 4:
Nikhita Joshi and Daniel Vogel. 2024. Constrained Highlighting in a Doc-
ument Reader Can Improve Reading Comprehension. In Proceedings of the
2024 CHI Conference on Human Factors in Computing Systems (CHI ’24). https:
//doi.org/10.1145/3613904.3642314

Portions of Chapter 5:
Nikhita Joshi and Daniel Vogel. 2025. Writing with AI Lowers Psychological
Ownership, but Longer Prompts Can Help. In Proceedings of the 7th ACM
Conference on Conversational User Interfaces (CUI ’25). https://doi.org/10.
1145/3719160.3736608

1 https://authors.acm.org/author-resources/author-rights

iv

https://doi.org/10.1145/3586182.3616710
https://doi.org/10.1145/3586182.3616710
https://doi.org/10.1145/3706599.3720178
https://doi.org/10.1145/3613904.3642314
https://doi.org/10.1145/3613904.3642314
https://doi.org/10.1145/3719160.3736608
https://doi.org/10.1145/3719160.3736608
https://authors.acm.org/author-resources/author-rights


A B S T R A C T

Constraints are fundamental to human-centred design. Although by defini-
tion, constraints “limit” or “restrict” the capability of software, when designed
correctly, they can have enabling characteristics as well. I sought to under-
stand how user interface constraints can positively affect user outcomes, in
ways that go beyond traditional goals of error-proofing.

Drawing from different theories in psychology, this dissertation presents
four projects that study different types of user interface constraints while
reading and writing. First, in a passive reading context, I evaluate the ef-
fects of two commonly-used document navigation techniques on reading
comprehension: scrolling, where the reader has complete control over the
viewport position; and pagination, where the viewport is restricted to spe-
cific locations. Second, in an active reading context, I propose limiting the
number of words that can be highlighted in document reader software to
improve reading comprehension scores. Third, when writing with large lan-
guage models, I propose requiring users to write longer prompts so they
feel more psychological ownership towards the generated output, and design
interaction techniques to nudge users to write longer prompts. Finally, when
prompting large language models to learn more about documents, I propose
restricting where prompting can occur by requiring it to be anchored to
specific text in the document and design new commenting techniques with
different requirements that must be satisfied to finalize the comment.

Overall, this dissertation demonstrates the potential of user interfaces
and interaction techniques that purposely constrain users. Through several
controlled experiments, my findings suggest that user interface constraints
may not be effective for certain activities, like when passively reading, but
when actively reading and writing with large language models, they can often
encourage positive user outcomes, like improved reading comprehension and
psychological ownership. However, designing interaction techniques that
leverage ‘soft’ constraints is challenging, and such interaction techniques do
not always nudge users. Together, this dissertation contributes knowledge on
the effectiveness of non-error-proofing constraints when reading and writing,
and interaction techniques that can be integrated into current reading and
writing interfaces.

v



A C K N O W L E D G M E N T S

Daniel Vogel, I will forever be grateful, honoured, and proud to have been
your student. You taught me everything I know about HCI research and none
of this would have been possible without you. Thank you for believing in
me and my research, for guiding me when I got lost, and for being so kind
throughout. Choosing you as my advisor was the easiest decision of my life.
Words cannot even express just how much I will miss you.

Thank you to my amazing committee, Parmit Chilana, Oliver Schneider,
Géry Casiez, and Edith Law, for your feedback and for making my defence
such a positive and memorable experience. I owe special thanks to Géry and
Edith for their feedback on my research proposal a couple of years ago; my
dissertation became a lot more focused and cohesive thanks to you two.

I am lucky to have collaborated with so many wonderful people, but I owe
special thanks to a few in particular. Géry Casiez, merci beaucoup pour tes
conseils sur les chapitres 3 et 4, et pour ta générosité pendant mes visites à
Lille. Antony Albert Raj Irudayaraj, Allen Yeh, and Matthew Lakier, I had
a blast working with you, and I am so happy to call you three my friends.
Thank you to Nathalie Henry Riche, Michael Glueck, Christopher Collins,
and Parastoo Abtahi for mentoring me during research internships. I also
thank Fraser Anderson for his continued mentorship and for broadening my
exposure to HCI research in ways that directly inspired this dissertation.

To everyone in the HCI Lab, thank you for being such wonderful lab mates
and friends. I have cherished our daily coffee walks, gossiping over lunch, our
board game nights and celebratory dinners, pushing for deadlines together,
and the constant good vibes. Special thanks to the original squad; Johann,
Greg, and Lisa; my baobeis; Cheryl, Alê, Margaret, Delara, Felicia, Lucy,
Linda, and Selena; the aspiring professors’ support group; Damien, Allen,
and Matthew; and my other Exii brothers; Ryan, Antony, and Brandon.

To my friends, thank you for the entertaining and chaotic group chats,
weekend getaways, and the endless memes, laughter, and support. Special
thanks to the Millidgeville girls; Jenny and Margaret; my MTA friends; Maria,
Émilie, and Olivier; my spicy ranters; Cheryl and Rebecca; my St. Paul’s
pals; Iara, Cheryl, and Chaitanya; my Meta cruwu; Cheryl, Chad, David, and
Geonsun; and Matt.

Last, but certainly not least, I thank my family for their unwavering love
and support. Mummya and Shiva, thank you for the countless WhatsApp
calls and for being my #1 cheerleaders. Janaki and Brian, thank you for letting
me borrow your nice and expensive clothes, for letting me use your streaming
subscriptions so I could watch trashy reality TV shows, and for always being
there when I needed a big sister and brother to lean on. Thank you, Grey, for
being the best and cutest playmate. Most of all, thank you, Mom and Dad, for
encouraging me to pursue graduate studies, for instilling a strong work ethic
in me, for celebrating my highs and cheering me up during my lows, and for
always prioritizing my well-being and happiness. I love you all so much.

Thank you all for having such a profound impact on my life.

vi



TA B L E O F C O N T E N T S

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Research Goals and Objectives 3

1.2 Contributions 5

1.3 Dissertation Outline 7

2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1 Constraints in Human-Centred Design 8

2.2 Duality of Constraints 9

2.3 Friction in Design 10

2.4 Constrained Reading and Writing 11

2.5 Summary 11

3 Evaluating the Effect of Document Navigation Techniques on

Reading Comprehension . . . . . . . . . . . . . . . . . . . . . . . . . 13

-
N

av
ig

at
in

g
- 3.1 Motivation 13

3.2 Background and Related Work 14

3.3 Experiment 16

3.4 Discussion 20

3.5 Conclusion 22

4 Constraining Highlights in Document Reader Software to

Improve Reading Comprehension . . . . . . . . . . . . . . . . . . . . 23

—
-

H
ig

hl
ig

ht
in

g
—

- 4.1 Motivation 23

4.2 Background and Related Work 24

4.3 Experiment 1: Constrained Highlights 25

4.4 Experiment 1: Results 30

4.5 Discouraging Excessive Highlighting 35

4.6 Experiment 2: Interaction Techniques 39

4.7 Discussion 40

4.8 Conclusion 43

5 Requiring Longer Prompts to Increase Psychological Owner-
ship when Writing with AI . . . . . . . . . . . . . . . . . . . . . . . . 44

–
Pr

om
pt

in
g

– 5.1 Motivation 44

5.2 Background and Related Work 46

5.3 Experiment 1: Prompt Length 47

5.4 Experiment 1: Results 51

5.5 Experiment 2: Plateau 55

5.6 Encouraging Longer Prompts in a Real Interface 57

vii



table of contents

5.7 Experiment 3: Delayed Submission 59

5.8 Experiment 3: Results 63

5.9 Experiment 4: Pumping a Slider 66

5.10 Receiving Suggestions from AI 72

5.11 Experiment 5: Prompt Suggestions 72

5.12 Discussion 77

5.13 Conclusion 81

6 Integrating Prompting with Document Text through AI Mar-
gin Notes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

—
—

–
N

ot
e-

Ta
ki

ng
—

—
– 6.1 Motivation 82

6.2 Background and Related Work 83

6.3 AI Margin Notes 86

6.4 Experimental Method 88

6.5 Experiment 1: Integration 91

6.6 Experiment 2: Selection Automation 94

6.7 AI Margin Note Techniques 98

6.8 Experiment 3: Human and AI Involvement 100

6.9 Discussion 104

6.10 Conclusion and Future Work 106

7 Conclusion and Future Directions . . . . . . . . . . . . . . . . . . 108

7.1 Summary of Contributions 108

7.2 Effectiveness of Constraints for Reading and Writing 109

7.3 Difficulties with Designing New Interaction Techniques 110

7.4 Other Possibilities for Constrained Reading and Writing 111

7.5 Beyond Reading and Writing 112

7.6 Who Should Impose Constraints? 113

7.7 Final Word 113

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

viii



L I S T O F F I G U R E S

Figure 1.1 Research path showing specific chapters, research
questions, methodologies, and main results. 4

Figure 3.1 Reading Comprehension for scroll and page. 18

Figure 3.2 Reading Duration for scroll and page. 19

Figure 3.3 Task workload metrics for scroll and page. 19

Figure 4.1 Constrained highlighting reading interface. 27

Figure 4.2 Individual and average Total Words Highlighted for the
first pilot study. 28

Figure 4.3 Individual and average Reading Comprehension by con-
dition for the second pilot study. 28

Figure 4.4 Individual and average Reading Comprehension by con-
dition for the third pilot study. 29

Figure 4.5 Reading Comprehension by highlights. 31

Figure 4.6 Total Words Highlighted by highlights. 31

Figure 4.7 Example highlighted content. 32

Figure 4.8 Example differences between similar highlights. 33

Figure 4.9 Distribution of highlight start locations. 33

Figure 4.10 Timeline showing when the limit was reached. 33

Figure 4.11 Distribution of all highlighting attempts for con-
strained. 34

Figure 4.12 Reading Duration by highlights. 34

Figure 4.13 Questionnaire scores by condition after the reading
portion of the experiment. 35

Figure 4.14 Questionnaire scores by condition after the test por-
tion of the experiment. 35

Figure 4.15 Interaction techniques that make the act of highlight-
ing more difficult. 36

Figure 5.1 Writing a short story with a minimal prompt and a
detailed prompt. 45

Figure 5.2 Experimental interface. 49

Figure 5.3 Psychological Ownership by condition. 52

Figure 5.4 Duration by condition. 52

Figure 5.5 Word Count by condition. 53

Figure 5.6 Text Similarity by condition. 53

Figure 5.7 Mental Demand and Effort by condition. 54

Figure 5.8 Psychological Ownership by condition. 57

Figure 5.9 Initial prompt entry interface designs. 58

Figure 5.10 Initial prompt response interface designs. 58

Figure 5.11 Final Word Count by condition for the initial pilot
experiment with all interface modifications. 59

Figure 5.12 Experimental interface with a time delay. 61

Figure 5.13 Final Word Count by condition. 64

Figure 5.14 Prompt word count each time the submit button was
pressed. 65

ix



list of figures

Figure 5.15 Augmented prompt entry techniques. 67

Figure 5.16 Word Count by condition. 70

Figure 5.17 Psychological Ownership by condition. 71

Figure 5.18 Mental Demand, Physical Demand, Frustration, and Ef-
fort by condition. 71

Figure 5.19 Word Count by condition when receiving AI-generated
suggestions. 75

Figure 5.20 Psychological Ownership by condition when receiving
AI-generated suggestions. 75

Figure 5.21 Mental Demand, Physical Demand, Frustration, and
Effort by condition when receiving AI-generated
suggestions. 76

Figure 6.1 Different ways to leverage LLM capabilities in docu-
ment reader software. 83

Figure 6.2 Integration design parameter. 86

Figure 6.3 Selection automation design parameter. 87

Figure 6.4 Human and AI involvement design parameter. 88

Figure 6.5 Experimental reading interface. 90

Figure 6.6 Techniques tested in Experiment 1. 93

Figure 6.7 Techniques tested in Experiment 2. 96

Figure 6.8 Experiment 2 results. 97

Figure 6.9 Techniques tested in Experiment 3. 98

Figure 6.10 Experiment 3 results. 103

x



L I S T O F TA B L E S

Table 1.1 Design space exploring User Activity and Constraint
Type. 2

Table 3.1 Demographic information for participants. 16

Table 3.2 Statistical test results for all metrics. 18

Table 4.1 Participant demographics for Experiment 1. 26

Table 4.2 Statistical test results for all metrics. 30

Table 4.3 Participant demographics for Experiment 2. 39

Table 5.1 Demographic information for Experiment 1. 48

Table 5.2 Omnibus and post hoc statistical tests for Experiment
1. 51

Table 5.3 Example prompt types submitted by participants. 54

Table 5.4 Demographic information for Experiment 2. 55

Table 5.5 Omnibus and post hoc statistical tests for Experiment
2. 56

Table 5.6 Demographic information for Experiment 3. 60

Table 5.7 Omnibus and post hoc statistical tests for Experiment
3. 63

Table 5.8 Demographic information for Experiment 4. 66

Table 5.9 Omnibus and post hoc statistical tests for Experiment
4. 69

Table 5.10 Demographic information for Experiment 5. 73

Table 5.11 Omnibus and post hoc statistical tests for Experiment
5. 74

Table 5.12 Between-subjects statistical tests comparing none

and suggestions. 77

Table 6.1 Demographics for Experiment 1. 92

Table 6.2 Statistical test results for Experiment 1. 93

Table 6.3 Demographics for Experiment 2. 95

Table 6.4 Statistical test results for Experiment 2. 97

Table 6.5 Demographics for Experiment 3. 100

Table 6.6 Omnibus statistical test results for Experiment 3. 101

Table 6.7 Post hoc statistical test results for Experiment 3. 102

Table 7.1 Expanded version of the design space explored in
this dissertation. 109

xi



1
I N T R O D U C T I O N

If you are hiking in the woods and come across a cliff with a sharp drop,
you would immediately stop walking. If you need to open a door without a
handle or knob, your instinct would be to push it open. If given the choice
between napping in an armchair or on a sofa, you would opt for the sofa.

Such decisions are fundamental to everyday life, but what exactly drives
them? According to ecological psychology, humans interact with the envi-
ronment by perceiving what can and cannot be done within it as they try to
achieve their goals [63]. Cues that tell us what we cannot do constrain our
actions. More formally, constraints are defined as mechanisms that limit or
restrict something, such as “our ability to do something” [121, p. 6]. More
specifically, the sharp drop at the edge of the cliff hinders the ability to walk,
the lack of a handle or door knob prevents the act of pulling the door, and the
width of the armchair is inconducive to lying down. In other words, physical
properties of the environment constrained specific actions.

Now, suppose you are completing a form on a website. You try to click
the “Submit” button, but it is disabled, preventing you from clicking it. Upon
seeing this, you verify the contents of the form and realize that you forgot
to complete one field. After entering the missing information, the “Submit”
button then becomes enabled, allowing you to click it. What caused you to
review the information you had entered in the form and edit your responses
accordingly? Much like we observed with the previous examples, the user
interface provided cues for what could and could not be achieved within it,
and the cues that indicated restricted actions formed user interface constraints.
Specifically, the disabled “Submit” button prevented you from submitting an
incomplete form.

Constraints like these are a fundamental part of user interface design as they
“guide the actions” of users [128, p. 67]. However, I argue that user interface
constraints have primarily been used to prevent errors, which are things that
prevent the system from working correctly or prevent someone from using the
system correctly. Some examples of such error-proofing constraints include
preventing users from typing letters into an input field that is intended for
phone numbers, and disabling the “Undo” command when no command
history exists.

As designers, I believe that we should pay closer attention to the power
of user interface constraints. Though by definition, constraints “limit” and “The power of

constraints has
largely been ignored.”
– Don Norman [129]

“restrict,” prior work outside of user interface design suggests that constraints
have several enabling properties too. For example, working under a short time
limit can increase productivity and focus [43], and restrictions on thought can
lead to creative breakthroughs and innovation [26, 163, 167].

Inspired by this enabling quality of constraints, user interface designers
have been increasingly constraining user interactions in non-error-proofing
ways. For example, time restrictions can regulate smartphone use [93, 94]
and encourage more focused knowledge-sharing [84, 112], character limits

1



introduction

Constraint Type
Where When

Reading Chapter 3 Chapter 4

User Activity Writing Chapter 5

Reading + Writing Chapter 6

Table 1.1: Design space exploring User Activity and Constraint Type. I keep referring
to this design space as chapters are introduced.

can encourage more user participation on social media [81], and displaying
only a few search results can improve user confidence and satisfaction when
retrieving information in a search engine [135]. Even some more ubiquitous
user interface constraints have such enabling properties: requiring a password
to be a certain length enables increased account security [157], and restricting
the placement of objects to pre-defined locations in vector graphics software
enables more precise and aesthetically pleasing designs [14]. These types
of constraints are not about reducing errors; rather, they exist to encourage
important and positive outcomes for the people being subjected to them and
the tasks people are trying to achieve. This is not to say that preventing errors
is not a positive outcome, but these types of constraints really restrict when
and where interaction can occur, putting them into the forefront of the user’s
minds during interaction.

Reading and writing are important activities that can foster cognitive
skills like the ability to self-reflect, think critically, and pay attention [87,
183]. Moreover, we read and write daily through user interfaces: we read
articles on the go by scrolling on our phones, highlight and write embedded
comments in document reader software while studying, and now with the
advent of large language models (LLMs), we even read and write documents
by writing prompts for generative AI assistants. These interactions may be
simple, but they can also introduce problems for users. Scrolling can make My focus on reading

and writing was also
a self-imposed
constraint, which
enabled me to think of
more research ideas.

it difficult for readers to simultaneously process and relate new text to text
that was previously seen [141, 154]. Readers often have difficulty identifying
important information from documents, causing them over-highlight [10],
and when taking notes, many tend to take verbatim notes [28], which can
hinder comprehension [10, 27]. Readers can use LLMs to summarize specific
parts of documents [98], but these interactions occur in separate chat-based
interfaces, which requires more effort to refer to specific text in the document
[118] and risks disrupting reading due to additional cognitive load [73, 115].
Writers who use LLMs may feel like the generated output is no longer ‘theirs,’
which may reduce their motivation to contribute, especially as AI capabilities
become increasingly integrated into user interfaces [36].

Could these issues faced while reading and writing be mitigated through
user interface constraints?

To explore the potential of user interface constraints in the context of
reading and writing, I conducted four projects that explore a design space of
Constraint Type and User Activity (Table 1.1). Specifically, I explore Constraint
Types that restrict where an interaction can occur or an interface element can

2



1.1 research goals and objectives

be placed, and when an interaction can occur; and User Activities that focus on
reading, writing, and combinations of reading and writing. My research goal is
to better understand whether different types of user interface constraints can
improve user outcomes for different kinds of user activities. A secondary goal
of mine is to design novel interaction techniques that leverage the power of
constraints, but in ways that give users more flexibility. Specifically, through
‘soft’ constraints that increase the cost of interaction without preventing it.

1.1 research goals and objectives

To summarize, the goal of this dissertation is to:

Evaluate the effects of non-error-proofing user interface constraints while
reading and writing, and design interaction techniques that use ‘soft’
constraints.

I use “we” when
discussing specific
projects to
acknowledge the
contributions of my
collaborators.

To achieve this objective, we answer the following research questions, as
shown in the research path (Figure 1.1):

(a) Do user interface constraints that restrict where the viewport is placed benefit pas-
sive reading on a phone? To answer this question, we conducted a large-scale
study to compare two commonly-used document navigation techniques
for reading comprehension. Our results suggest that constraining the place-
ment of the viewport through pagination does not significantly improve
reading comprehension.

(b) How can user interface constraints that restrict when interaction can occur benefit
highlighting, a common active reading strategy? To answer this question, we
conducted a large-scale study that compares different word limits for
text highlighting. Our results suggest that constraining how many words
readers can highlight can improve reading comprehension.

(c) Given the promising results of (b), we were led to the follow-up question:
can interaction techniques that make the act of highlighting more difficult encour-
age readers to highlight fewer words? To answer this question, we designed
three new interaction techniques that add different types of costs as read-
ers highlight more words, and conducted exploratory pilot experiments
to evaluate their effectiveness. Our results suggest that these interaction
techniques either did not reduce the number of highlighted words, or did
not improve reading comprehension.

(d) How can user interface constraints that restrict when interaction can occur benefit
writing with a generative AI assistant? To answer this question, we conducted
two experiments that required writers to write prompts that had vary-
ing word length requirements. Our results suggest that requiring longer
prompts can improve feelings of psychological ownership, feelings of the
writing ‘belonging’ to the writer [139].

(e) Given the promising results of (d), we then sought to answer: can interaction
techniques that make the act of submitting a short prompt more difficult encourage

3



1.1 research goals and objectives

Chapter 3
(a) How can user interface constraints 
benefit reading on a phone?

Constraining where the viewport could 
be placed did not benefit reading 
comprehension.

Chapter 4
(b) How can user interface constraints 
benefit highlighting?

Constraining when highlighting takes 
place improved reading 
comprehension.

Chapter 5
(d) How can user interface constraints 
benefit prompting?

Constraining when prompting occurs 
improved psychological ownership.

Chapter 6
(f) How can user interface constraints 
benefit note-taking with LLMs?

Constraining where prompting occurs 
was preferred.

(c) Can constrained interaction 
techniques benefit highlighting?

Interaction techniques that made 
highlighting more difficult did not 
improve reading comprehension.

(e) Can constrained interaction 
techniques benefit prompting?

Interaction techniques that made 
prompting more difficult increased 
prompt length and ownership.

(g) Can constrained interaction 
techniques benefit note-taking?

Interaction techniques that 
involved the user more improved 
ownership but were less preferred.

Evaluating Constraint Theory and 
Usefulness

Designing and Evaluating 
Interaction Techniques

N
on-A

I C
ontext

A
I C

ontext

Figure 1.1: Research path showing specific chapters, research questions and dependencies (arrows), and main results
(underlined). Orange indicates reading projects and yellow indicates writing projects (Chapter 6 has both reading
and writing). Note that this does not reflect the order in which the projects were completed, and any discrepancies
that arise from this will be discussed in margin notes.

users to write longer prompts? To answer this question, we designed and eval-
uated new interface modifications and conducted multiple user studies to
evaluate their effectiveness at increasing prompt length and psychological
ownership. Our results suggest that techniques that increased temporal
and motor costs were effective at increasing prompt length and improving
psychological ownership.

4



1.2 contributions

(f) How can user interface constraints that restrict where prompting can take place
benefit note-taking, a common active reading strategy? To answer this question,
we propose “AI margin notes” that integrate prompting into the comment-
ing feature of document reader software by requiring users to position
prompts and responses relative to text in the document. Our results suggest
that this increased integration was preferred and valued.

(g) Building on the technique developed to answer (f), we expanded our in-
vestigation to the question: how can user interface constraints that restrict
when notes can be saved benefit note-taking? To answer this, we designed
and developed several AI margin note techniques that involve the user
and the LLM to varying degrees. Several techniques required users to
meet certain requirements before they could continue. Our results sug-
gest that techniques with requirements generally required more mental
demand and effort than receiving summaries, and were associated with
more psychological ownership.

1.2 contributions

Four projects explore these research questions. Each contains at least one user
study that tests the effectiveness of the Constraint Type for the User Activity.
All user studies were conducted online, with diverse groups of participants.
If the constraint was found to be effective, we then designed and evaluated
novel interaction techniques that tried to elicit the same behaviour as the
constraint.

1.2.1 Comparing Document Navigation Techniques when Passive Reading

Looking at a common type of constrained interaction, we compare two doc-
ument navigation techniques when reading on a smartphone: scrolling and
pagination. When scrolling, readers have full control over where the viewport
is positioned, but this is restricted to pre-defined locations with pagina-
tion. We conducted a large-scale (n=100), between-subjects online experiment
where participants read a short story using either pagination or scrolling,
and answered multiple-choice questions. Our results found no significant
differences between these two techniques for reading comprehension, dura-
tion, and task workload, which differs from prior work. This suggests that
constraining the position of the viewport while reading with pagination may
not benefit readers.

1.2.2 Constraining the Number of Words Readers Can Highlight

We investigate if an imposed user interface constraint limiting the number of
highlighted words in a document reader can help readers be more selective
when highlighting text and improve reading comprehension. We conducted a
large-scale (n=127), between-subjects online experiment where participants
read a short story and could highlight nothing, up to 150 words, or an unlim-
ited number of words. Our results suggest that constraining the number of
words that can be highlighted is associated with higher reading comprehen-

5



1.2 contributions

sion scores than highlighting nothing or highlighting an unlimited number
of words. We design and evaluate new interaction techniques that make the
act of highlighting more temporally, physically, and perceptually demanding,
yet found these techniques did not change behaviour or improve reading
comprehension.

1.2.3 Requiring Longer Prompts when Writing with LLMs

We report on two experiments that examine the relationship between psy-
chological ownership and prompt length. Participants wrote short stories
either completely by themselves or wrote prompts of varying lengths. Results
show that when participants wrote longer prompts, they had higher levels of
psychological ownership. Their comments suggest they thought more about
their prompts, often adding more details about the plot. However, benefits
plateaued when prompt length was at least three quarters of the target story
length. To encourage users to write longer prompts, we evaluated two in-
teraction techniques that modify the prompt entry interface of chat-based
generative AI assistants: pressing and holding the prompt submission button,
and continuously moving a slider up and down when submitting a short
prompt. Our results suggest that these techniques increased prompt length
and were associated with higher psychological ownership than baseline tech-
niques. We further augmented these techniques by showing AI-generated
suggestions for how the prompts could be expanded. This further increased
prompt length, but did not lead to improvements in psychological ownership.
Our results show that simple interface modifications like these can elicit more
writing from users and improve psychological ownership.

1.2.4 AI Margin Notes for Prompting and Note-Taking

We explore integrating AI into document comments, a concept we formalize
as “AI margin notes.” Three design parameters characterize this approach:
margin notes are integrated with the text while chat interfaces are not; select-
ing text for a margin note can be automated through AI or manual; and the
generation of a margin note can involve AI to various degrees. We conducted
three within-subjects experiments to evaluate this approach. In each experi-
ment, participants read short stories and interacted with one prompting or
note-taking technique before completing reading comprehension tests. Two
experiments investigate integration and selection automation, with results
showing participants prefer integrated AI margin notes and manual selection.
We then designed six alternative techniques that involve the human and the
AI in different ways. A third experiment revealed that techniques with less
AI involvement resulted in more psychological ownership, but faster and
less effortful designs are generally preferred. Surprisingly, the degree of AI
involvement had no measurable effect on reading comprehension. Our work
shows that AI margin notes are desirable and contributes implications for
their design.
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1.3 dissertation outline

The rest of this dissertation is structured as follows:

• Chapter 2 discusses relevant related work, including how constraints are
used in human-centred design, the duality of constraints, friction in design,
and previous work that has constrained reading and writing.

• Chapter 3 studies scrolling and pagination document navigation techniques
and the effects they have on reading comprehension, reading duration, and
task workload.

• Chapter 4 proposes constraining the number of words readers can highlight
in document reader software and examines the effects this has on reading
comprehension.

• Chapter 5 explores the relationship between prompt length and psycholog-
ical ownership and proposes requiring users to write longer prompts for
increased psychological ownership.

• Chapter 6 proposes AI margin notes that integrate prompting with doc-
ument text when using LLMs to read documents and write notes by
requiring users to first select text that anchors prompts and responses. It
then presents techniques that require users to fulfill specific requirements
to save their AI margin notes.

• Chapter 7 summarizes our contributions, discusses implications for design,
and presents opportunities for future work.
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2
R E L AT E D W O R K

In Chapter 1, I defined constraints as mechanisms that limit or restrict some-
thing. They are fundamental to almost every domain, though they may take
on other names such as “requirements,” “conditions,” and “rules.” Each
domain uses different types of constraints. For example, musicians need to
consider subjective or stylistic constraints [114, 136], but businesses need to
consider input, output, and process constraints [1]. Different domains are also
associated with different levels of constraint: the arts, for example, are typi-
cally considered to be less constrained than something like engineering [166].
In this chapter, we discuss how constraints have been used in human-centred
design, the duality of constraints as both an enabler and inhibitor, friction in
design, and previous work that has constrained reading and writing.

2.1 constraints in human-centred design

Constraints are fundamental to human-centred design as they “guide the
actions” of users [128, p. 67]. But what is the basis of this? Ecological psy-
chology suggests that properties of the environment indicate actions that
can and cannot be performed within it, a concept that was formalized by
Gibson when he defines affordances as “what it offers the animal, what it
provides or furnishes, either for good or ill” [63, p. 119]. One example he
discusses is how large, rigid, and roughly “knee-high” surfaces afford sitting.
However, for a shorter child, a surface that is “knee-high” for an adult would
not afford sitting. In his work, Gibson does not formally define “constraints,”
but this description of affordances implicitly suggests that properties of the
environment can restrict what can be achieved within it. “Different layouts

afford different
behaviours for
different animals, and
different mechanical
encounters.” – James
J. Gibson [63, p. 120]

Inspired by Gibson, Norman makes the role of constraints more explicit in
design. Notably, he argues that people will perceive different affordances from
the environment, and that such “perceived affordances” are more important
than all possible “affordances.” For example, people will perceive a chair to
afford sitting, even though it can also afford standing.1

Norman notes how designers need to “ensure that the desired, relevant
actions are readily perceivable” [129]. One way this can be achieved is by using
constraints to guide users towards using something as intended. He described
four types of constraints [128, p. 125-132], primarily based on physical objects,
and later linked them to user interface design [129]. First, physical constraints
are those that rely on physical properties, like constraining the location of a
cursor to the screen’s coordinates. Second, cultural constraints restrict design
choices to follow norms or conventions. For example, visualizing a scroll bar
on the right of the screen follows left-to-right reading patterns of Western

1 Originally, Norman did not distinguish between “affordances” and “perceived affordances,”
but later clarified that he actually meant “perceived affordances” [129] as he realized (through
conversations with Gibson) that affordances can exist without necessarily being perceived.
This change was made in revised versions of “The Design of Everyday Things.”
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2.2 duality of constraints

cultures, and using commonly-understood keyboard shortcuts like “Ctrl+Z”
for “Undo” follows design conventions. Third, logical constraints rely on
human logic and inductive reasoning, almost acting as constraints on the
user’s thought. For example, if an interface references a button that is not
currently visible on the screen, the user will likely deduce that they need
to scroll down to see it. Finally, semantic constraints restrict design choices
based on knowledge of the situation and the world, like preventing letters
from being typed into a field for a phone number.

This classification provides clarity on the types of constraints that may
exist in a user interface, however, I believe that constraints are primarily
incorporated into user interfaces to reduce user and system errors. Restricting
the position of the cursor ensures that ‘click’ events are properly mapped
to user interface elements; using norms and conventions for commands
reduces the chances of the user issuing incorrect commands learned from
other software; using inductive reasoning and logic to scroll reduces risk of
the user abandoning the system after perceiving an error that does not exist;
and ensuring that only numbers can be entered into a phone number field
prevents data validation and processing errors.

2.2 duality of constraints

In other domains, constraints are often used as measures to turn large or
ill-defined problems into those that are smaller and well-defined [146, 161].
This can “make certain thoughts – certain mental structures – possible” [26, p.
58].

These benefits have long-been understood in creative domains, with some
even claiming that constraints are a fundamental part of the creative process.
Elster [58, p. 176] describes the creative process as two-staged: the choice of
constraints and choosing within constraints. Similarly, Stokes [167] argues
that creative breakthrough can be achieved through self-imposed constraints
that are manipulated throughout the creative process. Self-imposed time
limits can spark creative thinking and solutions [53, 76, 151] and reduce
perfectionism [43]. Prior work in HCI has shown the success of constrained
creativity systems that purposely limit the range of actions or choices users
have for the visual arts [11, 168] and music [13, 45].

Constraints can be useful beyond creativity applications as well. When
applied to search engines, limiting the number of results improves a user’s
confidence and satisfaction in their search [135], and having more require-
ments to satisfy when searching for information can result in more in-depth
and relevant searches [18]. Social media applications with character limits
like Twitter can lower the user’s perceived effort for generating each post, en-
couraging more participation [81]. Time-bounded video-sharing social media
like TikTok forces content creators to focus on one or two key points in each
video, which can be more comprehensive and enjoyable for viewers [112].
Self-imposed time restrictions and cumbersome unlocking mechanisms can
be effective for discouraging excessive smartphone usage [93, 94]. During my
master’s, I created MicroMentor [84], a help-seeking system that constrains
help sessions to three minutes. Results showed that constrained help sessions
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2.3 friction in design

can encourage more help-seeking, as there is less of a perceived burden
associated with asking for and giving help.

However, there is a balance that needs to be struck as over constraining can
have adverse effects. Over-constrained creativity experiences can result in too
much uniformity and less enjoyment [48, 88, 89], and severe time constraints
may cause stress [76, 109]. Many researchers have proposed that there is an
inverted U-shaped relationship between the level of constraint and the extent
to which constraints are enabling [6, 58]. This has been described as “the
sweet spot” [134, 151]. Optimal results can be achieved by balancing the level
and type of constraint [1].

2.3 friction in design

This means there must also be a balance when designing constrained interac-
tion techniques: over-constraining could deter users from interacting with the
system, yet under-constraining likely does not benefit users. This could be
achieved by identifying optimal levels of constraint for each interaction and
for every type of user. But perhaps an easier and more practical approach to
give users more flexibility is making constraints ‘softer.’ Unlike ‘hard’ con-
straints that prohibit interactions, ‘soft’ constraints modify interactions to guide
users towards a similar outcome. This can be done by making interactions
slower or more difficult without preventing them.

Though it may feel counterintuitive, prior work shows that this can be
beneficial. According to dual process theory, humans have two ways of
thinking: “System 1” thinking that is fast, automatic, and intuitive; and
“System 2” thinking that is slow, deliberate, and reflective [85]. Friction in
design can encourage users to move from System 1 to System 2 thinking
that is more conducive to increased attention and analytical thinking [30, 32,
46, 85]. This can effectively nudge users by encouraging positive changes in
behaviour without preventing user actions [32, 46].2

Friction can be incorporated into user interfaces through constraints. For
example, Wang et al. [180] showed that time delays that prevented social
media post submissions until enough time had passed can encourage in-
creased reflection before posting to social media. Lewis and Vogel [106] used
time delays to encourage users to transition to expert-mode menu selection
techniques. When using an AI assistant, Buçinca et al. [30] required users to
wait before displaying AI-generated suggestions, which encouraged more
analytical thinking about the output and reduced over-reliance [30]. Beyond
time delays, other types of friction have also been successful. For example,
Soboczenski et al. [164] purposely obscured text in a transcription task and
this was associated with fewer errors. Similarly, Cockburn et al.’s “frost-brush”
technique [44] purposely obscured interface widgets, but allowed users to
‘brush’ them off by moving their cursor over the widgets repeatedly. This
approach improved spatial tasks in interfaces, like learning the location of
keys on a virtual keyboard.

2 Thaler and Sunstein’s original definition of a nudge was specifically for interventions that
are also “easy and cheap to avoid” [169, p. 6]. However, many nudges in HCI arguably do
not have this property, like when they are used to introduce friction [32].
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2.4 constrained reading and writing

Some prior work has explored the impacts of constraints on reading and
writing. When reading, Walczyk et al. [174] examined the effects time limits
have on reading comprehension scores and found that reading under mild
time pressure encouraged readers to stay focused and motivated while read-
ing, which resulted in better scores. Similarly, Chang [38] found that when
learning a second language, imposing time limits on reading can improve
reading comprehension as readers are forced to read faster and focus on
broader concepts. To encourage such benefits, some prior work has proposed
constrained reading techniques to encourage reading at a certain pace or in a
more focused way. For example, Breznitz and Share [29] showed that students
can recall more information from text if it is ‘erased’ after reading it. Though
not strictly enforced, some websites like Medium3 show estimated read times
for each article and some marketing research suggests they can improve
user engagement [162]. However, not all techniques have been successful, for
example, rapidly presenting document text one word at a time can hinder
comprehension and increase fatigue [12]. Auto-scrolling features that prevent
users from controlling the pace of reading can help users read faster, but they
may hinder comprehension [156] and cause fatigue at higher speeds [77].

When writing, prior work has also explored constraints that control the
pace of writing. Biskjaer et al. [19] explored how time constraints that are
strictly enforced in a custom writing tool can encourage more creative writing.
They found writing under time constraints generated more new writing, but
the quality was lower. However, such writing would be suitable as a warm-up
exercise, or to help writers overcome perfectionism. Others have explored
including more specifications through writing prompts and inspirational
materials. Haught and Johnson-Laird explored how different writing prompts
affect creative writing [74]. They tested using nouns and drawings, which are
more limiting as they impose more specifications on what needs to be written,
and found that drawings resulted in longer and more creative sentences.
Neate et al. [123] develop a system, MakeWrite, for writing erasure poetry, a
constrained form poetry that is created by removing words from an existing
piece. MakeWrite allows users to control two constraints related to the creation
of erasure poetry: the amount of text retained and the number of words that
can be grouped together from the original piece. Results from a user study
showed that the system was effective at enabling people with speech and
language impairments to express their creativity, something participants
claimed would have been been difficult to achieve otherwise.

2.5 summary

Overall, previous work shows the importance of constraints in human-centred
design, but has mostly applied it to reduce errors. From other domains, we
know that constraints can have other positive effects, which could benefit
reading and writing more specifically, but this has not been as well-studied.
When reading, prior work has primarily focused on using time limits and

3 https://medium.com
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2.5 summary

visualization techniques to encourage reading at a certain pace. When writing,
prior work has also explored the role of time limits, but has primarily focused
on evaluating the benefits of constraining thought through inspirational
materials and prompts to spark creative writing. My dissertation builds on
this prior work by evaluating the effectiveness of constraints and designing
interaction techniques for a wider range of user activities, like highlighting
and writing with LLMs, and using a wider range of constraints such as word
limits.
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3
E VA L UAT I N G T H E E F F E C T O F D O C U M E N T N AV I G AT I O N
T E C H N I Q U E S O N R E A D I N G C O M P R E H E N S I O N

Where When

R Ch. 3 Ch. 4

W Ch. 5

R+W Ch. 6

This project explores
constraining where
the viewport can be
placed while reading
a document.

In this chapter, we compare two commonly-used document navigation tech-
niques for passive reading on a phone: scrolling, where the reader has an
unconstrained ability to control the viewport position; and pagination, where
the user cannot control where the viewport is positioned. We explore the
effects on reading comprehension, duration, and task workload.

3.1 motivation

The fundamental interactions to navigate documents longer than a single de-
vice screen are pagination and scrolling. Pagination separates a document into
discrete pre-defined chunks (“pages”) mimicking the structured experience
of reading a physical document. Usually, a single tap on a button or screen
location moves to the next or previous page. Scrolling uses the metaphor of
sliding the document under a screen-sized viewport (or the complementary
metaphor of sliding a viewport over the document). A vertical drag on the
touch screen moves the document up or down (or a scrollbar is used to move
the viewport position in the document).

Clearly, these two techniques use very different interaction mechanics, and
that changes how people read a document. Readers have complete control
over how they view a document when scrolling since they decide how much
the document advances, for example, by a few paragraphs or a few lines.
But readers do not have such control with pagination, as the position of
the document (or viewport) is fixed to specific locations. In other words,
pagination is a spatially constrained document navigation technique, but
scrolling is spatially unconstrained.

Research has found that having an unconstrained ability to navigate docu-
ment text through scrolling is beneficial for certain reading goals, like skim-
ming a document [154]. However, several studies suggest that the structure
imposed by pagination leads to better reading comprehension [61, 141, 154].
The theory is that the discretization of a document into pre-defined pages
makes it easier for readers to build “a better mental representation of the text,”
which subsequently makes it easier for readers to relocate information and
remember details [141]. Perhaps for this reason, popular smartphone reading
apps like iOS Books use pagination.

Yet, all of the studies above are more than 10 years old or were conducted
on desktop computers. Today, smartphones are truly ubiquitous and so is
scrolling, not just for many reading experiences like online articles, but for
many other types of interactions like viewing social media posts. Unlike
desktop systems, touchscreen scrolling on a phone uses direct manipulation
of the relative document position, which has highly desirable instrumental
interaction properties: no spatial indirection, high compatibility, and high
integration [7]. These interaction mechanics and the prolific use of smart-
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3.2 background and related work

phones could mean that people have become better at reading by scrolling
and therefore better at remembering what they read. The benefits associated
with the imposed structure of pagination may no longer apply. A 2022 study
that tested smartphones claims some “marginal” overall benefit to pagination
[75], but this may be lacking in ecological validity as all participants were
recruited from education programs at a university and participants had to use
a provided device rather than their own device. We argue that there is a need
to revisit this fundamental question in the context of modern smartphone
users to answer the research question: does pagination still lead to better reading
comprehension than scrolling?

We conducted a highly-controlled yet ecologically valid between-subjects
experiment where 100 participants, who were recruited from the general
public using a crowdsourcing service, were given a short story to read on
their own smartphone using only scrolling or pagination. We recorded how
long they spent reading, examined their reading comprehension using a
standard objective time-limited test, and collected responses to NASA-TLX-
inspired questions. Our findings found no significant differences between
scrolling and pagination, which is an important contribution as it challenges
a long-held assumption about the benefits of different reading techniques.

3.2 background and related work

The differences between scrolling and pagination for reading comprehension
have long been studied in desktop environments. In 2009, Sanchez and Wiley
[154] were the first to find statistically significant differences between scrolling
and pagination. In a between-subjects experiment, 40 participants read infor-
mational text on a desktop by scrolling or paginating and then wrote an essay
to demonstrate reading comprehension. Their results showed that pagination
had statistically higher essay scores (p < 0.01). One possible explanation of-
fered by the authors is working memory capacity: “the ability to process and
store information simultaneously.” Specifically, readers with a lower working
memory capacity may not be able to simultaneously process and reveal new
information when scrolling and relate it to existing relationships in the text.
In fact, their results showed that participants with a lower working memory
capacity were more negatively impacted by scrolling than those with a higher
working memory capacity (p < 0.05).

A related concept to working memory capacity is mental workload. In
2008, Wästlund et al. [185] conducted two between-subjects experiments on a
desktop with 40 participants each where participants read a document (the
type of document was not specified) and simultaneously responded to dialog
boxes that appeared on the screen. The time taken to close these pop-ups was
used to measure mental workload. After reading, participants answered 4-6
multiple-choice questions to measure reading comprehension. Their results
showed that scrolling induces more mental workload than pagination (p = 0.02
for Experiment 1; p = 0.002 for Experiment 2), but they did not find any
differences in reading comprehension (p = 0.79 for Experiment 1; p = 0.38
for Experiment 2). However, they note a possible floor effect due to the low
number of questions.
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In 1997, Piolat et al. [141] conducted a between-subjects experiment, where
26 participants read informational text on a desktop by scrolling or paginating
and wrote summaries of it. They claimed that participants who navigated
the document with pagination tended to receive higher grades (p = 0.18)
and included more details in their summaries (p = 0.06) due to marginal
statistical significance (i.e., 0.05 < p < 0.1). They did not observe any significant
differences nor any trends for reading duration.

Since these initial explorations on desktops, more recent work has compared
scrolling and pagination on smartphones, yet they also only report marginal
significance. Fukaya et al. [61] conducted a within-subjects experiment in
2011, where 12 participants read narrative and procedural texts by paginating
or scrolling on a smartphone. The two text types were used to examine
different metrics. Reading comprehension was evaluated using narrative
texts, and participants answered fill-in-the-blank questions. Pagination had
marginally significant improvements in reading comprehension (exact p-
values not given). “Operation time” was evaluated using the procedural texts.
Specifically, these texts contained instructions for a virtual console shown on
a desktop, so participants read the text while simultaneously interacting with
the virtual console. Overall, there were no significant differences in operation
time, but participants who preferred scrolling were marginally faster than
those who preferred paginating (0.05 < p < 0.1). Task workload for reading
the procedural test was quantified using a NASA-TLX, and they found that
scrolling had lower mental load than paginating, which contrasts Wästlund
et al.’s findings [185].

A more recent 2022 between-subjects study by Haverkamp et al. [75] ex-
amined the effect of both device size and technique on text understanding.
145 participants read a scientific document by scrolling or paginating on a
smartphone or tablet (32-39 participants per condition) and before answering
a long-answer question about the document. They conclude that overall, pagi-
nation tends to result in better understanding of the text due to a marginally
significant main effect of technique (p = 0.07).

To summarize, prior work examining both desktops and smartphones
largely suggests that pagination may lead to improved reading comprehen-
sion over scrolling. However, most studies, including both studies that used
smartphones, merely show ‘trends,’ rather than conclusive and significant sta-
tistical findings. As such, the validity of these claims is unclear. Furthermore,
with the exception of Haverkamp et al.’s work [75], all of these studies are
over 10 years old, and people may have become better at reading by scrolling
due to several years of additional practice scrolling on smartphones. Even
the recent study by Haverhamp et al. may be lacking in ecological validity as
all participants were recruited from education programs at a university and
participants did not use their own personal devices that they would be most
comfortable with. For these reasons, we believe it is important to replicate
these experiments.

15
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Table 3.1: Demographic information for participants.

Gender Age Education Handedness

Men 58 18-24 6 Less than High School 3 Right 87

Women 36 25-34 42 High School Diploma 13 Left 11

Non-Binary 4 35-44 35 Some University (no credit) 19 Ambidextrous 2

Unknown 2 45-54 10 Technical School 8

55-64 3 Bachelor’s Degree 46

65-74 4 Professional Degree Beyond Bachelor’s Degree 3

Master’s Degree 6

Doctorate 2

3.3 experiment

The goal of this experiment is to examine the effect of document navigation
techniques on reading comprehension. Participants read short stories and
answered questions about it, before answering questions about their over-
all experience. Our hypothesis was that pagination would result in higher
reading comprehension scores, given the promising results from prior work.

3.3.1 Participants

I use mostly the same
inclusion and
exclusion criteria in
all chapters. I
fine-tuned these
parameters during an
internship, where I
conducted
crowdsourced
experiments using
Amazon Mechanical
Turk (MTurk). The
data quality for
Prolific is generally
better than MTurk
[52], so looking back,
I probably did not
have to make the
inclusion criteria as
strict.

Prior work mostly recruited participants from universities, specifically, psy-
chology courses. To increase the diversity of participants, we recruited 114

participants through the online crowdsourcing platform, Prolific.1 The task
was restricted to the United States and Canada, those who had completed at
least 1,000 tasks on the platform, and those whose approval rating was greater
than 98%. Crowdsourced experiments have an increased risk of fraudulent
responses, so we manually examined all open-ended responses to identify
fraudulent responses (i.e., very short responses like “nice” and “good”) [153],
but only 1 participant was omitted for this reason. We also removed 13 partic-
ipants who experienced technical difficulties with our interface. In total, 14

were omitted from analyses, leaving 100 valid responses (Table 3.1). All self-
reported being proficient at reading in English (all ≥ 5 on a 1-7 point scale).
Participants reported spending 4 hours on their phones (iqr= 3.25), and 1

reading on their phones (iqr = 1) daily. Upon completing the experiment,
participants were remunerated $7.50. For each condition, participants who
scored within the top 25% for reading comprehension received an additional
$3 bonus as additional incentive to do well on the test.

3.3.2 Reading Comprehension Task

Participants read one of ten short stories (∼1,500 words each) from easyCBM
[4]. easyCBM is a system developed by the University of Oregon that provides
teachers with standardized benchmark assessments for a variety of subjects.2

We selected stories from the 8th grade reading level and used the accompany-

1 https://www.prolific.com
2 We contacted the researchers via email and received special permission to use these stories.
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ing 20-question multiple-choice tests to evaluate reading comprehension. An
8th grade reading level is representative of documents and websites targeted
for the general public [126].

3.3.3 Apparatus

The experimental software was a React web application. The reading interface
displayed the short story and was styled to resemble a Medium article.
Participants could navigate through the story by scrolling (i.e., they used their
finger to move the text) or by paginating. Pagination was designed to mimic
the mechanics of reading on a Kindle: participants could touch the left and
right of the screen to move to the previous and next page respectively, and a
thin 5 pixel progress bar at the top of the screen indicated where they were in
the document.

The test interface displayed 20 multiple-choice questions, which were navi-
gated through by scrolling. A toolbar at the top of the screen indicated how
many questions the participant had answered and the remaining time.

3.3.4 Procedure

Participants received a link to the experimental software through the Prolific
system. The task was restricted to smartphones. First, they answered ques-
tions about demographic information and read instructions. Second, they
performed a basic system calibration, where they rotated their phones to
be in landscape and portrait mode and the system automatically captured
device information, screen size, and logged a photo of how the story was
rendered on the device for debugging purposes. For participants assigned to
the pagination condition, the calibration phase was also used to split the story
into pages that were adapted to the device screen size and orientation. Upon
completing this calibration, they read the story. There was no time limit for
the reading phase, but after reading the story, they completed the multiple-
choice reading comprehension test, which had a 5 minute time limit. This This pilot study was

conducted for the
highlighting project
discussed in
Chapter 4. Therefore,
the protocol varies
slightly, but we
discuss it in more
depth in the following
chapter.

duration was selected for the test after a pilot study, where we observed that
participants took 7.7 minutes on average to complete the test, so 5 minutes felt
appropriate to increase test difficulty. Participants could finish the test early if
they answered all questions, otherwise, the test would automatically end after
5 minutes. Finally, they answered questions about their overall experience.

3.3.5 Design

This is a between-subjects experiment with one independent variable, tech-
nique, with two levels: scroll (n=51) and page (n=49). All participants
read one of 10 short stories. The story and technique were both randomly
assigned. The primary measures computed from logs were Reading Comprehen-
sion, representing the number of questions correctly answered on the reading
comprehension test (0-20 range); Reading Duration, the time taken to read the
story in minutes; and Test Duration, the time taken to complete the test in
minutes. We also collected subjective measures about task workload using
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Table 3.2: Statistical test results for all metrics.

Metric U p RBC

Reading Comprehension 1262 0.93 0.01

Reading Duration 1022 0.12 0.18

Test Duration 1094 0.28 0.12

Mental Demand 1137 0.43 0.09

Physical Demand 1349 0.39 0.08

Temporal Demand 1273 0.87 0.01

Effort 1111 0.34 0.11

Performance 1279 0.83 0.02

Frustration 1186 0.61 0.05

similar wording as the NASA-TLX: Mental Demand, Physical Demand, Temporal
Demand, Effort, Performance, and Frustration. All were interval data on a 1-7
numerical scale, and Performance was reversed (i.e., 8 − x) to align numeric
scores and valence.

3.3.6 Results

For all metrics, we analyzed the distribution and the homogeneity of variance
of the data using a Shapiro-Wilk test and a Levene’s test. While the data
for scroll and page had similar variances, none of the metrics followed a
normal distribution. Therefore, we use Mann-Whitney U tests in the analysis
to follow. However, as a quick test, we also tried using independent samples
t-tests as they are generally robust to non-normal distributions with large
sample sizes and have more statistical power, yet we received similar results.
Table 3.2 shows detailed statistical test results.3

0 2 4 6 8 10 12 14 16 18 20
Reading Comprehension

SCROLL

PAGE

Figure 3.1: Reading Comprehension for scroll and page.

3.3.6.1 Reading Comprehension

As demonstrated in Figure 3.1, we did not observe any significant differences
in Reading Comprehension between scroll and page (mdn = 15, iqr = 4 for
both). This finding differs from prior work [61, 75, 141, 154], but aligns with
Wästlund et al.’s findings [185].

3 rbc is the rank-biserial correlation and is a measure of effect size for rank-based statistical
tests.
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3.3.6.2 Duration

Similarly, as shown in Figure 3.2, we did not observe any significant differ-
ences between scroll (mdn=6.2, iqr=4.2) and page (mdn=7.7, iqr=4.8)
for Reading Duration. This finding differs from Fukaya et al. [61], who found
that scrolling was marginally faster than pagination, but aligns with Piolat et
al. [141] who did not find any significant differences.

0 2 4 6 8 10 12 14 16 18
Reading Duration (min)

SCROLL

PAGE

Figure 3.2: Reading Duration for scroll and page.

For Test Duration, we did not find any significant differences between
scroll (mdn=3.2, iqr=1.3) and page (mdn=3.6, iqr=1.4).

3.3.6.3 Task Workload
Reflecting on these
results after seeing a
talk given by Géry
Casiez, I suspect this
may have been due to
the between-subjects
design [149].
Participants did not
have an ‘anchor’ to
make relative
comparisons.
Chapter 5 and
Chapter 6 use
within-subjects
designs.

We did not observe any significant differences between scroll and page for
any task workload metrics (Figure 3.3). Notably, there were no significant
differences between scroll (mdn= 3, iqr= 3) and page (mdn= 4, iqr= 2)
for Mental Demand, which differs from Wästlund et al. [185], who found that
scrolling techniques had higher mental workload than pagination, and from
Fukaya et al. [61] who found that scrolling is associated with lower mental
workload.

3.3.6.4 Screen Rotation, Zoom, and Pan

For increased ecological validity, participants could scroll in either landscape
or portrait mode and could also zoom and pan across the screen. As an
additional check to ensure that these interactions did not hinder internal
validity, we also analyzed the above metrics using participants who only read
in portrait mode and who did not zoom or pan. 26 were briefly omitted (n=42

for scroll; n=32 for page), with most being from the page condition. Even
then, we did not observe any significant differences between scroll and
page.

1 2 3 4 5 6 7
(a) Mental

SCROLL

PAGE

1 2 3 4 5 6 7
(b) Physical

1 2 3 4 5 6 7
(c) Temporal

1 2 3 4 5 6 7
(d) Effort

1 2 3 4 5 6 7
(e) Performance

1 2 3 4 5 6 7
(f) Frustration

Figure 3.3: Task workload metrics for scroll and page: (a) Mental Demand, (b) Physical Demand, (c) Temporal Demand, (d) Effort,
(e) Performance, (f) Frustration.
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3.4 discussion

3.3.6.5 Open-Ended Responses

We examined all free-form responses to better understand user experiences.
As expected, most participants did not perceive any issues or differences
when scrolling (e.g., “being able to scroll while reading was effortless” (P100)).
However, P36 wished they “did not have to scroll so much” while reading and
how this was cumbersome: “I found myself wanting to read more of the story at
once, without having to stop and scroll and re-find my position that I was reading.”
This idea of navigation being difficult while scrolling has been demonstrated
in prior work [141].

Pagination led to more varied opinions. Several participants noted how the
design was similar to that of a Kindle or e-reader, so they did not experience
any issues. Others enjoyed having the story split into multiple pages, as it was

“easier to read” (P54), provided “a sense of progression” (P34), made “the process less
intimidating” (P12) and “the story more digestible” (P43), and helped them “focus
even more” (P32). Two participants noted how pagination made them “forget
things [like they were] different stories” (P2) and that pagination “made it even
more difficult to keep track of everything” (P5). These concerns may be related to
working memory capacity, however, prior work suggests that this is typically
associated with scrolling rather than paginating [154].

3.4 discussion

To summarize, our results did not find any significant differences in reading
comprehension between scrolling and pagination when reading on a smart-
phone, which differs from findings presented in prior work. Participants took
roughly the same amount of time to read the stories in both conditions, and
there were no significant differences in perceived task workload.

These results differ from prior work, which has largely suggested that
scrolling results in worse reading comprehension [61, 75, 141, 154]. We suspect
that the ubiquity of smartphones, and subsequently scrolling, over the past
several years has made it easier for people to create mental representations of
the text they are reading, which is important for reading comprehension [141,
154].

Although we did not find significant differences between scrolling and
paginating, the open-ended responses suggest that pagination strategies can
still be desirable for readers and possibly improve things like focus and a
sense of progression. As such, giving users the option to switch between
pagination and scrolling modes when reading on a smartphone may further
improve user experience.

3.4.1 Limitations

There are several experimental design factors that may have influenced the
results. First, participants were reading with a clear goal in mind, which may
have encouraged deep reading. However, there are other types of reading
tasks, such as skimming, or reading without a particular goal, like when
browsing through articles online. It is possible that scrolling and pagination
may lead to more pronounced effects for different reading types.
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3.4 discussion

Similarly, there are several different types of documents that are commonly
read on a smartphone. We chose to focus on short stories at an 8th grade Chapter 4 uses the

same short stories,
but Chapter 6 uses
non-fiction
documents.

reading level as this does not require any background knowledge from
participants and it represents the target reading level of websites [126]. Prior
work primarily focused on non-fiction and scientific documents [75, 141, 154],
so replicating this with the same types of documents may reveal differences
between the two techniques.

Another factor is when the the test took place. We administered the reading
comprehension test immediately after the participants read the story. This,
coupled with the document type, may have led to higher scores on the test.
Repeating this experiment with a break in between the reading and testing Subsequent studies

have longer breaks
between reading and
test phases: 24 hour
breaks in Chapter 4,
and 2 hour breaks in
Chapter 6.

phases may allow us to more accurately determine whether these effects were
determined by the reading technique or if they were a result of short-term
memory. However, it should be noted that prior work also administered both
phases within the same experimental session.

The nature of the test may have an effect as well. Wästund et al. [185] were
the only others to find no differences in reading comprehension between
scrolling and pagination and they also administered multiple-choice questions.
Others relied on written responses [75, 141, 154] or fill-in-the-blank questions
[61], so it is possible that scrolling and pagination may help readers do better
on certain types of questions, which warrants additional research.

We estimated the power of our sample sizes using the standard deviation
of all scores (sd = 2.6). We found that we could have detected medium to We did not conduct

an a priori power
analysis as we were
confident in our
ability to detect
significant differences
given prior work and
the results we
obtained in
Chapter 4. However,
we were surprised by
these results, which is
why we decided to
conduct a post hoc
power analysis.

large effect sizes (d=0.57), corresponding to ∼1.5 point differences in scores
(7.4%), which is slightly less than one letter grade of a difference. As such,
we believe that our sample size is large enough to detect what we believe to
be meaningful differences between the two conditions if they exist. However,
it is still possible that smaller differences exist between the two techniques,
which only would have become apparent with additional statistical power
from a larger sample size.

Finally, Sanchez and Wiley [154] suggested that people with lower working
memory capacity may be more negatively impacted by scrolling than those
who have high working memory capacity. To keep the experiment dura-
tion short, we did not collect information about working memory capacity,
however, we did recruit from a diverse population. Controlling for working
memory capacity may reveal some differences between the two techniques.

3.4.2 Future Work

An important direction for future work is to investigate the effects of long-
term use and to explore other metrics beyond reading comprehension. For
example, the act of scrolling can cause readers to enter a flow state, which
tempts them to keep scrolling even while they are engaged with and enjoying
the displayed content. This can result in fragmented reading, which can be
dangerous as it may impact how people interpret and understand media like
the news [66]. Similarly, pagination could possibly reduce “mindless scrolling”
tendencies on social media. It is possible that pagination may mitigate such
risks in the long-term, but more work is needed to study this.
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3.5 conclusion

Our participants suggested that pagination helped improve focus, and
studying this in more depth and across a wider variety of tasks would be
beneficial. For example, in an information retrieval context, Kim et al. [95]
found that participants found more relevant search results when paginating
than when scrolling on a smartphone. To enable such investigations, an
important technical contribution would be an app or browser extension that
can turn any continuous scrolling webpage into a paginated version.

3.5 conclusion

We investigate the effects of paginating and scrolling when reading on a
smartphone. Our results indicated no significant differences between these
two techniques for reading comprehension, duration, and task workload,
which differs from prior work that has studied these effects on desktop and
mobile devices. We believe that our findings are important as they challenge a
long-held assumption about the pros and cons of different reading techniques,
and they do so using a task with high ecological validity.
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4
C O N S T R A I N I N G H I G H L I G H T S I N D O C U M E N T R E A D E R
S O F T WA R E T O I M P R O V E R E A D I N G C O M P R E H E N S I O N

Where When

R Ch. 3 Ch. 4

W Ch. 5

R+W Ch. 6

This project explores
constraining when
highlighting can
occur while reading
a document.

In the previous chapter, we compared the effects of pagination, which con-
strains where the viewport can be placed, to scrolling, which gives readers
complete control over its position. Although existing theory suggested that the
pagination document navigation technique would improve reading compre-
hension scores, we did not find differences between scrolling and pagination.
However, there are other theories in psychology that suggest that constraints
may be beneficial in during active reading. In this chapter, we propose limiting
how many words readers can highlight in document reader software, limiting
when highlighting can occur, to improve reading comprehension scores.

4.1 motivation

Marking up existing text with underlines and highlights (“text-marking”
[10]) is a common technique used by readers to remember information from
documents [60]. Prior work in learning theory suggests this is caused by
two main effects. First, marking up text visually isolates it from other text,
making it more memorable [127]. Second, by considering whether some
text is important and worth highlighting, readers think more about about
it, resulting in better recollection [47, 192]. However, to reap these benefits,
readers must be selective by only marking what is truly important [60, 127].
Yet many tend to over-mark text [10], such as when using text-marking to
help concentration while reading [127]. This is problematic since it can create
less visual separation between important and unimportant text, hindering
recollection, and it can instill a false sense of comprehension [23, 192]. Effective
text-marking strategies can be taught. For example, Leutner et al. [105] helped
readers to reflect on their highlighting through self-regulation training, but
this required lots of time and effort as readers had to follow a lengthy 90-
minute training program consisting of almost 50 slides.

To force readers to highlight fewer words, document reader software could
impose a constraint on text-marking. This is easy to do, but the effect of such a
limit on comprehension has not been examined. Constraining how much text
can be marked within a document reader should implicitly encourage readers
to reflect on their markings and self-regulate. Specifically, the reader must
reconsider whether each marking is truly important, and revise accordingly if
the limit has been reached to regain the ability to mark new text. This process
forces the reader to play a more active role with text-marking and should
lead to a highlighted document with adequate visual separation.

We conducted a large-scale between-subjects experiment (n=127) in which
participants were assigned a level of text highlighting constraint: no highlights,
up to 150 highlighted words, and unconstrained highlights. The results show
that participants subjected to a highlight constraint performed better in a
reading comprehension test taken 24 hours later. To encourage readers to
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4.2 background and related work

highlight fewer words without a strict word limit, we created and evaluated
new interaction techniques that introduce temporal, motor, and perception
costs when highlighting text. These techniques were either ineffective at
reducing the number of words readers highlight, or reductions in the number
of highlighted words did not transfer to improved reading comprehension.
Although such ‘soft’ constraints were ineffective, our work contributes the first
exploration of user interface constraints in the context of text-marking, and it
is the first to show that constrained highlighting can improve reading compre-
hension scores without traditional self-regulation training. More broadly, our
work validates theories in psychology, and applying this theory within HCI
could lead to several research directions for the design of document reader
interfaces.

4.2 background and related work

Our work is related to prior work on text-marking strategies in psychology
and prior work that has imposed constraints or augmented highlights in text
editors.

4.2.1 Benefits of Text-Marking

The reason why text-marking can be an effective active reading strategy
has been debated in psychology: is it because of the act or the end result?
According to levels of processing theory [47], information is recalled for
longer periods of time the deeper the information has been processed, which
can be achieved through “a greater degree of semantic or cognitive analysis,”
like making associations to prior knowledge and experiences. Yue et al. [192]
gave students a passage to read and they were instructed to study for a
test that took place one week later by either just reading the passage, or
reading and highlighting the passage. Their results showed that students that
highlighted less received higher scores than those who were considered heavy
highlighters. Yue et al. speculated that being selective while highlighting
required more mental effort to decide what to highlight, which led to higher
scores.

The von Restorff effect [176] states that when presented with multiple
items that are similar, either visually or semantically, items that differ are
more likely to be remembered. This theory can explain why text-marking can
help people recall information in documents. Nist and Hogrebe [127] gave
students text passages with different types of information (i.e., important and
unimportant details from the text) already underlined to examine whether text
marks are beneficial for the resulting document they produce. Their results
showed that when students are given passages with one type of information
already underlined, they answered more questions about the underlined
content correctly than students who received passages with another type of
information highlighted.

Constraining text highlights could be beneficial for both the act and the
result. Readers are encouraged to think more critically about what they
highlight, which also results in a document with adequate visual separation.
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4.3 experiment 1 : constrained highlights

4.2.2 Pitfalls of Text-Marking

For text-marking to be most effective, the reader should be able to distinguish
between important and unimportant material [60]. Bell and Limber [10]
explored the impact of reading skill on text-marking efficiency by examining
the textbooks used by students in an introductory psychology course. Students
with lower reading skills tended to over-highlight text, and highlighted more
irrelevant information, which was associated with lower scores on the final
exam than those with higher reading skills, who were more selective and
focused when highlighting. Some readers may use text-markings for the
wrong reasons, for example, as a concentration strategy while reading [127],
which can lead to over-highlighting. Yue et al. [192] suggested that readers
who do not know how to highlight effectively may feel a false sense of
comprehension (i.e., “illusion of competence” [23]). When re-reading, these
readers may skim over their highlights with little focus as they believe that
the presence of a highlight means the content has already been encoded in
memory.

Such pitfalls can be avoided by teaching readers how to highlight effectively.
Using a computer training program, Leutner et al. [105] taught students how
to highlight text using a five-step process, which included reflecting on their
highlighting behaviours through self-regulation training. This encouraged
students to monitor, self-evaluate, and make adjustments to their highlighting
behaviours, and these students performed better in reading comprehension
tests than those who just learned effective highlighting strategies. However,
the training was lengthy, requiring readers to follow a slideshow consisting
of almost 50 slides for roughly 90 minutes.

We show that constraining text highlights may encourage self-regulation
by requiring the reader to monitor, self-evaluate, and adjust their highlights
to adhere to the constraints imposed by document reader software.

4.2.3 Applications in HCI

To our knowledge, no prior work has investigated the impact of artificially
constraining text-marking in a user interface. Some work has explored the
positive impacts of short note-taking styles, like bullet journaling [34], on
mindfulness and self-reflection [5, 170]. As described in Chapter 2, Biskjaer
et al. [19] explored the effects of time constraints within a text editor to
encourage more creative writing, and found that people wrote more when
writing under a time constraint. Han et al.’s Textlets [72] turn text selections
into interactive objects that can be manipulated and saved within a text editor
to improve consistency when working under constraints imposed by technical
documents. Although Textlets visually resemble text highlights, there were
no limits on how many could be created within a document.

4.3 experiment 1 : constrained highlights

The goal of this experiment is to understand the impact of constrained
highlighting on reading comprehension scores. Participants read a short story
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4.3 experiment 1 : constrained highlights

Table 4.1: Participant demographics for Experiment 1.

Gender Age Education English Language Proficiency

Men 62 18-24 5 Less than High School 2 Full Professional 6

Women 60 25-34 28 High School 15 Native or Bilingual 121

Non-binary 3 35-44 48 Some University (no credit) 18

Unknown 2 45-54 20 Technical Degree 14

55-64 16 Bachelor’s Degree 57

65-74 6 Master’s Degree 12

75+ 2 Beyond Bachelor’s (e.g., MD, JD) 4

Unknown 2 Doctorate 5

Document Reader Frequency Highlight Frequency Highlight Usage

Daily 16 Daily 3 Remember Concepts 84

Weekly 44 Weekly 31 When Commenting 37

Monthly 29 Monthly 15 Concentration 43

Less than Monthly 28 Less than Monthly 50 Other 2

Never 10 Never 18

and were asked to highlight text in preparation for an open-book reading
comprehension test 24 hours later. This is a between-subjects study where
each participant could either highlight nothing, highlight up to 150 words, or
highlight an unlimited number of words.

4.3.1 Participants

We recruited participants through Prolific. Participants were restricted to
Canada and the United States and those who completed at least 2,500 tasks
and with an approval rating greater than 98%. As was done in Chapter 3,
we manually examined all open-ended responses to identify fraudulent par-
ticipant responses [153], but no participants were omitted for this reason.
Participants were instructed not to use any other study tools or aids while
reading the document, like taking notes in a separate document or taking a
screenshot of it. An open-ended response asked participants if they used any
tools or aids to filter out those who did not follow the experiment instructions,
which has been done in other crowdsourced experiments (e.g., [107]). In total,
we filtered out 15 participants (11%) who described using other study tools or
aids, who experienced technical difficulties with our user interface, and who
did not attempt to answer any questions during the reading comprehension
test, leaving 127 valid responses (Table 4.1). Participants received $15 in total.
Much like Chapter 3, for each condition, participants who scored within the
top 25% received a $3 bonus to provide a small incentive to do well on the
test.

4.3.2 Task and Apparatus

Like Chapter 3, participants read one of ten short stories from easyCBM and
answered the associated reading comprehension test, which composed of 20
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4.3 experiment 1 : constrained highlights

Figure 4.1: (a) Constrained highlighting interface. A count and progress bar showing how many words have been highlighted
appear in the top toolbar; (b) if too many words are selected, an error message appears, and the new highlight is
not created.

multiple-choice questions. A Node.js and React application (Figure 4.1) served
a web-based custom document reader with interfaces for reading and testing.
The reading interface displayed the document at the centre of the screen. If
the participant was able to highlight, at the top was a toolbar that allowed
participants to change highlighting modes, which are common in existing
document readers like Adobe Acrobat. Using the “Cursor” tool, participants
could first select text from the document, and then press a black “Highlight”
button. Using the “Highlighter” tool, any text selected automatically became
highlighted. Text selections snapped to full words. If the participant could
only highlight up to 150 words, the toolbar also displayed how many words
had been highlighted, and a progress bar expanded and shrunk as words
were highlighted or deleted. Copying text was disabled to prevent cheating.

The test interface displayed the same document with the participant’s
highlights with 20 multiple choice questions displayed on the right. The top
toolbar displayed the number of questions answered, and a progress bar and
countdown showed how much time remained for the test. The browser “Find”
feature was disabled on the document text to prevent cheating.

4.3.3 Identifying Experimental Properties

I usually report the
median and the
interquartile range
and show boxplots for
nonparametric data.
However, at this
point, I had not
determined the
normality of the data,
so I used the mean,
standard deviation,
and visualized 95%
confidence intervals
as quick checks. To
better reflect how I
made decisions, I
report and show those
here.

To identify levels of constrained highlighting, we first ran a pilot experi-
ment without any highlighting constraints with 12 participants from Prolific.
This was done to better understand how many words participants naturally
highlight when reading the short stories we selected for the experiment. Over-
all, we observed that these participants highlighted 296 words on average
(sd= 201; Figure 4.2). Based on these results, we initially selected 250, 150,
and 50 word highlight limits, which corresponds to slightly below the mean
followed by decreasing 100 word intervals.

With levels of constraint identified, we then ran a pilot to understand
how much time to allocate to the reading comprehension test. We ran the
experiment with a 10 minute time limit for the test with 59 participants (10 to
13 per condition). We found they spent 7.7 minutes on average to complete
the test (sd = 2.0) with a 15.1 average score (sd = 3.1; Figure 4.3). As the
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0 200 400 600
Total Words Highlighted

UNCONSTRAINED

Figure 4.2: Individual and average Total Words Highlighted for the first pilot (n=12) to
identify word limits to test in subsequent pilot studies.
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Figure 4.3: Individual and average Reading Comprehension by condition for the second
pilot (n=59) featuring a 10 minute time limit for the reading comprehen-
sion test.

stories were short, participants were likely able to re-read them during the
test, leading to higher scores and little differentiation between conditions.

These results indicated a 5 minute time limit was reasonable to increase
test pressure and encourage participants to rely more on their memory and
highlights, instead of re-reading the story. This was the pilot

study I referenced in
Chapter 3.

As between-subjects experiments have less statistical power, it was not prac-
tical to run three experimental conditions alongside two baseline conditions at
a large scale. As such, we ran another pilot with 98 participants (16 to 25 per
condition) to identify which word limit was most promising. A shorter time
limit proved to be successful at differentiating the conditions, and our results
suggested that the 150 word limit may lead to higher scores when working
under a 5 minute time limit for the test (Figure 4.4). In the main experiment,
we constrain highlights to 150 words, which corresponds to roughly 10% of
the document word count. We include data from these participants in the
main results.

4.3.4 Procedure

Participants received a link to the document reader web application through
the Prolific system. The task was restricted to desktop and laptop devices.
They entered basic demographic information and read instructions, then they
were presented with the reading interface where they read the short story
and highlighted content of interest if permitted in their condition. There was
no time limit during the reading stage of the experiment. Once they finished
reading, they answered 7 short questions about their experience using the
reading interface.
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Figure 4.4: Individual and average Reading Comprehension by condition for the third
pilot (n=98) featuring a 5 minute time limit for the reading comprehension
test.

After 24 hours, the participant could access the test interface, which dis-
played the short story marked up with their highlights along with 20 multiple
choice questions. If the participant answered all questions within the 5 minute
time limit, they could press a button to finish the test early. Otherwise, the test
automatically ended after 5 minutes. Participants were not allowed to pause
the timer during the test, and they were told to finish the test in one sitting
prior to beginning. They answered 8 short questions about their experience
completing the test.

4.3.5 Design

We opted for a between-subjects design over a within-subjects design to keep
the experiment shorter for each participant and to prevent order effects across
conditions (e.g., implicitly learning to highlight less, or learning the types of
questions that may be asked in subsequent conditions). There is one primary We later figured out a

reasonable,
within-subjects
protocol to mitigate
these issues, which
we describe in
Section 4.6.

independent variable, highlights, with 3 levels: none (n=43), constrained

(i.e., up to 150 words; n=42), and unconstrained (n=42). All participants read
one of 10 documents, using one highlights condition. Both were randomly
assigned.

The primary measures computed from logs were:

• Reading Comprehension, the number of questions the participant answered
correctly during the reading comprehension test (0-20 range).

• Words per Highlight, the number of words within a single highlight, counting
only the highlights that the participate did not delete.

• Total Words Highlighted, the total number of words highlighted, counting
highlights that were not deleted.

• Number of Highlights, the final count of highlights.

• Duration, the time taken (in minutes) to read or highlight the document.

• Number of Deletions, the number of times the participant deleted a highlight
from the document.
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4.4 experiment 1 : results

Table 4.2: Statistical test results for (a) Reading Comprehension, (b) Total Words High-
lighted, (c) Number of Highlights, and (d) Words per Highlight.

comparisons U p RBC

(a) Reading Comprehension (H = 15.7, p < .001, η2
H = .11)

none constrained 468 < .001 *** .48

none unconstrained 699 .07 .22

constrained unconstrained 1146 .03 * .30

(b) Total Words Highlighted

constrained unconstrained 463 < .001 *** 0.48

(c) Number of Highlights

constrained unconstrained 910 .81 0.03

(d) Words per Highlight

constrained unconstrained 184465 < .001 *** 0.56

• Limit Reached, an indicator variable for whether the word limit was exceeded
while attempting to add a new highlight.

The post-reading questions had 6 measures from the NASA-TLX. The
post-test questions had the same 6 measures and one additional question
asking participants how frequently they referred back to the story and their
highlights (all 1-7 scale). The values for Performance were reversed (i.e., 8 - x)
to align valence and numeric scores. The post-reading and post-test questions
both included a single open-ended question asking about the participant’s
experience.

4.4 experiment 1 : results

To assess whether parametric statistical tests could be used, the assumptions
of normality and homogeneity of variance were evaluated using a Shapiro-
Wilk test and a Levene’s test. Like we observed in Chapter 3, the variances
were similar, however, the data and the residuals did not follow a normal
distribution. Therefore, we use a Kruskal-Wallis omnibus test and Mann-
Whitney U post hoc tests with Holm’s corrections for multiple comparisons.
Table 4.2 shows detailed statistical test results.1

4.4.1 Reading Comprehension

Overall, we observe that constraining highlights to 150 words can improve
reading comprehension scores (Figure 4.5). A significant effect of highlights

on Reading Comprehension and post hoc tests revealed that constrained

(mdn = 14, iqr = 4) was associated with higher scores than both none

(mdn=10, iqr=7) and unconstrained (mdn=13, iqr=5.75). Notably, the

1 Although the Kruskal-Wallis is also rank-based, its effect size is typically represented using
η2

H .
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Figure 4.5: Reading Comprehension by highlights.

spread of data for constrained was tighter (iqr=13 to 17) than both none

(iqr=7 to 14) and unconstrained (iqr=10 to 15.75), suggesting that scores
were more consistent when highlights were limited to 150 words.

4.4.2 Highlighting Experience

To better understand why a 150 word highlight constraint improved Reading
Comprehension, we grouped open-ended responses from the reading portion
of the experiment for participants in the constrained condition (n=42). I did
this grouping independently, as the data was straightforward.

Eighteen participants (43%) noted that the word limit affected their high-
lighting strategy. Specifically, sixteen (38%) indicated that the word limit
encouraged them to highlight less and focus on the the most important
points, with comments like: “I kind of liked it because it forced me to highlight
only the parts I thought were more important. In turn, this forced me to understand
the story and main themes more” (P34).

4.4.2.1 Highlight Word Count

To corroborate these findings, we examined the Total Words Highlighted and
Number of Highlights for the constrained and unconstrained conditions
(Figure 4.6), and found that Total Words Highlighted was much lower in the
constrained condition (mdn=145.5, iqr=62.25) than the unconstrained

condition (mdn = 231.5, iqr = 280.75). However, the Number of Highlights
for constrained (mdn= 16.5, iqr= 15.75) and unconstrained (mdn= 15,
iqr=11) were similar, suggesting that each highlight contained fewer words.
We examined the Words per Highlight to confirm this and found that when
constrained, highlights were an average of 4.8 words long (mdn=2, iqr=5),
much lower than 13.7 words in unconstrained (mdn=9, iqr=14).

0 200 400 600
Total Words Highlighted

CONSTRAINED

UNCONSTRAINED

Figure 4.6: Total Words Highlighted by highlights.
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4.4.2.2 Highlighted Content

To get a sense of the types of words participants highlighted, we examined
heat maps of the raw highlights, where common highlights between par-
ticipants appeared more opaque (Figure 4.7). As we had two highlighting
conditions and participants could highlight one of ten stories, the number of
participants who highlighted the same story for a single condition is low (5 to
10), so we discuss common themes across all stories. Participants highlighted
a wide range of text, especially for the unconstrained condition, so we
filtered the heat maps to only show text where a majority of the partici-
pants highlighted the same thing (i.e., opacity ≥ 0.5) and compared similar
types of highlights across conditions. One story had no participants for the
constrained condition, so we only consider nine stories.

Figure 4.7: Example of highlighted content that was highlighted when (a) con-
strained and (b) unconstrained (opacity is normalized across par-
ticipants).

The most common differences between similar highlights for the two con-
ditions were removing filler words when constrained (7 stories; 78%); in
contrast, this only occurred for two stories in the unconstrained condition
(22%). This often involved separating longer highlights by article words or
prepositions (Figure 4.8a). When additional adjectives were used to describe
the same noun, the first adjective was typically highlighted while others were
ignored (Figure 4.8b). When a person or place was described using a few
sentences, participants highlighted the concept itself without the definition
(Figure 4.8c). Although less information was highlighted when constrained,
some participants noted that each highlight effectively created a kind of book-
mark to find additional details, for example, “it was pretty handy in order to
know where to look in the text for specific segments of the story [...] Due to the limit
on how much I could highlight, I only really used it for that” (P33). Some online
resources at universities include highlighting tips like “highlight key words and
phrases instead of full sentences” [40], so it appears as though participants in
the constrained were encouraged to highlight in this way.

4.4.2.3 Reaching the Limit

We anticipated that participants would delete more highlights in the con-
strained condition once the limit was reached. Overall, there were twice
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Figure 4.8: Example differences between similar highlights when unconstrained

and constrained.

as many Number of Deletions when compared to unconstrained (117 vs.
59). However, participants only reached the word limit 46 times (3% of all
highlighting activities). This suggests that participants were highlighting few
words from the onset rather than shortening retroactively, supported by com-
ments like: “the amount of highlighted words was something that I had to constantly
keep track of. I predicted that I would run out of highlights available unless I used
them carefully” (P31).
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Figure 4.9: Distribution of highlight start locations by condition (normalized across
documents).

Start End

Figure 4.10: Timeline showing when participants in the constrained condition hit
the 150 word limit (normalized across participants).

This reluctance to delete highlights is further supported by the distribution
of highlight locations for all valid highlights (Figure 4.9). Participants in the
constrained condition tended to highlight more at the beginning of the
document, while those in the unconstrained condition highlighted more
consistently throughout the entire document. By focusing their highlights on
text earlier in the document, participants typically ran out of words halfway
through their reading and highlighting session (Figure 4.10), which led to
more invalid highlighting attempts for text later in the document (Figure 4.11).
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Figure 4.11: Distribution of valid and invalid highlighting attempts for the con-
strained condition (normalized across documents).

One participant noted that running out of words at important moments of the
story, which typically occurred halfway through the documents we selected,
was frustrating: “it was slightly frustrating that I ran out of words right when I got
to the climax of the story” (P75).

4.4.2.4 Duration

Although participants in the constrained condition had to adopt new strate-
gies and think more about highlighting under a word limit, they took roughly
the same amount of time (mdn = 9.6, iqr = 7.2) as those in the uncon-
strained condition (mdn= 8.3, iqr= 4.9; Figure 4.12). We anticipated that
none would be faster than both constrained and unconstrained, but no
significant differences were observed (mdn=9, iqr=6.9).

4.4.3 Subjective Feedback

Like I noted in
Chapter 3, we may
not have observed
significant differences
due to the
between-subjects
design.

Overall, all conditions were rated similarly for all metrics post reading (Fig-
ure 4.13) and post test (Figure 4.14). All median scores were equal to or below
a “neutral” score of 4 post reading, but all conditions had scores greater than
a “neutral” score for Mental Demand, Temporal Demand, and effort post test.
Although eleven participants from the constrained condition (26%) had
indicated feelings of frustration or increased mental demand in open-ended
responses after reading and highlighting the story, this did not seem to impact
scores.

0 5 10 15 20 25 30
Duration (min)

NONE

CONSTRAINED

UNCONSTRAINED

Figure 4.12: Reading Duration by highlights. Note that 3 points with values greater
than 30 minutes are not shown to improve visibility of the box plots.
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Figure 4.13: Questionnaire scores by condition after the reading portion of the experiment. Lower scores are better.
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Figure 4.14: Questionnaire scores by condition after the test portion of the experiment. Lower scores are better for the TLX
metrics (Frequency is simply descriptive, where higher scores indicate referring back to the story more).

4.4.3.1 Document Types

Seven participants (17%) in the constrained condition said that highlighting
was not necessary for a short story. One participant even noted feeling so
engaged with the text that they forgot to highlight: “it helped me remember some
important events, however, I now noticed that [when] reading the last parts of the
study, I was so engrossed in it, I didn’t highlight that much” (P7). Two participants
noted that their highlighting would be different for other types of documents,
for example: “I was not concerned about the limit. It was not the type of fact-rich
text that typically would be highlighted. For example, historical or medical type texts
are ones that I would expect to highlight” (P6).

4.4.4 Summary

To summarize, our results suggest that constraining highlights can improve
reading comprehension scores. Participants noted that having a word limit
encouraged them to highlight only the most important points, and their
highlights were in fact shorter and focused on highlighting key words like
nouns, which is recommended by some university learning centres (e.g., [40]).
This change in strategy did not increase reading time, nor did it increase
mental demand, effort, or frustration when compared to an unconstrained
ability to highlight.

4.5 discouraging excessive highlighting

Inspired by these findings, we were curious to learn whether readers could be
encouraged to highlight less through interaction techniques that make the act
of highlighting more difficult with ‘soft’ constraints. As an initial exploration,
we propose three new interaction techniques that purposely introduce friction
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(a) temporal cost: time delay (b) physical cost: trailing circle (c) perception cost: obscured text (d) no cost: tooltip

Figure 4.15: Interaction techniques that make the act of highlighting more (a) temporally, (b) physically, and (c) cognitively
more demanding. We compare each to (d) a baseline, consisting of a tooltip.

to make highlighting more temporally, physically, and perceptually difficult
to discourage excessive highlighting.

4.5.1 Time Delay

To increase the temporal cost of highlighting, this technique requires the user
to press and hold the mouse button for a certain time to create the highlight.
The time increases as more words are highlighted (Figure 4.15a). It works
like this. First, as the user selects text they wish to highlight, instructions and
a small gauge, visualized as a circular progress indicator, appear above the
cursor. Second, after they stop moving the cursor, they must keep pressing
the mouse button to fill the gauge. The fill is a red portion of the circle, and it
increases every 100 ms. If the user moves the cursor as it is filled, the gauge
is reset to zero. The gauge visualizes a wait time, after which the gauge turns
green and the instructions tell the user to release the mouse button. After
releasing, the highlight is created. If the user does not wait long enough
before releasing, the highlight is not created.

The wait time is calculated by first summing the word count of text that
has already been highlighted (highlighted word count) and the word count of
text the user wishes to highlight (new word count). This sum, total word count,
is linearly mapped to wait time, using a system-defined target word count, a
minimum wait time, and a maximum wait time.

For example, suppose the user has already highlighted 10 words, the text
selection is 5 words, the target word count is 30 words, and the wait times
range from 0.1 s to 10 s. The total word count would be 15, representing 50% of
the target word count, so the wait time would be approximately 5 s. Of course,
the user may highlight more than the target word count, in which case the
wait time could exceed the maximum wait time. This could be capped at the
maximum wait time, or it could continue to grow until some impossible time,
where the task becomes too frustrating or difficult. In our experiments, we
explore values for these parameters.

4.5.2 Trailing Circle

This technique was designed to increase the physical cost of highlighting. The
user must keep the cursor inside a circle that ‘trails behind’ and shrinks as the
user highlights more words (Figure 4.15b). It works like this. First, when the
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user moves the cursor to select text, a grey transparent circle and instructions
appear to follow the user’s cursor. As more words are selected, the circle
dynamically shrinks to a new circle diameter. Conversely, if the user deselects
text, the circle expands. The user must keep the cursor inside the circle at all
times while selecting text. If they do this, the highlight is created when they
release the mouse button. However, if the cursor leaves the circle, which can
frequently happen with a small circle diameter, the circle turns red and ‘pops’
(visualized by expanding 300% and becoming transparent). If popped, the
highlight is not created.

The trailing effect is created by filtering the circle position and diameter
changes using the 1e filter [35]. This ensures that the circle ‘trails’ behind the
cursor and that large jumps in circle diameter do not cause the selection to fail.
Much like the time delay technique, the total word count is linearly mapped to
the circle diameter using the target word count, a maximum circle diameter, and a
minimum circle diameter.

Building off the example above, if the maximum circle diameter is 100 px and
the minimum circle diameter is 10 px, a total word count would be mapped to a
circle diameter of 45 px. The circle diameter could be smaller than the minimum
circle diameter if the total word count exceeded the target word count, and could
become too challenging, for example, if the circle becomes smaller than the
cursor itself. Therefore, it may be necessary to prevent the circle diameter
from becoming smaller than an impossible diameter, values we explore in our
experiments.

4.5.3 Obscured Text

This technique adds a perception cost, where the document text becomes
more difficult to read, due to lower contrast of text and background colour,
as the user highlights more words (Figure 4.15c). The technique works like
this. First, when the user moves the cursor to highlight more words, the
background for all text in the document is gradually darkened by an obscure
percent. Only making the text background darker does not make selected text
harder to read, so it is also lightened accordingly. When the user releases the
mouse button, the document text is reset to the default white background
and black text.

The obscure percent is determined through a linear mapping using the total
word count, target word count, a minimum obscure percent, and a maximum obscure
percent.

For example, if the minimum obscure percent is 5% and the maximum obscure
percent is 85%, a total word count of 15 words would map to a 40% obscure
percent. If the user highlights more than the target word count, the obscure
percent could reach an impossible percent where the text background is fully
black, or making the text completely illegible. We explore possible values for
this in our experiments.
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4.5.4 Tooltip

In addition to the aforementioned techniques that introduce friction, we also
wondered whether a simple reminder could discourage excessive highlighting
(Figure 4.15d). When the user selects text, a tooltip containing a suggestion to
only highlight important text follows the cursor. Releasing the mouse button
creates the highlight. This technique acts as a baseline.

4.5.5 Pilot to Identify Design Parameters

To determine optimal parameters for the minimum and maximum wait time,
circle diameter, and obscure percent, we conducted an in-person within-subjects
pilot experiment. Six participants from our institution (3 men, 3 women; ages
18-34) interacted with a custom interface that allowed them to try different
settings for each technique by manipulating a slider. The interquartile ranges
from the pilot results suggested that the following minimum and maximum
values would be appropriate as they would be noticeable changes, but not
too frustrating. For wait time, 0.4 s to to 6.38 s; for circle diameter, 375 px to
63.75 px; and for obscure percent, 12.5% to 60%.

4.5.6 Initial Evaluation

Using these parameters, we first conducted a between-subjects experiment
(n=161) on Prolific using all four interaction techniques. Much like Section 4.3,
participants read a short story and highlighted text using a technique, with
levels tooltip (n=40), time (n=41), trailing (n=40), and obscure (n=40).
Then, they answered questions about the document in an open-book reading
comprehension test. However, we made some changes to the protocol. We
were primarily concerned with understanding the effect of technique on Total
Words Highlighted, so we opted to use shorter, 550-word documents. Therefore, At this point, I had

not discovered the
passages created by
Wallace et al. [175],
which are shorter. We
use these in
Chapter 6.

the mapping used 55 words as the target word count, representing roughly
10% of the 550-word document. We administered the reading comprehension
task to participants immediately after they read the document. This was
a 5-question multiple-choice reading comprehension test that they had to
complete within 90 s. Both the stories and the tests were generated using
GPT-4 and manually tweaked to ensure they were reasonably difficult. Our
results suggested a significant effect of technique on Total Words Highlighted
(H = 8.87, p < .05, η2

H = .04). However, post hoc tests were not significant (.06

≤ p ≤ .8).

4.5.6.1 Refinement

Based on these results, we refined our experimental design and the techniques.
First, the experiment may have lacked statistical power due to a between-
subjects design with four conditions. As our main focus was comparing each
new technique to tooltip, we decided to conduct multiple, within-subjects
experiments.

Second, each technique could have been more difficult. In the initial evalu-
ation, the ‘impossible’ values were the same as the ‘maximum’ values, but
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Table 4.3: Participant demographics for Experiment 2.

Gender Age Education English Language Proficiency

Men 15 18-24 2 High School 3 Full Professional 1

Women 28 25-34 11 Some University (no credit) 14 Native or Bilingual 43

Non-binary 1 35-44 13 Technical Degree 6

45-54 7 Bachelor’s Degree 17

55-64 7 Master’s Degree 3

65-74 4 Beyond Bachelor’s (e.g., MD, JD) 1

Document Reader Frequency Highlight Frequency Highlight Usage

Daily 13 Daily 4 Remember Concepts 32

Weekly 9 Weekly 9 When Commenting 8

Monthly 11 Monthly 6 Concentration 17

Less than Monthly 9 Less than Monthly 16 Other 2

Never 2 Never 9

these may have been too easy. For example, the circle diameter did not become
smaller than 63.75 px, which is still reasonably large. To make the techniques
harder, we changed them to use the minimum and maximum values from
the pilot, and made the ‘impossible’ values more difficult. For time, the delay
now ranged from 0.4 s to 7 s and extrapolated to a maximum of 30 s; for
trailing, the circle diameter now ranged from 700 px to 30 px and extrapo-
lated to 15 px, at which point keeping the cursor inside the circle becomes
nearly impossible; and for obscure, the level of obfuscation now ranged from
8% to 80% and extrapolated to 90%, at which point the text becomes nearly
impossible to read.

Finally, the initial evaluation focused on assessing the number of high-
lighted words, but some techniques could potentially be too distracting and
hinder reading comprehension. Our generated stories and reading compre-
hension tests were not validated for consistency and may have differed in
difficulty, so we reverted back to the longer stories from easyCBM used in
Experiment 1 (and set the target word count to 150 accordingly), and returned
to a 24-hour gap between reading and completing the tests.

4.6 experiment 2 : interaction techniques

Learning from the previous between-subjects experiment, we conducted three
related exploratory within-subjects experiments on Prolific.

4.6.1 Participants

Across all three experiments, we recruited 49 participants, but dropped 5

(10%) who experienced technical difficulties and those who did not attempt
to highlight or answer any reading comprehension questions, leaving 44

valid responses (Table 4.3). Participants received $15 in total and the top 25%
received an additional $3 bonus.
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4.6.2 Task, Apparatus, and Design

The task was similar to Experiment 1, but this time, each participant read two
short stories. They were randomly assigned to highlight text using time (n=19),
trailing (n=9), or obscure (n=16) for one story, and tooltip for another. The Studies that were

conducted earlier use
1-7 scales, but newer
studies use 0-100
scales to provide more
granularity.

order in which they experienced them was randomized. The reading interface
was nearly identical to that of Experiment 1, but this time they could only
highlight using the “Highlighter” tool. After reading and highlighting one
document, they answered the same questions about their experience using the
technique (all 0-100 scale). After reading and highlighting both documents,
participants were shown their previously-entered responses, allowing them to
refine them and better compare the two techniques [149]. Twenty four hours
later, participants could complete both tests, which were presented in the
same order they read them. In Chapter 6, we

randomize the test
order too.

4.6.3 Results

The workload-related metrics suggest that the time delay, trailing circle, and
obscured text made highlighting more difficult than seeing a tooltip, which
was our objective. For obscure, Mental Demand (p = .009) increased, all but
Temporal Demand increased for time (.0006 ≤ p ≤ .05 for significant metrics),
and all metrics increased for trailing (.004 ≤ p ≤ .05). However, even though
the techniques were more difficult, we did not observe any meaningful trends. The sample size is

admittedly small, so
the study may lack
power. However,
because we did not
observe any trends,
we did not recruit
more participants.

No technique was associated with increased Reading Comprehension when
compared to tooltip (.48 ≤ p ≤ .92). For Total Words Highlighted, there was a
significant difference between tooltip (mdn=189, iqr=264) and trailing

(mdn = 113, iqr = 60; W = 1, p = .007, rbc = .96), however, it is likely that
keeping the cursor inside the circle became almost impossible for participants
to do, making it more of a ‘hard’ constraint than ‘soft.’

4.6.4 Summary

Overall, even though the techniques generally made highlighting more tem-
porally, physically, and perceptually more demanding, we did not observe
differences in the number of highlighted words for the time delay and ob-
scured text techniques. For the trailing circle technique, we did observe a
reduction in the number of highlighted words. None of the techniques were
associated with increased reading comprehension.

4.7 discussion

We showed that imposing a word limit on the number of highlightable
words can improve reading comprehension. However, when we tried to
use ‘soft’ constraints that introduce friction into the act of highlighting, we
did not observe any improvements in reading comprehension. We discuss
research directions based on our work for the broader HCI community and
the limitations of our work.
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4.7.1 Research Directions for HCI

A text highlight constraint is a very simple concept that could be integrated
into existing document readers like Adobe Acrobat and macOS Preview. How-
ever, there remains open questions and design decisions for HCI researchers.

4.7.1.1 Identifying Constraints for Different Documents and Task Environments

During our pilot studies for Experiment 1, we identified 150 words (roughly
10% of the document word count) as a promising constraint for the types of
short stories and the type of task we selected: a reading comprehension test
with additional pressure from a short time limit. However, as suggested by
participants and our own pilot testing (see Section 4.3.3 for details), this is not
a universal solution as different documents and tasks will require different
levels of constraint. One possibility is to allow users to set their own levels
of constraint for individual documents, but a more ambitious goal would be
to analyze document characteristics to calculate an optimal level of highlight
constraint, possibly using the capabilities of LLMs. Constraints could be
imposed relative to the text structure, for example, allowing only 5 highlights
per section, or allowing more highlights for certain types of sections, like
the results section of an academic paper. This might encourage readers to
highlight more consistently throughout a document, which was something
our participants seemed to struggle with.

Studying for a test has a clear objective, but text may be highlighted for a
variety of reasons, many of which are more exploratory or ambiguous [39].
For example, knowledge workers may frequently switch between broadly
capturing text to gather information and narrowing or filtering text to create
meaningful insights [79, 142]. Similarly, when collaborating with others, a
reader will likely highlight more text initially before filtering their personal
highlights to share with others [116]. A text highlight constraint should adapt
to suit the nature of these tasks, allowing for more words to be highlighted
for exploratory or ambiguous tasks, and less words for narrowing or filtering
tasks.

Text highlight constraints could help readers learn. For example, in a
classroom setting, teachers could set levels of constraints to encourage better
study habits among students. The level of constraint could even act as training,
where a document reader first learns current highlighting behaviours, then
gradually imposes a more constrained word limit over time to help readers
to develop better highlighting strategies.

4.7.1.2 Integration with Existing Features

Recall 37 participants (29%) reported previous highlighting experience linked
to adding a text comment (Table 4.1). Imposing word limits on other types
of document annotations like comments may have similar benefits, but it is
unclear how text highlight constraints should be combined with text com-
ment constraints since they are often simultaneous. One option is to have
separate word limits for highlights and comments, allowing for a separation
of concerns. Another option is to have a combined word limit. Both options
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increase user effort: either keeping track of multiple limits or allocating words
across these two features. Chapter 6 extends

commenting
capabilities, however,
it does not impose
word limits.

4.7.1.3 Interaction Techniques

Our assumption when designing and evaluating new interaction techniques
was that making the act of highlighting more difficult would disrupt fast and
automatic System 1 thinking for slower and deliberate System 2 thinking (dual
process theory; Section 2.3). This would encourage participants to self-reflect
on their highlighting and highlight fewer words. However, this did not seem
to happen: participants generally highlighted the same number of words as
just seeing a tooltip. When they did highlight fewer words for the trailing
circle technique, this did not translate to better reading comprehension scores.

There are several factors that may explain these results. One is that just
seeing a tooltip is enough to nudge highlighting behaviour. To verify this,
we compared tooltip to unconstrained and constrained using Mann-
Whitney U tests. We did not observe any significant differences between
tooltip and unconstrained for Total Words Highlighted (p = .62) and Reading
Comprehension (p = .82), but we did observe significant differences between
tooltip and constrained for both Total Words Highlighted (p < .001) and Read-
ing Comprehension (p = .04). This suggests that a hard word limit is associated
with fewer words highlighted and better reading comprehension scores, and
that just seeing a tooltip is not enough to discourage excessive highlighting.

Another possibility is that knowing there was a hard limit on highlightable
words triggered a deeper engagement with the text that was more important
for reading comprehension than just reducing the number of highlighted
words. As another check, we grouped participants in Experiment 1 by how
many words they actually highlighted, regardless of condition: 0 words
(none; n=44), less than or equal to 150 words (150; n=56), and more than 150

words (more; n=27). Participants did significantly better with 150 (mdn=14,
iqr=5) than none (mdn=10, iqr=7; p = .04), but there were no significant
differences between 150 and more (mdn = 14, iqr = 6). This suggests that
other, more psychological factors, such as the ability to recognize keywords
and phrases, may be more important to increasing reading comprehension
than just word count, and that this was encouraged through hard constraints
but not soft constraints.

Future work could explore other types of interaction techniques or further
tune the ones we proposed. For example, our implementation linearly mapped
word count to wait time, circle diameter, and obscure percent, but non-linear
mappings may be more appropriate.

4.7.2 Limitations

We tested multiple stories for improved external validity, but this reduced
the number of participants per story for each condition. This made it dif-
ficult to analyze the raw highlight text and differences between conditions
in greater depth. Repeating Experiment 1 with a single story or greatly in-
creasing the number of participants would allow us to learn what text is
commonly highlighted between participants and give better insights into
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how people change strategies when highlighting under a word limit. Our
results suggest that constrained highlighting could teach readers effective
highlighting techniques, but this could be further validated by comparing it to
an unconstrained highlighting condition in which participants learn effective
highlighting techniques before reading a document.

Although we tried our best to mimic what it would be like to study for a
test, our experimental setup may be lacking in ecological validity. Specifically,
Lonka et al. [111] note that study strategies used during an experiment may be
different than those used when studying for an actual exam. The documents
we selected allowed for high internal validity and roughly correspond to
something a student may face in an English course. However, there are
other types of documents where text-marking is arguably even more useful,
possibly with additional text-marking tendencies (e.g., non-fiction articles).
A longitudinal study of text highlight constraints within a real educational
setting would further validate and extend our findings.

Prior work suggests that people with lower reading abilities struggle to
identify key concepts to highlight [10]. Although we conducted Experiment
1 with a large population with a diverse educational background, we did
not formally measure reading ability. This would have required additional
time-consuming tasks, like the Nelson-Denny reading test, which would
greatly increase the duration and fatigue of our experiment. It is likely that
constrained highlighting would be more difficult and mentally demanding for
this population, but perhaps once mastered, they may experience the greatest
improvements in reading comprehension.

4.8 conclusion

Using a large-scale, between-subjects experiment, we show that a text high-
light constraint can improve reading comprehension scores when compared to
not highlighting anything or unlimited highlighting. Our work validates the-
ories in psychology, which state that being more selective when highlighting
text improves recollection. At its core, the idea of constraining text highlights
is incredibly simple. However, we believe that incorporating it into existing
document reader software is an ‘easy win’ that can help people become
better learners by forcing them to be more selective and intentional with their
highlights without the need for lengthy and time-consuming self-regulation
training. We then designed and implemented interaction techniques that
make highlighting temporally, physically, and perceptually more difficult, yet
these techniques did not improve reading comprehension, suggesting that
‘hard’ constraints may be more effective. We hope our work will inspire new
features and interactions within document reader software that are designed
around constraints.
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This project explores
constraining when
prompts can be
submitted while
writing a document
with AI assistance.

In the previous chapter, we limited how many words readers could high-
lighting in document reader software and found that this increased reading
comprehension scores. This constraint restricted user actions after a certain
point, specifically, when they reached 150 highlighted words. In this chapter,
we continue to examine the effects of constraining when interaction can occur,
by restricting interaction before a certain point. Specifically, by requiring users
to write longer prompts to increase psychological ownership.

5.1 motivation

People often write collaboratively, which can lead to many benefits, like im-
proved text quality [133, 189]. However, it can also lead to negative outcomes,
such as a loss of psychological ownership [24, 25, 36]. This is a concept about
feelings of the text belonging to the writer, regardless of legal ownership [139].
Preserving feelings of psychological ownership is important when writing
collaboratively, as prior work suggests that losing too much psychological
ownership can deter people from writing together in the future [36].

People are increasingly writing ‘collaboratively’ with generative AI services
like ChatGPT. For example, author Rie Kudan, winner of the 170th Akutagawa
Prize in Japan, used ChatGPT to write her award-winning book [42]. Given
this new form of collaborative writing, understanding how psychological
ownership is affected by generative AI writing assistants is crucial. It seems
intuitive that writing with a generative AI assistant will result in lower feelings
of psychological ownership than writing something independently, which
has been corroborated by early work investigating the roles and designs of AI
writing assistants (e.g., [54, 104, 108]). However, we argue that more nuance of
understanding is needed. Unlike collaboratively writing with another person,
whose actions cannot be controlled, someone collaborating with a generative
AI assistant can exert more control over the output through their prompts,
which can vary in length. Someone may write a short prompt that lacks detail
about the content or style, or may write a long prompt to include these details
(Figure 5.1). Writing longer and detailed prompts should result in generated
text that is more representative of these additional details, and including these
details requires an investment of time, energy, and sense of self; all of which
are important for psychological ownership [138, 139, 178]. Therefore, someone
who invests more by writing longer prompts may have increased feelings of
psychological ownership than someone who writes less, and it is possible
that writing longer prompts may even lead to similar levels of psychological
ownership as independent writing. Despite the potential influence of prompt
length on psychological ownership, this has not been empirically investigated.

We conducted two experiments to answer the following research question:
how much psychological ownership do people feel over writing produced by generative

44



5.1 motivation

Write a 150-200 word short story about: Write a 150-200 word short story about:

(a) minimal prompt (b) detailed prompt

Figure 5.1: Writing a short story with (a) a minimal prompt with only 3 words and
(b) a detailed prompt with 40 words. Yellow highlight shows similarities
between the original prompt and the resulting story.

AI, and how does prompt length affect it? During the first experiment, partici-
pants wrote 150-200-word short stories either completely by themselves or by
writing prompts of varying lengths enforced through word minimums and
maximums, effectively constraining the prompt length. Results showed that
as participants wrote more to meet higher word minimums, they had higher
levels of psychological ownership. Specifically, participants included more
details about the story plot in their prompts, which resulted in more simi-
larities between their prompts and their stories, and required more thought.
The second experiment used even higher word minimums, yet psychological
ownership plateaued.

These experiments required users to write longer prompts using word
minimums. Though valuable for increased experimental control, this approach
may not work well in practice, where users desire some flexibility. As such,
we examine an important follow-up research question: how can we encourage
users to write longer prompts? We propose two simple changes to the prompt
entry interface that introduce time and motor costs based on prompt length.
Specifically, the user must press and hold the prompt submission button for
some time or repeatedly move a slider up and down before their prompt is
submitted. The time spent waiting and the number of slider movements are
both functions of prompt length, meaning if someone writes a longer prompt,
they experience less delay or do not have to move the slider as much.

Using a similar creative writing task, we first explored the effectiveness of
a time cost and found that 20- and 60-second delays were associated with
longer prompt lengths than having no delays. Learning from these results and
the experimental protocol, we then compared the time cost to the motor cost.
When compared to a baseline interface with no augmentations, participants
felt more mental demand, physical demand, effort, and frustration, but wrote
significantly longer prompts and felt more psychological ownership toward
the resulting stories. To encourage participants to generate more ideas [160]
and write even longer prompts, we further augmented these techniques to
display AI-generated suggestions every 8 seconds, triggered after one second
of inactivity. A follow up study showed that this significantly increased
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prompt length for the augmented prompt entry conditions, but did not
further improve psychological ownership.

The effects of writing with a generative AI assistant on psychological own-
ership is important for the HCI community to understand, as the community
is developing writing systems with generative AI support that offload work
from the user. While this may be beneficial for productivity, users may come to
feel negatively about such systems and stop using them over time, especially
for tasks where the end product should be ‘theirs.’ Our work contributes
empirical and quantitative findings on the effects of writing with a generative
AI assistant on psychological ownership and how this is impacted by prompt
length, and two simple yet effective approaches for increasing prompt length
through time and motor costs that can be integrated into current chat-based
AI interfaces.

5.2 background and related work

It has been long understood that people feel possessive towards objects, ideas,
places, and creations. In psychology, these possessive feelings are referred to
as psychological ownership [138, 139]. Many factors contribute towards increased
feelings of psychological ownership, like the investment of time, energy, and
sense of self, which may explain why people feel possessive towards creative
work [138, 139, 178]. Feeling psychological ownership can have positive
outcomes, like an increased sense of responsibility and citizenship behaviour
[139], but can negatively impact collaborative tasks [138]. People often write
collaboratively, which can improve text quality [133, 189], however, writers
often feel psychological ownership over jointly-written text [25, 36, 71, 171].
Although some types of collaborative writing can improve psychological
ownership, such as synchronous collaborations with more communication
[17], fears of losing psychological ownership can often lead to territorial
behaviours [101] or avoiding future collaboration [36].

Psychological ownership has been identified as important to the design
[102] and evaluation [158] of AI writing systems. Biermann et al. [15] con-
ducted interviews with hobbyist and professional writers to better understand
how they write and the challenges they face while writing. Participants com-
mented on mock-up user interfaces designed for different AI assistant roles,
such as using the AI to receive suggestions for new text or to generate dialog
for different characters. Psychological ownership was an important factor for
these writers, and some designs were poorly received because they “overstep
the boundaries” of the human writer. Draxler et al. [54] asked participants
to write postcards entirely by themselves or to edit or choose postcards
pre-written by AI before ‘signing’ the postcard. Participants did not feel
psychological ownership towards text that was pre-written by AI, however,
they still did not list “AI” as an author, suggesting the presence of an AI
Ghostwriter Effect. Li et al. [108] asked participants to write persuasive essays
and stories with an AI assistant, where the human and the AI could be the
primary writer or the editor. Having the AI as the primary writer lowered
psychological ownership, however, participants still valued AI assistance as
they were willing to forgo some payment to receive help. These early evalu-
ations suggest that psychological ownership is lowered when collaborating
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with AI, however, they focused on the role of the AI and did not explore other
factors that contribute towards lower psychological ownership in depth.

There are many writing systems that leverage AI and LLMs (e.g., [78, 191]),
but we focus on those that evaluated psychological ownership. Dramatron
[120] helps writers create theatre screenplays and scripts, but writers reported
low feelings of psychological ownership over the resulting pieces. GhostWriter
[186] allows writers to refine writing style preferences through highlights,
but psychological ownership was the most varied and lowest scoring metric.
Metaphoria [62] suggests metaphors while writing poems, but writers felt
less psychological ownership when using it, especially when “the suggestions
were particularly good.” The type of suggestion may also play a role. For
example, Dhillon et al. [51] found that psychological ownership decreased
when writers received entire paragraphs or sentences as suggestions from an
AI writing assistant. Lee et al. [103] suggested that as writers receive more
suggestions from AI, they write less and feel less psychological ownership.
However, they note that these results were preliminary and more research is
needed to further validate these findings.

It has been hypothesized that increased control is desirable for human-AI
collaborations (e.g., [131, 148, 152]), and that having more control can increase
feelings of psychological ownership while writing. For example, Lehmann et
al. [104] compared AI-generated suggestions that the user had to manually
accept to suggestions that were automatically inserted into the text body.
They found that manually-accepted suggestions was associated with higher
feelings of psychological ownership, which may be due to the increased
control at the composition stage.

To summarize, prior work has shown that psychological ownership is
important to writers who write collaboratively with humans and with AI. Al-
though some AI writing systems have included features to give writers more
control to increase psychological ownership, the effects of more fundamental
properties, such as the prompt length, have yet to be explored.

5.3 experiment 1 : prompt length

The goal of this experiment is to understand the impact of writing with
generative AI on psychological ownership and how prompt length affects
it. Through a within-subjects experimental design, participants wrote short
stories with generative AI assistance by writing prompts of varying word
lengths, which were enforced through word minimums and maximums for
increased experimental control: 3 words, 50-100 words, and 150-200 words.
As a baseline, participants also wrote a 150-200 word short story without any
AI assistance.

5.3.1 Participants

We recruited 41 participants through the crowdsourcing experiment service,
Prolific. Participants were restricted to the United States and Canada, those
who had completed at least 2,500 tasks, and those who had an approval rating
greater than 98%. We manually examined all open-ended responses and user
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Table 5.1: Demographic information for Experiment 1.

Gender Age Education Creative Writing Frequency Prompt Engineering Familiarity

Men 14 25-34 10 Some University (no credit) 4 Daily 1 Extremely 3

Women 16 35-44 7 Technical Degree 1 Weekly 7 Moderately 3

Non-binary 1 45-54 6 Bachelor’s Degree 21 Monthly 7 Somewhat 3

55-64 6 Master’s Degree 5 Less than Monthly 11 Slightly 7

65-74 2 Never 5 Not at All 15

ChatGPT Frequency Weekly ChatGPT Use Other AI Services AI Usage

Daily 3 0 times 7 Nothing 3 Gemini 9 Nothing 1 Generate Images 12

Weekly 14 1-5 times 13 GPT-2 6 Grammarly 9 Write Emails 11 Get a Definition 9

Monthly 4 5-10 times 8 GPT-3 12 Stable Diffusion 2 Write Papers 2 Explore a Topic 17

< Monthly 9 10-30 times 2 GPT-4 6 Dall-E 4 Write Stories 6 Brainstorming 25

Never 1 30+ times 1 Copilot 2 Midjourney 5 Edit Text 14 Find References 8

Bing 12 Other 6 Generate Code 3 Clarification 7

Edit Code 3 Translate Text 5

Debug Code 3 Other 4

input to identify fraudulent responses [153] and filtered out participants who
experienced technical issues with our interface and those who cheated by
padding out their prompts or stories with dummy text to meet the word
minimums and those who did not make enough keystrokes to generate their
user input, suggesting they copied and pasted content from another source.
In total, 10 participants (24%) were excluded, leaving 31 valid responses
(Table 5.1). All self-reported being proficient at reading and writing in English
(all ≥ 5 on a 1-7 scale). Participants received $15 as remuneration.

5.3.2 Apparatus and Task

The experiment software was a Node.js and React web application (Figure 5.2).
The main writing interface had a toolbar on the top and a side-by-side view
underneath. The top toolbar contained instructions for the trial and three
nouns that the story had to be about (i.e., a unique and randomly assigned
“triad” from a set of nine triads adapted from Foley et al.’s text composition
task [59]), which is useful for encouraging creative thinking on the spot during
experiments [55]. Writing independent short stories is an ideal task for this
type of experiment as creative writing requires a high personal investment
and expression of self, which are important for psychological ownership, yet
it provides increased control for an experiment.

A text box on the left provided a space for participants to write a prompt for
the GPT-3.5 Turbo model. In a baseline condition, they wrote a complete story.
Copying and pasting within the text box were disabled to prevent cheating,
but this may not work across all browsers, so keystroke-level activity was
also logged to verify response validity. A word counter above the text box
displayed the number of words in the text box. Once the word count satisfied
the requirements for the condition (i.e., the word count was between the mini-
mum and maximum), a “Finalize” button could be pressed, causing the story
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Figure 5.2: Experimental interface (shown with AI assistance): (a) top toolbar showing
the instructions and three nouns the story had to be about; (b) a text box
where the participant wrote their prompt or short story; (c) the story
written by themselves or with AI assistance.

to ‘type out’ on the right side of the screen, following the behaviour of LLM
AI systems like ChatGPT. The “Finalize” button could only be pressed once.
The story was either generated by the model by including the participant’s
prompt within an engineered prompt, or it was the same text written by the
participant in the baseline. The same typing effect was used in both cases,
and this provided an opportunity for participants to read the story. After the
story was fully typed, a “Continue” button could be pressed to end the trial.

5.3.3 Procedure

Participants received a link to the web application through Prolific and the
experiment was restricted to laptop and desktop devices. After entering basic
demographic information (questions were adapted from Masson et al. [118])
and reading instructions, they were shown the writing interface and were
asked to write a short story or a prompt about the three presented nouns.
After the writing stage, they answered questions about their story and the
writing experience. They repeated this for all conditions before answering
questions about their overall thoughts and preferences. The entire experiment
took approximately one hour.

5.3.4 Choice of Prompt Lengths

We were interested in examining the effects of prompt length, believing that
being required to write longer prompts will increase the prompt level of detail
and improve psychological ownership. As such, we needed to test a range
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of prompt lengths representing key cases, like a story generated with very
little guidance from the writer, a story heavily guided by the writer, and a
story written solely by the writer. At the same time, we had to ensure that the
experiment duration was not too long for participants. Therefore, our choice
of word minimums (and word maximums) was guided by the duration of
conditions requiring more writing from the participant (e.g., writing a story
without any AI assistance). We ultimately decided that the final stories for
all conditions had to be 150-200 words, so that the experiment was not too
time-consuming but the stories were still long enough to be fully developed.
With a 150-200 word final story in mind, we chose conditions to examine the
effects of prompt length and a baseline:

• 3 words with GPT, representing 1% of the maximum final story word
count. This best approximates the case where the story is fully generated
by an AI assistant.

• 50-100 words with GPT, representing 25-50% of the maximum final story
word count. The story is generated by an AI assistant but has some guid-
ance from the participant.

• 150-200 words with GPT, representing 75-100% of the maximum final story
word count. The story is generated by an AI assistant, but with a lot of
guidance from the participant.

• 150-200 words without GPT, a baseline representing the case where the
story is fully written by the participant.

5.3.5 Design

This is a within-subjects design with one primary independent variable, con-
dition (levels: ai-3, ai-50, ai-150, no-ai; the number representing the word
minimum). condition was randomly assigned. For each condition, the
primary measures were 10 subjective question scores, all interval numeric
scores within a 1-7 range. Four questions represented metrics related to psy-
chological ownership and the phrasing was similar to prior work [36, 124]:
Personal Ownership, Responsibility, Personal Connection, Emotional Connection.
We average these four scores to create a composite measure, Psychological
Ownership, which is a common technique in psychology papers. The inter-
nal consistency reliability score, which describes how consistently different
items on a questionnaire describe the same underlying concept, was calcu-
lated using Cronbach’s alpha, and the reliability was very high (α = 0.96),
indicating that Psychological Ownership was a reliable composite measure
for data analysis. Six questions represented metrics from the NASA-TLX:
Mental Demand, Physical Demand, Temporal Demand, Performance, Effort, and
Frustration. Objective metrics were calculated from logs: the time taken in
minutes to write the prompt or story (Duration); the number of words in each
(Word Count); and the semantic text similarity between the final story and the
participant’s prompt (Text Similarity), which was calculated using Google’s
Universal Sentence Encoder (0-1 range; 1 being identical texts) [37].
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Table 5.2: Omnibus and post hoc statistical tests for Experiment 1: (a) Psychological Ownership, (b) Duration, (c) Word Count, (d)
Text Similarity, (e) Mental Demand, and (f) Effort.

(a) Psychological Ownership (b) Duration (c) Word Count

χ2
3,N=31 = 78.01, p < .001, W = .84 χ2

3,N=31 = 35.86, p < .001, W = .38 χ2
3,N=31 = 85.87, p < .001, W = .92

comparisons p-value RBC comparisons p-value RBC comparisons p-value RBC

ai-3 ai-50 < .001 *** .72 ai-3 ai-50 .87 n.s. .22 ai-3 ai-50 < .001 *** 1.0

ai-3 ai-150 < .001 *** .75 ai-3 ai-150 .02 * .52 ai-3 ai-150 < .001 *** 1.0

ai-3 no-ai < .001 *** .99 ai-3 no-ai .01 ** .58 ai-3 no-ai < .001 *** 1.0

ai-50 ai-150 .01 ** .25 ai-50 ai-150 < .001 *** .67 ai-50 ai-150 < .001 *** 1.0

ai-50 no-ai < .001 *** .83 ai-50 no-ai < .001 *** .76 ai-50 no-ai < .001 *** 1.0

ai-150 no-ai < .001 *** .65 ai-150 no-ai .24 n.s. .16 ai-150 no-ai .005 ** .4

(d) Text Similarity (e) Mental Demand (f) Effort

χ2
3,N=31 = 99.00, p < .001, W = 1.00 χ2

3,N=31 = 60.21, p < .001, W = .65 χ2
3,N=31 = 49.99, p < .001, W = .54

comparisons p-value RBC comparisons p-value RBC comparisons p-value RBC

ai-3 ai-50 < .001 *** .7 ai-3 ai-50 < .001 *** .57 ai-3 ai-50 < .001 *** .76

ai-3 ai-150 < .001 *** .89 ai-3 ai-150 < .001 *** .82 ai-3 ai-150 < .001 *** .76

ai-3 no-ai < .001 *** 1.0 ai-3 no-ai < .001 *** .86 ai-3 no-ai < .001 *** .86

ai-50 ai-150 < .001 *** .55 ai-50 ai-150 < .001 ** .37 ai-50 ai-150 .16 n.s. .17

ai-50 no-ai < .001 *** 1.0 ai-50 no-ai < .001 *** .44 ai-50 no-ai .02 * .33

ai-150 no-ai < .001 *** 1.0 ai-150 no-ai .33 n.s. .04 ai-150 no-ai .13 n.s. .12

5.4 experiment 1 : results

We conducted Shapiro-Wilk and Mauchly’s tests to determine the normality
and sphericity of the data, and all metrics significantly deviated from a normal
distribution or did not have sphericity. Therefore, we use a Friedman test and
Wilcoxon signed-rank tests, with Holm’s corrections for multiple comparisons;
and Spearman’s correlations. Table 5.2 shows details of statistical tests.1

5.4.1 Psychological Ownership

Overall, writing more words improved feelings of psychological ownership
(Figure 5.3). A significant effect of condition on Psychological Ownership
and post hoc tests revealed that ai-3 was associated with the lowest scores
(mdn = 1.25, iqr = 1.25), followed by ai-50 (mdn = 3.75, iqr = 2.12), ai-150

(mdn=4.75, iqr=1.75), and no-ai (mdn=6.5, iqr=1).

1 Kendall’s W acts as the effect size for the Friedman test.
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Figure 5.3: Psychological Ownership by condition. Higher scores correspond to higher
feelings of Psychological Ownership.

5.4.2 Writing Activities

To better understand factors that may have contributed to these results, we
examine participants’ writing activities and task workload. I independently
grouped the open-ended responses as the data was straightforward given the
number of participants and the short response length (2-3 sentences each).

5.4.2.1 Duration

We anticipated that spending more time writing may lead to higher Psy-
chological Ownership, but they were only moderately positively correlated
(rs = .45, p < .001). A significant effect of condition on Duration and post
hoc tests revealed that ai-3 (mdn= 1.85, iqr= 5.87) and ai-50 (mdn= 3.25,
iqr = 2.47) were faster than ai-150 (mdn = 6.99, iqr = 6.08) and no-ai

(mdn=7.89, iqr=4.46; Figure 5.4).

0 10 20 30 40
Duration (min)

AI-3

AI-50

AI-150

NO-AI

Figure 5.4: Duration by condition.

5.4.2.2 Word Count

We observed a strong positive correlation between Word Count and Psycho-
logical Ownership (rs = .72, p < .001), suggesting that as participants wrote
more, they felt more psychological ownership over their writing. As expected,
we observed a significant effect of condition on Word Count with post hoc
tests showing participants wrote fewer words with ai-3 and ai-50 (mdn=60,
iqr = 28.5) than they did with ai-150 (mdn = 157, iqr = 10) and no-ai

(mdn = 168, iqr = 28.5; Figure 5.5). Despite having the same word limits,
we also observed a significant difference between ai-150 and no-ai. One
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possibility is that participants encountered a mental block with ai-150, as
some mentioned how it was “more taxing to write [a] longer prompt” (P31) and
how they “couldn’t think of what [...] to write about” (P21).

0 50 100 150 200
Word Count

AI-3

AI-50

AI-150

NO-AI

Figure 5.5: Word Count by condition.

5.4.2.3 Text Similarity

Overall, writing longer prompts was associated with more semantic text
similarity with the generated story. There was a strong positive correlation
between Word Count and Text Similarity (rs = .82, p < .001), and a significant
effect of condition on Text Similarity, revealing that prompts written with ai-3
were the least similar to the final story (mdn= .30, iqr= .12), followed by ai-
50 (mdn= .41, iqr= .16), ai-150 (mdn= .61, iqr= .15), and no-ai (Figure 5.6).
Much like Word Count, having increased Text Similarity was strongly positively
correlated with higher Psychological Ownership (rs = .75, p < .001).

0.0 0.2 0.4 0.6 0.8 1.0
Text Similarity

AI-3

AI-50

AI-150

NO-AI

Figure 5.6: Text Similarity by condition. Higher scores refer to more similarities
between the input and output (1 = identical texts).

5.4.2.4 Prompt Strategies

We observed participants adopting several strategies with their prompts
(Table 5.3). As expected, most participants wrote the three specified nouns
for ai-3, so we only consider ai-50 and ai-150. Only 4 prompts (6%) purely
consisted of instructions without any details about the story plot; 25 (40%)
purely consisted of story plot details and resembled partially complete stories;
and majority (33, 53%) were a mix of instructions and story details. As would
be expected, it seems like requiring participants to write longer prompts
encouraged greater levels of details about the story, something that 11 (35%)
participants noted, for example: “when I provide more words, I see that [it]
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Table 5.3: Example prompt types submitted by participants (examples from ai-50 condition).

Plot Mix Instructions

“The girl asked her grandma for a dog
every time she saw her. The grandma kept
saying no, until finally she surprised her
granddaughter with a dog for Christmas
that year. The girl had tears of joy that
she finally got a dog and was in disbelief
that it was happening.” (P18)

“Create an average word paragraph us-
ing the following nouns: House, grandpa
and mug. Start with a setting of grandpa
sitting in a rocking chair on the porch.
Have grandpa tell a quick story to his
8 year old grand daughter named Lisa.
End story with grandpa going into the
house.” (P15)

“Write a short story about these three
nouns: Boy, boat, cat. The story should
be 150 - 200 words in length. The whole
story should be about these three nouns.
Write a story that can be read to children,
so the words should be as simple as possi-
ble so children could understand.” (P26)

produces a story that is almost the same as mine” (P1). Of these participants,
8 (25%) noted how this increased feelings of psychological ownership, for
example: “with longer prompts, I could influence what was on display and felt more
ownership [towards] the work” (P13).

5.4.2.5 Task Workload

The longest prompt and writing the full story were more mentally demanding
and the shortest prompt required the least effort (Figure 5.7), but we did
not observe meaningful trends for other task workload factors. For Mental
Demand, a significant effect of condition and post hoc tests revealed that
ai-3 (mdn = 1, iqr = 0) and ai-50 (mdn = 3, iqr = 3) were less mentally
demanding than ai-150 (mdn = 4, iqr = 4) and no-ai (mdn = 5, iqr = 2.5;
Figure 5.7a). There were no significant differences between ai-150 and no-ai.
Mental Demand was strongly positively correlated with Psychological Ownership
(rs = .65, p < .001).

There was a significant effect of condition on Effort. Unsurprisingly, post
hoc tests showed that ai-3 required the least Effort (mdn = 3, iqr = 0). Al-
though ai-50 (mdn= 3, iqr= 2.5) required less Effort than no-ai (mdn= 5,
iqr = 2), there were no significant differences between ai-50 and ai-150

(mdn = 4, iqr = 3.5) or between ai-150 and no-ai (Figure 5.7b). Effort was
strongly positively correlated with Psychological Ownership (rs = .66, p < .001).
The relationship between Mental Demand and Effort and Psychological Own-
ership makes sense; it has been long understood that investing more energy

1 2 3 4 5 6 7
(a) Mental Demand

AI-3

AI-50

AI-150

NO-AI

1 2 3 4 5 6 7
(b) Effort

Figure 5.7: (a) Mental Demand and (b) Effort by condition. Lower scores correspond
to lower Mental Demand and Effort.
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Table 5.4: Demographic information for Experiment 2.

Gender Age Education Creative Writing Frequency Prompt Engineering Familiarity

Men 12 18-24 3 High School Diploma 3 Daily 2 Extremely 1

Women 19 25-34 11 Some University (no credit) 8 Weekly 3 Moderately 3

Non-binary 1 35-44 4 Technical Degree 2 Monthly 7 Somewhat 7

Other 1 45-54 11 Bachelor’s Degree 18 Less than Monthly 12 Slightly 12

Unknown 1 55-64 4 Master’s Degree 2 Never 10 Not at All 11

Unknown 1 Doctorate Degree 1

ChatGPT Frequency Weekly ChatGPT Use Other AI Services AI Usage

Daily 10 0 times 8 Nothing 6 Gemini 7 Nothing 2 Generate Images 14

Weekly 8 1-5 times 12 GPT-2 6 Grammarly 8 Write Emails 14 Get a Definition 17

Monthly 6 5-10 times 4 GPT-3 12 Stable Diffusion 3 Write Papers 4 Explore a Topic 22

Less than Monthly 6 10-30 times 6 GPT-4 6 Dall-E 9 Write Stories 5 Brainstorming 19

Never 4 30+ times 4 Copilot 0 Midjourney 6 Edit Text 15 Find References 5

Bing 10 Other 4 Generate Code 3 Clarification 16

Edit Code 3 Translate Text 5

Debug Code 3 Other 3

and self improves psychological ownership [138, 139, 178], which requires
more thought and effort.

5.4.3 Summary

To summarize, our results suggest that requiring people to write longer
prompts increases psychological ownership for their writing. By writing more,
prompts became more similar to the resulting stories, likely because writers
were encouraged to include more details about the story and its plot, which
required more mental demand. An interesting question is: does this effect
plateau with even longer prompts, perhaps even longer than the generated
text?

5.5 experiment 2 : plateau

To better understand this, we conducted a follow-up experiment with 39 new
participants. Five (13%) were removed from the analysis for cheating or be-
cause they experienced technical issues, leaving 34 participants (Table 5.4). All
participants self-reported being proficient at reading and writing in English
(all ≥ 5 on a 1-7 scale). The protocol and measures were the same as Experi-
ment 1 (α = 0.92 for Psychological Ownership), but participants had to write
prompts that were 150-200, 175-200, and 200-250 words long. The experiment
was slightly longer at roughly 90 minutes and participants received $22.50 as
remuneration.
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5.5.1 Choice of Prompt Lengths

Two conditions were identical (ai-150 and no-ai), and two new word mini-
mums and maximums pushed participants to write even more:

• 175-200 words with GPT, representing 87.5-100% of the maximum final
story word count. 175 words roughly corresponds to the mean word count
of solo-writing in Experiment 1 (ai-175), which encourages participants to
write slightly more words than what was anticipated for no-ai.

• 200-250 words with GPT, representing 100-125% of the maximum final
story word count. This condition requires the participant to write more
words than the baseline solo-writing condition and the generated story,
which may increase feelings of psychological ownership (ai-200).

5.5.2 Results

We use the same analysis as Experiment 1 with detailed statistical test results
in Table 5.5.

Table 5.5: Omnibus and post hoc statistical tests for Experiment 2: (a) Psychological
Ownership, (b) Duration, (c) Word Count, and (d) Text Similarity. Note that
Mental Demand and Effort are excluded as these omnibus tests were not
significant.

(a) Psychological Ownership (b) Duration

χ2
3,N=34 = 43.63, p < .001, W = .43 χ2

3,N=34 = 11.32, p < .01, W = .11

comparisons p-value RBC comparisons p-value RBC

ai-150 ai-175 .69 n.s. .01 ai-150 ai-175 1.0 n.s. .06

ai-150 ai-200 .69 n.s. .02 ai-150 ai-200 .03 * .09

ai-150 no-ai < .001 *** .55 ai-150 no-ai 1.0 n.s. .04

ai-175 ai-200 .69 n.s. .04 ai-175 ai-200 .14 n.s. .02

ai-175 no-ai < .001 *** .54 ai-175 no-ai 1.0 n.s. .10

ai-200 no-ai < .001 *** .55 ai-200 no-ai .13 n.s. .15

(c) Word Count (d) Text Similarity

χ2
3,N=34 = 71.27, p < .001, W = .70 χ2

3,N=34 = 61.94, p < .001, W = .61

comparisons p-value RBC comparisons p-value RBC

ai-150 ai-175 < .001 *** .57 ai-150 ai-175 .46 n.s. .11

ai-150 ai-200 < .001 *** .99 ai-150 ai-200 .46 n.s. .12

ai-150 no-ai .16 n.s. .22 ai-150 no-ai < .001 *** 1.0

ai-175 ai-200 < .001 *** .99 ai-175 ai-200 .77 n.s. .005

ai-175 no-ai .003 ** .38 ai-175 no-ai < .001 *** 1.0

ai-200 no-ai < .001 *** .99 ai-200 no-ai < .001 *** 1.0
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5.5.2.1 Psychological Ownership

Overall, psychological ownership when writing with AI seems to plateau
beyond a 150 word minimum (Figure 5.8). There was a significant effect of
condition on Psychological Ownership, and post hoc tests revealed that people
felt less Psychological Ownership for all conditions that involved AI than no-ai

(mdn = 6.5, iqr = 1.25), and there were no significant differences between
ai-150 (mdn = 4.88, iqr = 2.44), ai-175 (mdn = 5.38, iqr = 2.75), and ai-200

(mdn=4.75, iqr=2.44).

1 2 3 4 5 6 7
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Figure 5.8: Psychological Ownership by condition. Higher scores correspond to higher
feelings of Psychological Ownership.

5.5.2.2 Writing Activities

This plateauing effect is further supported by participants’ writing activities.
Although Word Count, Text Similarity, Mental Demand, and Effort were all
strongly positively correlated with Psychological Ownership in Experiment
1, none of these correlations held in this experiment (0.22 ≤ rs ≤ 0.48 for
significant correlations). Furthermore, there were no meaningful significant
effects of condition on Text Similarity, Mental Demand, and Effort, despite
significant differences in Word Count.

5.5.3 Summary

Overall, our results suggest a plateau point around a 150 word minimum for
the 150-200 word stories generated in our experiment. Even when participants
wrote even longer prompts with AI, they still felt less psychological ownership
than writing alone. For this writing task, a prompt length similar to the target
word length appears to be a “sweet spot” [134] for trying to maximize
psychological ownership when writing with AI, as writing with higher word
minimums did not improve psychological ownership.

5.6 encouraging longer prompts in a real interface

In our experiments, we had to enforce strict prompt length minimums for
the purpose of internal validity and experimental control. To give users
more flexibility, we explore the use of ‘soft’ constraints using alternative
interface designs and interaction techniques. These are designed to modify
the presentation of the output and the prompt entry interface, often in ways
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The progress bar must be green to 
submit a prompt. This can be done by 
writing more words or pressing and 
holding the button.The text box is taller to display more 

words without scrolling.

(b)(a)

Figure 5.9: Initial prompt entry interface designs that augment the prompt entry area: (a) making the prompt entry text box
taller or (b) requiring the user to press and hold the submit button.

that purposely add friction, while remaining fully compatible with current
chat-based generative AI tools:

• Increasing the height of the prompt entry text box (Figure 5.9a). This
approach does not add friction, but could act as a subtle cue for the user to
write a longer prompt that fills the height of the text box.

• Requiring the user to fill a ‘gauge’ by writing more words or pressing and
holding the prompt submission button (Figure 5.9b). These two methods
of filling the gauge provide the user with a choice: they can write a very
short prompt and press and hold the submission button for a significant
amount of time, such as 20 s or more; or they can write a longer prompt and
press and hold the button for a shorter amount of time; or write a prompt
with a length that meets or exceeds a system-defined “word minimum”
and experience no delay at all when submitting.

• Increasingly blurring the generated output (Figure 5.10a). If the user
writes a shorter prompt, the text is blurred more, and they must press and
hold it to make it easier to read. Much like the time delay technique, the
blur amount and time spent pressing and holding the output are mapped
to prompt length. This technique was inspired by Cockburn et al.’s frost-
brushing technique for teaching users about spatial information in user
interfaces [44].

• Increasingly redacting parts of the generated output (Figure 5.10b). If the
user writes a shorter prompt, each chunk of generated output has a higher
chance of being redacted. Having a few chunks redacted unlikely hinders
overall comprehension as the user can easily ‘fill in the blanks.’ However,

(a) (b)

Figure 5.10: Initial prompt entry interface designs that augment the response area: (a) blurring or (b) redacting the text more
if the prompt contained less words.
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5.7 experiment 3 : delayed submission

if a majority of the text is redacted and the output is becoming illegible,
the user has to increase the length of their existing prompt and resubmit to
see more of the generated text.

We ran a pilot experiment (n=90, 11-18 per condition) to better understand
which modifications were the most promising for increasing prompt length.
Our preliminary results2 suggested that integrating a 20-second time delay into
the submission button could be an effective way to increase prompt length
(Figure 5.11). We explain the choice

of the 20-second time
delay in
Section 5.7.4.

Given these findings, we investigate the use of time delays in more depth
to see whether they could increase prompt length. We suspected that the act
of pressing and holding the prompt submission button for several seconds
would deter users from writing shorter prompts and encourage users to
reflect on their prompts and expand them.

0 50 100 150 200 250
Final Word Count

NONE

HEIGHT

20-SEC

BLUR

REDACT

WORDS

Figure 5.11: Final Word Count by condition for the initial pilot experiment with all
interface modifications.

5.7 experiment 3 : delayed submission

The goal of this experiment is to understand the effectiveness of a time
delay experienced by pressing and holding the prompt submission button.
Participants completed a similar creative writing task as the previous two
experiments (writing prompts to generate a 150-200 word short story), but
were assigned a random time delay condition for the entire experiment. Two
baselines included: no modifications, and a strict word minimum like the
previous experiments.

5.7.1 Participants

We recruited 198 new participants with 42 (21%) removed from the analysis
for cheating by padding out their responses with dummy characters, copying
and pasting a prompt from another source, or experiencing technical issues,
leaving 156 valid responses (Table 5.6). All reported being proficient at reading
and writing in English (all ≥ 4 on a 1-7 scale). Participants received $15 as
remuneration.

2 Data from these participants is also included in the main results of Experiment 3.
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Table 5.6: Demographic information for Experiment 3.

Gender Age Education Creative Writing Frequency Prompt Engineering Familiarity

Men 93 18-24 5 Less than a High School Diploma 2 Daily 2 Extremely 8

Women 61 25-34 47 High School Diploma 22 Weekly 16 Moderately 26

Non-binary 2 35-44 51 Some University (no credit) 37 Monthly 31 Somewhat 28

45-54 25 Technical Degree 9 Less than Monthly 73 Slightly 44

55-64 16 Bachelor’s Degree 65 Never 34 Not at All 50

65-74 11 Professional Degree Beyond Bachelor’s Degree 1

75+ 1 Master’s Degree 20

ChatGPT Frequency Weekly ChatGPT Use Other AI Services AI Usage

Daily 19 0 times 34 Nothing 12 Gemini 65 Nothing 4 Generate Images 68

Weekly 76 1-5 times 70 GPT-2 37 Grammarly 54 Write Emails 52 Get a Definition 59

Monthly 27 5-10 times 32 GPT-3 79 Stable Diffusion 12 Write Papers 21 Explore a Topic 111

Less than Monthly 26 10-30 times 16 GPT-4 60 Dall-E 36 Write Stories 35 Brainstorming 100

Never 8 30+ times 4 Copilot 14 Midjourney 19 Edit Text 65 Find References 35

Bing 82 Other 13 Generate Code 26 Clarification 67

Edit Code 19 Translate Text 33

Debug Code 15 Other 11

5.7.2 Apparatus

The experiment software was similar to that used in the prior experiments,
but with a few cosmetic modifications to make the interface more closely
resemble existing chat-based AI user interfaces like ChatGPT (Figure 5.12).
The prompt entry and output interfaces were stacked on top of each other.
The prompt entry text box, which has a default height of 46 pixels, grows by
46 pixels with every new line typed, until a maximum height of 300 pixels.

With the exception of the baseline condition with no modifications, a brief
message underneath the prompt entry text box provides instructions for
prompt submission (Figure 5.12d). To mitigate risks of bias, the message
simply explained how the delayed button worked. Inline with the previous
experiments, the time delay mechanics used a 150-word minimum for optimal
psychological ownership. The baseline condition had to indicate 150 words
as the minimum, but the delayed button conditions made no mention of 150

words.

5.7.2.1 Delayed Button Interaction and Mechanics

The technique is similar to the time delay highlighting technique discussed
in Chapter 4, but adjusted to better suit a writing task. A ‘gauge’ that must
be filled is visualized as a progress bar below the prompt submission button
(Figure 5.12c). When the button is not pressed, the length of the bar is the
ratio of the current prompt word count to the word minimum (150 words in
this experiment). When the button is held down, the progress bar gradually
increases (updated every 500 ms) according to an experienced delay. This time
delay period is proportional to the unfilled bar ratio to the maximum delay.
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(a)

(b)

(c)

(d)

Figure 5.12: Experimental interface with a time delay: (a) top toolbar showing the
instructions and three nouns the story had to be about; (b) the story
written with AI assistance; (c) a text box where the participant wrote
their prompt; (d) instructions about the technique.

For example, consider a 150-word word minimum and a maximum delay of 20

s. If the user writes a 15-word prompt, the experienced delay (the time they
must hold the button down) will be 18 s. If the user enters 135 words, the
experienced delay will only be 2 s. If the user enters at least 150 words, the
experienced delay will be 0 s (i.e., the button works with a normal click). The
progress bar is blue when not full, turning green when enough words have
been typed or when enough delay has been experienced by pressing and
holding the button. Note that the user must press and hold the button in one
single act; releasing it before the progress bar turns green resets the progress
bar to its original size based on the number of words in the prompt.

5.7.3 Procedure

The procedure was nearly identical to the prior experiments. However, rather
than experiencing all conditions once, participants experienced a single con-
dition four times as we suspected a learning curve for the experimental
conditions. As the focus of this study was not psychological ownership, they
did not answer questions after every story, instead, they answered questions
about their experience after all four trials. The entire experiment took 20 to
60 minutes, depending on the condition.

5.7.4 Choice of Time Delays

Prior work suggests that delays longer than 10 seconds will cause users to
shift their attention [125], which is desirable as participants may opt to write
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a longer prompt instead of pressing and holding the prompt submission
button. Delays of 20 seconds are tolerable [155], so the initial pilot experiment
described above tested a 20-second delay. The results suggested a bimodal
distribution of prompt word length, participants either wrote very short
prompts, or very long prompts (Figure 5.11).

Based on the pilot, we introduce an additional time delay condition: an
even longer, 60-second delay [155], to increase frustration and encourage more
participants to write longer prompts. We also include a progress bar condition,
where the same progress bar visualization was shown underneath the prompt
submission button, but the participant did not have to press and hold the
button. This was included to ensure that the effects were indeed caused by
a time delay, rather than confounding factors such as minor changes to the
user interface. Therefore, we test the following five conditions:

• No Modifications (n=32), a baseline where participants did not see or
experience any modifications to the user interface. This best approximates
current chat-based AI interfaces.

• Progress Bar (n=32), where the participant sees a progress bar indicating
how many words out of 150 they had typed, but do not experience any
delay.

• 20-Second Delay (n=31), where the participant sees the same progress bar
indicator and can experience a delay up to 20 seconds long, depending on
how many words they write out of 150.

• 60-Second Delay (n=32), which is similar to the 20-second delay condition,
but with a longer, 60-second delay.

• 150-Word Minimum (n=29), a baseline representing the case where the
participant must write a prompt that is at least 150 words long. This
condition is guaranteed to increase prompt length, which allows us to
make relative comparisons to other conditions.

5.7.5 Design

This is a mixed-design with two primary independent variables: condition

(levels: none, progress, 20-sec, 60-sec, words), which was between-subjects
and randomly assigned, and trial (levels: 1, 2, 3, 4), which was within-
subjects.

The primary measures were objective metrics calculated from logs: the
word count of the submitted prompt (Final Word Count), the number of times
the participant tried to submit a prompt by pressing the prompt submission
button (Submission Attempts), the word count of the prompt for each sub-
mission attempt (Attempted Word Count), and the number of seconds they
held the button for each submission attempt (Attempted Duration). Note that
Submission Attempts, Attempted Word Count and Attempted Duration are only
applicable for the 20-sec and 60-sec conditions, as the prompt submission
button could only be pressed once for all other conditions due to the lack
of delay (i.e., Attempted Word Count is equal to Final Word Count for none,
progress, and words).

62



5.8 experiment 3 : results

Table 5.7: Omnibus and post hoc statistical tests for Experiment 3: (a) Final Word Count, (b) Submission Attempts, (c) Attempted
Word Count for trial = 1.

(a) Final Word Count
condition (F4,151 = 26.45, p < .001, η2

P = 0.41) trial (F3,453 = 2.87, p < .05, η2
P = 0.02)

comparisons p-value comparisons p-value

none 0-sec 1.00 n.s. 1 2 .11 n.s.
none 20-sec .042 * 1 3 .13 n.s.
none 60-sec .013 * 1 4 .049 *

none words < .001 *** 2 3 1.00 n.s.
0-sec 20-sec .013 * 2 4 1.00 n.s.
0-sec 60-sec .0024 ** 3 4 1.00 n.s.
0-sec words < .001 ***

20-sec 60-sec 1.00 n.s.
20-sec words < .001 ***

60-sec words < .001 ***

(b) Submission Attempts (c) Attempted Word Count
trial (F3,183 = 96.95, p < .001, η2

P = 0.61) condition (χ2
4,N=156 = 71.11, p < .001, W = .17)

comparisons p-value comparisons p-value

1 2 < .001 *** none 0-sec 1.00 n.s.
1 3 < .001 *** none 20-sec 1.00 n.s.
1 4 < .001 *** none 60-sec 1.00 n.s.
2 3 .15 n.s. none words < .001 ***

2 4 .84 n.s. 0-sec 20-sec 1.00 n.s.
3 4 .16 n.s. 0-sec 60-sec 1.00 n.s.

0-sec words < .001 ***

20-sec 60-sec 1.00 n.s.
20-sec words < .001 ***

60-sec words < .001 ***

5.8 experiment 3 : results

I was unaware that
the ART can fail to
control for Type I
error [172]. But after
visualizing the data, I
do not suspect this to
be an issue here.

Where applicable, we use the Aligned Rank Transform (ART) [181] and post
hoc contrast tests (ART-C) [57], Kruskal-Wallis tests and Mann-Whitney U
tests, Holm’s corrections for multiple comparisons, and Spearman’s correla-
tions. Statistical test results are in Table 5.7.3

3 The ART-C library does not provide effect sizes for post hoc comparisons.
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5.8.1 Final Word Count

Overall, experiencing a time delay when submitting a prompt increased
prompt length (Figure 5.13). A significant main effect of condition on Final
Word Count and post hoc tests revealed that 20-sec (mdn = 31, iqr = 138)
and 60-sec (mdn=51.1, iqr=135) was associated with significantly higher
Final Word Count than none (mdn=18, iqr=16.25) and progress (mdn=18,
iqr = 20.5). This was a result of the time delay, rather than changes to the
user interface, as there were no significant differences between none and
progress. However, as expected, a time delay is not as effective as a strict
word minimum, as words had the highest Final Word Count (mdn = 157.5,
iqr=17).

0 50 100 150 200 250
Final Word Count

NONE

PROGRESS

20-SEC

60-SEC

WORDS

Figure 5.13: Final Word Count by condition.

5.8.2 Learning Effect

We expected that participants would learn how to use the delayed prompt
submission across multiple trials, but this did not occur. Rather, most partic-
ipants discovered their preferred way of interacting with the button in the
first trial, and continued this for all four trials. Specifically, significant main
effects of trial on Submission Attempts and Attempted Word Count and post
hoc tests only revealed significant differences between trial 1 and all other
trials. Therefore, we focus our discussion of the learning effect on the results
from the first trial.

5.8.2.1 Submission Attempts

Participants made significantly more Submission Attempts in the first trial for
20-sec (mdn=3, iqr=2) and 60-sec (mdn=3, iqr=3) than subsequent trials
(mdn=1 and iqr=0 for all). However, the median Attempted Duration was
only 0.1 seconds for both 20-sec and 60-sec, suggesting that participants were
initially trying to press the button normally, without holding it down.

5.8.2.2 Attempted Word Count versus Final Word Count

Examining prompt submission attempts in the first trial, Attempted Word
Count for 20-sec (mdn = 17, iqr = 19) and 60-sec (mdn = 17, iqr = 27)
was on par with the Final Word Count of none (mdn = 15, iqr = 10) and
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50 150
Trial 1

Cannot be Nudged (P128)

Nudging Not Required (P9)

Successfully Nudged (P35)

50 150
Trial 2

50 150
Trial 3

50 150
Trial 4

Attempted Word Count

Figure 5.14: Prompt word count each time the submit button was pressed (i.e., At-
tempted Word Count) for these participants. Examples from 20-sec condi-
tion, each Submission Attempt is a blue dot.

progress (mdn=16, iqr=14.5), with no significant differences observed. But
20-sec and 60-sec were associated with significantly higher Final Word Count,
suggesting that participants eventually wrote longer prompts after attempting
to write shorter prompts. Specifically, in the first trial for 20-sec and 60-sec,
participants first tried to submit prompts that were 26.81 and 39.16 words
long on average, before finally submitting prompts that were 78.10 and 69.03

words long on average, respectively. In other words, Final Word Count nearly
tripled and doubled in length from the first Attempted Word Count.

5.8.3 Strategies

Overall, there were no significant differences between 20-sec and 60-sec

for Final Word Count, and both techniques invoked similar behaviours from
participants (Figure 5.13): they either wrote short prompts (≤ 50 words),
or long prompts (≥ 150 words). Examining individual prompt submission
attempts for the first trial for 20-sec and 60-sec provides insights into these
diverging strategies. Some participants are consistent and do not change
their behaviour, with 29 participants (46%) showing no differences between
their first Attempted Word Count and Final Word Count, but 32 participants
(51%) wrote more, with 17 of them (27%) writing at least 50 more words,
which consisted of more details about the story plot and writing style. These
differences suggest three primary types of users and strategies (Figure 5.14):
people who do not need to be nudged as they always write long prompts;
people who are more resistant to being nudged and always write shorter
prompts; and people who can be nudged to write longer prompts.

Feedback from participants suggested that, as expected, those who do
not need to be nudged because they wrote longer prompts did not notice
any delay, with comments like “it’s nothing that caught my attention” (P9).
Participants who prefer to write shorter prompts noted that pressing and
holding the button was a worthwhile trade-off, for example, “it required far
less time and effort to hold down the button than to write the stories myself” (P46).
This may be related to typing speed. A participant who wrote short prompts
said “[someone] who types fast may not mind [writing more]” (P136) while some
participants said the opposite, for example: “it was easier to type more into the
prompt rather than to hold down the button itself” (P156).
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Some felt like they “hadn’t written enough prompt words” (P109) when they
experienced a delay. For others, the time delay helped them to “reflect on
the prompt” (P116) and “make adjustments” (P105) before it was submitted. This
reflection may have encouraged creative thinking, supported by comments
like: “it got me to think more of how I wanted the story to be and pushed me to be
more creative” (P40).

5.8.4 Summary

Overall, our results suggest that a time delay can nudge people to write longer
prompts. Although participants initially tried to submit shorter prompts in the
first trial, they eventually submitted prompts that were significantly longer,
and repeated this behaviour for subsequent trials. Some participants cannot
or do not need to be nudged, but many who might normally write shorter
prompts can be encouraged to write more.

5.9 experiment 4 : pumping a slider

After seeing the effectiveness of a time cost, we were curious to learn if the
gauge could be filled in other ways. We propose imposing a motor cost, where
users must repeatedly move a vertical slider positioned beside the Submit
button up and down. Like the time cost, this provides users with a choice:
they can either write a longer prompt, or exert physical effort to submit
a shorter one. Using a similar experimental task, we conducted a within-
subjects experiment where participants wrote prompts to generate short
stories while experiencing a motor cost, a temporal cost (from Experiment 3),
or no interface augmentations.

Table 5.8: Demographic information for Experiment 4.

Gender Age Education Creative Writing Frequency Prompt Engineering Familiarity

Men 20 18-24 1 High School 3 Weekly 3 Extremely 2

Women 9 25-34 5 Some University (no credit) 4 Monthly 8 Moderately 4

35-44 16 Technical Degree 2 Less than Monthly 9 Somewhat 5

45-54 4 Bachelor’s Degree 16 Never 9 Slightly 9

55-64 1 Master’s Degree 4 Not at All 9

65-74 2

ChatGPT Frequency Weekly ChatGPT Use Other AI Services AI Usage

Daily 11 0 times 3 OpenAI GPT Models 20 Dall-E 3 Write Emails 10 Get a Definition 19

Weekly 11 1-5 times 8 CoPilot 4 Midjourney 2 Write Papers 4 Explore a Topic 20

Monthly 5 5-10 times 5 Bing 16 Stable Diffusion 1 Write Stories 9 Brainstorming 20

Less than Monthly 2 10-30 times 6 Gemini 19 Other 4 Edit Text 12 Find References 6

30+ times 7 Grammarly 9 Generate Code 2 Clarification 18

Edit Code 2 Translate Text 9

Debug Code 1 Other 1

Generate Images 20
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a cat named Ralph and his friend, a dog 
named Wilfred, meet a young boy named 
Sean one day in the forest.

The progress bar must be green to 
submit a prompt. This can be done 
by writing more words or pressing 
and holding the button.

Press and hold or type more to fill gauge

30 s

Move slider or type more to fill gauge

The progress bar must be green to 
submit a prompt. This can be done 
by writing more words or moving 
the slider up and down repeatedly.

a cat named Ralph and his friend, a dog 
named Wilfred, meet a young boy named 
Sean one day in the forest.

113 reps

a cat named Ralph and his friend, a dog 
named Wilfred, meet a young boy named 
Sean one day in the forest.

Consider: how did Ralph and 
Wilfred come to be friends?

(c) receiving suggestions from AI  (b) time cost: press and hold button (a) motor cost: pump slider  

Figure 5.15: Augmented prompt entry techniques that (a) increase the motor cost of submitting a prompt by making the user
‘pump’ a gauge by moving a slider; (b) increase the temporal cost by requiring users to press and hold the button
to fill a gauge; and (c) provide AI-generated suggestions for how the user’s prompt can be expanded.

5.9.1 Participants

We recruited 35 new participants from Prolific, using the same inclusion and
exclusion criteria as the previous experiments. Six participants (17%) were
omitted as they experienced technical issues or who cheated by not making
enough keystrokes in the prompt, suggesting they copied and pasted text
into the prompt entry text box, leaving 29 valid responses (Table 5.8). All
self-reported English reading and writing proficiency (all ≥ 4 on a 7-point
scale). Participants received $7.50 after completing the experiment.

5.9.2 Apparatus

The experiment interface was similar to that of the previous experiment, with
a few minor tweaks. First, we tweaked the instructions in the toolbar and
above the prompt text box so there were no mentions of the final story length,
as we were concerned some participants may mistake this as a minimum
prompt length. Second, we used the newer GPT-4.5 Preview model4 and
fine-tuned the system prompt to generate the responses. Specifically, the
system prompts of Experiments 1 and 2 provided example stories to ensure
that the response would be the desired length, however, the newer model
did not need this. Third, any progress made by pumping the slider, pressing
and holding the button, or adding more words to the prompt trigger a 1 s
‘pulsing’ animation to draw the user’s attention to the progress being made.
Finally, for the time delay technique (Figure 5.15b), the progress bar expands
more frequently (every 100 ms). For the time delay technique, we opted for a
60-second delay, as Experiment 3 suggested that it could encourage users to
write longer prompts.

4 This model has since been deprecated.
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5.9.3 Pumping Slider Interaction and Mechanics

Like the previous experiment, the progress bar represents a ‘gauge’ that
the user must fill. This can be done by writing more words in the prompt
submission text box, or by ‘pumping’ it full by moving a 45 pixel tall vertical
slider up and down repeatedly (Figure 5.15a).

The progress bar width is the ratio of the number of words in the prompt
to the word minimum (150 words to align with previous experiments). When
the user moves the slider up and down, the progress bar width increases. The
number of movements the user must perform to fill the gauge is calculated
by mapping the ratio of words typed to a movement maximum.

We wanted to pick a movement maximum that would result in a similar
duration as the time delay technique, as differences could have confounded
our results. As the time cost technique required users to wait for 60 s in the
extreme case, we wanted the extreme case of the motor cost technique to take
approximately 60 s as well. To get a sense of how many slider movements
would be needed to approximate 60 s, we asked 5 people within our research
group to try moving the slider 100 times. The median duration for a single
movement was 267 ms. Dividing 60,000 ms by 267 ms means 225 movements
to approximate 60 s.

For example, if the user types 15 words, this means the gauge is 10% full.
To submit this prompt, the user must then move the slider up and down 203

times (90% of 225). But if the user types 125 words, the gauge is 83% full, so
the user only has to move the slider 38 times. If the user types at least 150

words, they do not have to move the slider at all.
Moving the slider up and down to pump up the gauge does not have to

be done continuously; the user could lift their mouse after a few movements
and continue later. However, when they edit their prompt text, the gauge is
reset to reflect the width based on number of words typed. When the gauge
is full, the progress bar turns green and submit button is enabled for the user
to press without any pumping. Otherwise, the progress bar is blue and the
submit button is disabled.

5.9.4 Procedure and Design

The procedure was identical to that of the previous experiments. This is a As mentioned in
Chapter 4, I
conducted this
experiment a bit later
than the first three
experiments, and
thought it would be
good to have more
granularity in the
scores.

within-subjects experiment with one primary independent variable, condi-
tion (levels: baseline, time, motor). We suspected possible order effects
of condition, where participants may write more for baseline after expe-
riencing time or motor first. As such, to get a more accurate measure of
baseline, participants always prompted with this condition first. The order
of time and motor was randomly assigned. There was only one trial per
condition. The same measures as Experiments 1 and 2 were collected (α =
.94 for Psychological Ownership), however all subjective measures were on a
0-100 scale. Learning from Experiment 3, we also calculated the Initial Word
Count, how long the prompt was when the participant first tried to press the
button (time) or move the slider (motor).

68



5.9 experiment 4 : pumping a slider

Table 5.9: Omnibus and post hoc statistical tests for Experiment 4: (a) Word Count, (b) Text Similarity, (c) Psychological Ownership,
(d) Mental Demand, (e) Physical Demand, (f) Effort, and (g) Frustration.

(a) Word Count (b) Text Similarity

χ2
2,N=29 = 16.72, p < .001, W = .29 χ2

2,N=29 = 7.52, p < .05, W = .13

comparisons p-value RBC comparisons p-value RBC

baseline time < .001 *** .45 baseline time .03 * .38

baseline motor < .001 *** .54 baseline motor .01 * .38

time motor .37 n.s. .10 time motor .67 n.s. .05

(c) Psychological Ownership (d) Mental Demand

χ2
2,N=29 = 9.95, p < .01, W = .13 χ2

2,N=29 = 15.21, p < .001, W = .26

comparisons p-value RBC comparisons p-value RBC

baseline time .04 * .26 baseline time .006 ** .45

baseline motor .04 * .29 baseline motor < .001 *** .50

time motor .47 n.s. .05 time motor .92 n.s. .01

(e) Physical Demand (f) Effort (g) Frustration

χ2
2,N=29 = 37.90, p < .001, W = .65 χ2

2,N=29 = 23.79, p < .001, W = .41 χ2
2,N=29 = 16.53, p < .001, W = .28

comparisons p-value RBC comparisons p-value RBC comparisons p-value RBC

baseline time < .001 *** .52 baseline time < .001 *** .62 baseline time < .001 *** .52

baseline motor < .001 *** .68 baseline time < .001 *** .59 baseline motor .01 * .49

time motor .02 * .25 time motor .19 n.s. .07 time motor .57 n.s. .06

5.9.5 Results

We use the same statistical tests as Experiments 1 and 2, with detailed test
results shown in Table 5.9.

5.9.5.1 Word Count

Overall, both interaction techniques increased prompt length (Figure 5.16).
There was a significant effect of condition on Word Count, with post hoc tests
revealing that time (mdn=35, iqr=80) and motor (mdn=49, iqr=91) were
both associated with longer prompts than baseline (mdn=15, iqr=23). Word
Count more than doubled for time and tripled for motor. Seven participants
(24%) noted how the interaction techniques “gave some time to reflect” (P14),
and encouraged them to “write more and add more detail” (P22).
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Figure 5.16: Word Count by condition.

5.9.5.2 Text Similarity

Both interaction techniques had higher similarities between the prompt and
output. A significant effect of condition on Text Similarity and post hoc
tests revealed that the generated stories for time (mdn= .37, iqr= .18) and
motor (mdn= .36, iqr= .12) shared more similarities with the prompts than
baseline (mdn= .28, iqr= .15). Text Similarity was moderately positively cor-
related with Word Count (rs = .48, p < .0001), suggesting that as participants
wrote longer prompts, the resulting stories more closely resembled them.

5.9.5.3 Nudging Mechanics

Although there were significant improvements in Word Count overall, time

and motor did not work for all participants. For time, participants tried to
push the button 10 times on average. When comparing participants’ Initial
Word Count to their final Word Count, participants wrote significantly fewer
words initially (p < .01; mdn = 20, iqr = 36). Twelve (41%) increased their
Word Count (mdn=42.5, iqr=81.5 for differences), with 4 (14%) increasing
by 50 words or more. However, majority (16, 55%) showed no differences
between their Initial Word Count and final Word Count, and of these, only
1 wrote a prompt that was at least 150 words. These results are similar to
Experiment 3.

We observed a similar trend with motor. Participants tried to move the
slider 6 times on average. Participants wrote significantly fewer words initially
(p < .01; mdn=31, iqr=28). Twelve (41%) increased their Word Count from
their Initial Word Count (mdn=31.5, iqr=52.25 for differences), with 5 (17%)
increasing by 50 words or more. Majority of participants (16, 55%) had no
difference, and of these, 5 (17%) already wrote prompts that were at least 150

words long, meaning they did not have to move the slider at all.

5.9.5.4 Psychological Ownership

Both interaction techniques were associated with higher feelings of psycholog-
ical ownership (Figure 5.17). A significant effect of condition on Psychological
Ownership with post hoc tests revealed that time (mdn = 41, iqr = 54) and
motor (mdn = 47.5, iqr = 57.25) had higher Psychological Ownership than
baseline (mdn= 28.25, iqr= 39), which was supported by comments like:
“I feel [like the time delay] was prompting me to be more involved in the story de-
tails. I would spend more time on the prompt itself. It made the story a bit more
personal” (P15).
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Figure 5.17: Psychological Ownership by condition. Higher scores correspond to
higher feelings of psychological ownership.
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Figure 5.18: Mental Demand, Physical Demand, Frustration, and Effort by condition.

Although participants wrote longer prompts with time and motor, Word
Count and Text Similarity were only weakly positively correlated with Psycho-
logical Ownership (both rs = .28, p < .01). This may suggest that workload-
related factors of the techniques contributed more to the higher feelings of
psychological ownership than just prompt length and similarity.

5.9.5.5 Task Workload

Both interaction techniques increased Mental Demand, Physical Demand, Effort,
and Frustration (Figure 5.18). For Mental Demand, scores were lower for base-
line (mdn=4, iqr=9) than time (mdn=15, iqr=45) and motor (mdn=16,
iqr = 38). Mental Demand was moderately positively correlated with Word
Count (rs = .48, p < .0001) and Psychological Ownership (rs = .5, p < .0001).
motor had the highest Physical Demand (mdn = 16, iqr = 26), followed by
time (mdn=7, iqr=14), and baseline (mdn=1, iqr=2). For Effort, baseline

(mdn = 4, iqr = 7) resulted in lower scores than time (mdn = 20, iqr = 40)
and motor (mdn=20, iqr=35). Effort was weakly positively correlated with
Word Count (rs = .35, p < .001) and moderately positively correlated with
Psychological Ownership (rs = .42, p < .0001). baseline (mdn = 1, iqr = 3)
had lower Frustration than time (mdn= 10, iqr= 39) and motor (mdn= 6,
iqr=30). No other metrics or correlations were significant.

These findings suggest that the increased Mental Demand and Effort required
to submit prompts with time and motor contributed to higher feelings of
Psychological Ownership. This was supported by comments like: “I think [the
slider] encourages me to add more of a personal input in the story that is submitted.
Although it was a bit annoying, the end result felt more of a personal effort than
not” (P20); and “having to move the slider handle up and down felt like work because
it’s something I had to do in order to submit the prompt. It made me feel a slightly
deeper connection since I sort of had to work for it” (P18).
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5.9.6 Summary

Overall, our results suggest that increasing the temporal and motor cost of
submitting a prompt can encourage users to write longer prompts. These
techniques required additional mental and physical demand, and were more
effortful and frustrating. However, the increased prompt length, text similar-
ity, mental demand, and effort of these techniques all contributed to higher
feelings of psychological ownership. These findings validate and significantly
extend those of Experiment 3, and provide evidence that incorporating mo-
tor costs into the prompt submission process can improve psychological
ownership.

5.10 receiving suggestions from ai

Encouraged by these results, we were interested in further augmenting these
techniques to see if they could further improve psychological ownership. Prior
work shows that receiving suggestions from AI can lower [51, 103] or increase
[104] psychological ownership depending on the interaction. Even in writing
scenarios that do not involve AI, receiving feedback can help writers [99]
and suggestions can encourage ideation and creativity, and help to overcome
writer’s block [160], which may occur when writing longer prompts. Receiving
suggestions while waiting or moving the slider may further nudge users to
write longer prompts, which may further increase mental demand, effort, and
psychological ownership.

We propose augmenting these techniques to display suggestions for how
the prompt can be expanded when the user stops writing. After the user
stops writing for 1 second, a blue tooltip appears on the top right corner
of the prompt submission box (Figure 5.15c). This resembles the “on-idle”
condition from Siangliulue et al. [160]. The tooltip contains a suggestion,
phrased as a question to encourage more thought [49], that is one sentence
long for how the prompt can be expanded or improved to incorporate more
details (e.g., Consider: how does the relationship between the characters influence
the story?) These suggestions are generated using GPT 3.5 Turbo for increased
speed. Importantly, the suggestion is not automatically incorporated as edits
to the prompt as this may reduce psychological ownership [104]. The tooltip
stays on the screen at maximum opacity for 4 seconds, then gradually fades
away for 3 seconds, mimicking the mechanics of prior work I conducted on
displaying notifications [83]. This gives users time to choose whether they
would like to incorporate these suggestions or not. If the user begins typing
again, the tooltip does not show up (unless they again stop typing for 1

second). Otherwise, the tooltip reappears after 1 second.

5.11 experiment 5 : prompt suggestions

We recruited 30 new participants using the same inclusion and exclusion
criteria as before. No participants had to be filtered out (Table 5.10). All self-
reported English reading and writing proficiency (all ≥ 4 on a 7-point scale).
The task and procedure were both identical to that of Experiment 4. The ap-
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Table 5.10: Demographic information for Experiment 5.

Gender Age Education Creative Writing Frequency Prompt Engineering Familiarity

Men 15 18-24 2 High School 4 Daily 1 Extremely 3

Women 15 25-34 6 Some University (no credit) 2 Weekly 6 Moderately 6

35-44 6 Technical Degree 2 Monthly 6 Somewhat 5

45-54 10 Bachelor’s Degree 17 Less than Monthly 12 Slightly 7

55-64 4 Master’s Degree 4 Never 5 Not at All 9

65-74 2 Doctorate 1

ChatGPT Frequency Weekly ChatGPT Use Other AI Services AI Usage

Daily 8 0 times 4 Nothing 2 Grammarly 12 Nothing 2 Generate Images 15

Weekly 12 1-5 times 12 OpenAI GPT Models 23 Dall-E 5 Write Emails 14 Get a Definition 17

Monthly 5 5-10 times 5 CoPilot 4 Midjourney 4 Write Papers 7 Explore a Topic 17

Less than Monthly 3 10-30 times 6 Bing 12 Stable Diffusion 3 Write Stories 9 Brainstorming 20

Never 2 30+ times 3 Gemini 18 Other 3 Edit Text 17 Find References 9

Generate Code 5 Clarification 13

Edit Code 4 Translate Text 9

Debug Code 3 Other 1

paratus was mostly the same, however, each technique was further enhanced
to display suggestions (Figure 5.15c). These suggestions were integrated into
the same interaction techniques and baseline as before. For all conditions, the
prompt submission button was disabled until at least one suggestion was
shown. The design was mostly identical to that of Experiment 4, however,
we also considered Number of Suggestions, the number of suggestions each
participant saw for a single condition.

5.11.1 Results

We use the same statistical tests as Experiment 4, with detailed statistical test
results in Table 5.11.

5.11.1.1 Word Count

Both interaction techniques increased prompt length (Figure 5.19). A sig-
nificant effect of condition on Word Count and post hoc tests showed that
baseline (mdn = 19, iqr = 45.25) resulted in shorter prompts than time

(mdn=155, iqr=43) and motor (mdn=150.5, iqr=64.75). This represents
a difference of over 100 words.

5.11.1.2 Text Similarity

Both interaction techniques also increased text similarity. A significant effect
of Text Similarity on condition revealed that prompts written with baseline

(mdn = .32, iqr = .14) were less similar than time (mdn = .41, iqr = .13)
and motor (mdn= .42, iqr= .14). Text Similarity was moderately positively
correlated with Word Count (rs = .55, p < .0001).
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Table 5.11: Omnibus and post hoc statistical tests for Experiment 5: (a) Word Count, (b)
Text Similarity, (c) Psychological Ownership, (d) Mental Demand, (e) Physical
Demand, (f) Effort, (g) Frustration, and (h) Number of Suggestions.

(a) Word Count (b) Text Similarity

χ2
2,N=30 = 35.06, p < .001, W = .58 χ2

2,N=30 = 14.6, p < .001, W = .24

comparisons p-value RBC comparisons p-value RBC

baseline time < .001 *** .70 baseline time < .001 *** .50

baseline motor < .001 *** .67 baseline motor .002 ** .45

time motor .83 n.s. .11 time motor .79 n.s. .02

(c) Psychological Ownership (d) Mental Demand

χ2
2,N=30 = 14.36, p < .001, W = .24 χ2

2,N=30 = 10.14, p < .01, W = .17

comparisons p-value RBC comparisons p-value RBC

baseline time < .001 *** .35 baseline time .003 ** .44

baseline motor .005 ** .23 baseline motor .007 ** .41

time motor .02 * .15 time motor .98 n.s. .04

(e) Physical Demand (f) Effort

χ2
2,N=30 = 10.82, p < .01, W = .18 χ2

2,N=30 = 23.54, p < .001, W = .39

comparisons p-value RBC comparisons p-value RBC

baseline time .04 * .24 baseline time < .001 *** .56

baseline motor .007 ** .31 baseline motor < .001 *** .61

time motor .14 n.s. .08 time motor .74 n.s. .02

(g) Frustration (h) Number of Suggestions

χ2
2,N=30 = 8.90, p < .05, W = .15 χ2

2,N=30 = 41.30, p < .001, W = .69

comparisons p-value RBC comparisons p-value RBC

baseline time .05 n.s. .31 baseline time < .001 *** .82

baseline motor .003 ** .50 baseline motor < .001 *** .79

time motor .05 n.s. .22 time motor .85 n.s. .009

5.11.1.3 Nudging Mechanics

For time, participants pressed the button 7 times on average. When comparing
the Initial Word Count to the final Word Count, participants wrote significantly
fewer words initially (p < .001; mdn= 91.5, iqr= 126.5). Eleven (37%) were
consistent, of which 7 (23%) consistently wrote at least 150 words. Majority
of participants (18, 60%) wrote more (mdn = 63, iqr = 110), with 11 (37%)
writing 50 words or more.
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Figure 5.19: Word Count by condition when receiving AI-generated suggestions.

For motor, participants moved the slider 6 times on average. Again,
participants wrote significantly fewer words initially (p < .01; mdn = 96.5,
iqr = 134.75). Majority (20, 67%) were consistent, with 13 (43%) writing at
least 150 words and not having to interact with the slider at all. Ten (33%)
wrote more (mdn = 85, iqr = 53.5 for differences), with 8 (27%) writing at
least 50 words.

5.11.1.4 Psychological Ownership

Both interaction techniques were associated with higher feelings of psycholog-
ical ownership (Figure 5.20). A significant effect of condition on Psychological
Ownership and post hoc tests showed that time (mdn = 59.12, iqr = 39.38)
had the highest Psychological Ownership, followed by motor (mdn = 49.38,
iqr=49.31), and baseline (mdn=39.5, iqr=44). Psychological Ownership was
weakly positively correlated with Word Count and (rs = .37, p < .001) and
Text Similarity (rs = .32, p < .01).
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Figure 5.20: Psychological Ownership by condition when receiving AI-generated
suggestions.

5.11.1.5 Task Workload

Both interaction techniques increased Mental Demand, Physical Demand, Ef-
fort, and Frustration (Figure 5.21). For Mental Demand, baseline (mdn= 10,
iqr= 23.5) resulted in lower scores than both time (mdn= 36, iqr= 37.75)
and motor (mdn = 30.5, iqr = 52.75). Mental Demand was moderately pos-
itively correlated with Word Count and strongly positively correlated with
Psychological Ownership (rs = .62, p < .0001). baseline (mdn= 3, iqr= 8.75)
required less Physical Demand than time (mdn = 7.5, iqr = 31.25) and mo-
tor (mdn = 9, iqr = 36.5). There was a weak positive correlation between
Physical Demand and Psychological Ownership (rs = .35, p < .001). For Effort,
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Figure 5.21: Mental Demand, Physical Demand, Frustration, and Effort by condition when receiving AI-generated suggestions.

baseline (mdn=9.5, iqr=18.25) was less demanding than time (mdn=50,
iqr=39.25) and motor (mdn=45, iqr=49). Effort was moderately positively
correlated with Word Count (rs = .43, p < .0001) and Psychological Ownership
(rs = .5, p < .0001). motor (mdn=13.5, iqr=25) resulted in higher Frustra-
tion than baseline (mdn=2.5, iqr=7.75). No other metrics or correlations
were statistically significant.

5.11.1.6 Number of Suggestions

Participants received more suggestions when it was integrated into the two
interaction techniques. A significant effect of condition on Number of Sugges-
tions and post hoc tests revealed that participants received fewer suggestions
with baseline (mdn = 4.5, iqr = 8.25) than time (mdn = 22, iqr = 12)
and motor (mdn = 23, iqr = 14.5). Number of Suggestions was moderately
positively correlated with Word Count (rs = .55, p < .0001), Text Similar-
ity (rs = .45, p < .0001), Mental Demand (rs = .49, p < .0001), and Effort
(rs = .54, p < .0001); and weakly positively correlated with Physical Demand
(rs = .22, p < .05), Frustration (rs = .25, p < .05), and Psychological Ownership
(rs = .26, p < .05).

Although four participants (13%) noted that the suggestions were “dis-
tracting or annoying” (P17), 24 (80%) appreciated them, as they helped when
participants “started to feel a bit stuck” (P10) and encouraged more thought, for
example: “[the suggestions] got me really thinking and making this more of a collab-
orative process than just entering a prompt and taking what the AI generated” (P28).

5.11.2 The Effects of Receiving Suggestions

We use Mann-Whitney U tests to make between-subjects comparisons with
Experiment 4 to examine the effect of receiving AI-generated suggestions
(levels: none, from Experiment 4; and suggestions, from Experiment 5).
Statistical test details are in Table 5.12.

Overall, participants wrote over 100 more words with both interaction
techniques when they received suggestions. For both time and motor, Word
Count was significantly higher with suggestions, but receiving suggestions
did not affect baseline. We observed a similar trend for Text Similarity, where
suggestions increased similarity for time and motor, but not baseline. For
time, participants made their first submission attempt when Initial Word Count
was significantly longer with suggestions, but this did not occur for motor.
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Table 5.12: Between-subjects statistical tests comparing none and suggestions for:
(a) baseline, (b) time, and (c) motor.

(a) baseline (b) time (c) motor

metric p-value RBC p-value RBC p-value RBC

Word Count .10 n.s. .25 < .001 *** .55 .003 ** .44

Text Similarity .22 n.s. .19 .04 * .31 .02 * .37

Initial Word Count n/a n/a n/a .01 * .31 .44 n.s. .14

Psychological Ownership .25 n.s. .17 .16 n.s. .16 .73 n.s. .05

Mental Demand .008 ** .40 .10 n.s. .25 .11 n.s. .24

Physical Demand .03 * .31 .92 n.s. .02 .46 n.s. .11

Temporal Demand .01 * .32 .22 n.s. .18 .20 n.s. .19

Effort .04 * .31 .10 n.s. .25 .07 n.s. .28

This could explain why there were significant differences in Psychological
Ownership between time and motor for suggestions.

Even though participants wrote significantly more words and had more
similar texts with time and motor, this did not further improve Psychological
Ownership as no comparisons with none were significant. For baseline,
having suggestions increased Mental Demand, Physical Demand, Temporal
Demand, and Effort, but there were no differences for time and motor.

5.11.3 Summary

Overall, our results show that providing AI-generated suggestions can help
users write even longer prompts when using techniques that increase the
temporal and motor costs of submitting prompts. However, this did not
further improve psychological ownership when compared to providing no
suggestions.

5.12 discussion

Our first two experiments show that writing with a chat-based generative
AI assistant lowers feelings of psychological ownership. These results extend
and support prior work studying psychological ownership when writing with
other human collaborators and with AI. The most profound finding from our
work is a strong indication that when writing with a chat-based generative
AI assistant, psychological ownership can be improved by requiring or en-
couraging users to write longer prompts. Specifically, writing longer prompts
encouraged users to provide more details about the story plot, exerting more
control over the output and making it more similar to their original prompt.
This often required more mental demand and effort, which are important
contributing factors to psychological ownership.

To encourage users to write longer prompts for increased psychological
ownership, we propose two simple changes to the prompt submission button:
the user must press and hold the button for a delay time or move a slider up
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and down if their prompt is too short. Our results show that these techniques
typically required more mental demand and effort, but critically, they also
increased psychological ownership. Although incorporating AI-generated
suggestions into the prompt entry interface further increased prompt length,
it did not further improve psychological ownership.

These findings from Experiment 5 expand and provide additional nuance
to Experiment 1 and 2. One possibility is that factors beyond prompt length
and text similarity are critical. It could have been that workload-related factors
were the most important contributors. Unlike word count and text similarity,
which were only weakly positively correlated with psychological ownership,
mental demand and effort were notably both moderately positively correlated
with psychological ownership in Experiment 4 and 5. For an additional
check, we conducted a variable importance analysis using the random forest
method, and found that mental demand was the most important contributor
to increased psychological ownership for both of these experiments.

This is not to say that encouraging users to write prompt length is not a
valuable outcome; rather, encouraging users to write longer prompts is one
way to encourage more thought and improve psychological ownership.

5.12.1 Applicability to Other Contexts

Our experimental setup focused on a creative writing context, but our findings
and interaction techniques could be adapted to suit other writing contexts
and even be beneficial for other outcomes beyond psychological ownership.

5.12.1.1 Other Writing Contexts

People may feel differently about owning different types of text. For example,
Nicholes [124] found that undergraduate students feel more psychological
ownership towards creative writing while graduate students feel more psycho-
logical ownership towards academic writing. Writers may also have different
priorities and goals, with some valuing productivity and financial gain over
creative fulfillment [15, 108]. Generative AI writing assistants can be used
as a tool to optimize for productivity, so depending on the goal, reduced
psychological ownership may be a worthwhile trade-off for writers. Repeating
a similar experiment but for a wider range of document types and writer
goals would give insights into these trade-offs. In cases where psychological
ownership is less important to writers, shorter prompts may suffice. One
possibility is to further modify the interface to elicit goals from writers [99]
before using the generative AI assistant, and use these goals to determine
whether the system should invoke techniques to encourage longer prompts
from the writer. As the writer’s goals change, such techniques could dynam-
ically adapt to better suit them. For example, if the user’s goal is to write
an abstract, the system could require a longer prompt, but this requirement
could be lifted or adjusted if the user’s goal changes to receive edits for a
specific sentence.
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5.12.1.2 Beyond Psychological Ownership

Encouraging or requiring longer prompts could be beneficial to encourage
other positive outcomes for users. For example, there are growing concerns
that “effortlessly generated information” provided by generative AI assistants
will reduce critical thinking and problem-solving skills among students [86].
Encouraging or enforcing longer prompts that increase the mental demand
and effort could potentially mitigate such risks. Specifically, requiring students
to write longer prompts could encourage them to put more thought and effort
into core learning outcomes before receiving output from a generative AI
assistant (e.g., thinking about the arguments and structure of an essay, or
thinking about a coding algorithm). Studying the effect of prompt length on
other outcomes, like student learning outcomes, is an interesting avenue for
future work.

5.12.2 Implementation Approaches and Challenges

We show that longer prompts can be encouraged through simple user interface
adjustments: adding a submission button time delay and repeatedly moving
a slider. However, there are related design considerations and possibilities for
other approaches.

5.12.2.1 Identifying Optimal “Word Minimums”

Our piloted interaction techniques all attempted to nudge users towards a
known word minimum of 150 words as our first two experiments suggested
that psychological ownership plateaued at 150 words for the given task. This
150-word minimum likely does not apply to other types of tasks and user
goals, necessitating additional research and methods for identifying prompt
lengths that optimize for psychological ownership. Another option is to create
interaction techniques and interface augmentations that do not require any
knowledge of optimal word minimums. For example, as the user writes, the
generative AI assistant could dynamically append a sentence fragment to
the prompt to elicit more information (e.g., “Here is some more background
information:”). This approach is similar to receiving AI-generated suggestions,
but becomes mandatory and automatically integrated into the prompt.

5.12.2.2 Other Nudging Techniques

We piloted several modifications to the user interface (Section 5.6) before
investigating the use of time and motor costs to nudge users to write longer
prompts. These approaches requires minimal changes and can easily be
integrated into current chat-based generative AI interfaces. However, other
approaches may also encourage longer prompts and may be more effective
than time delays. For example, the prompt entry interface could enforce
a different prompt structure through scaffolding techniques [113] (e.g., by
breaking the prompt into multiple but smaller responses or requiring the user
to “fill-in-the-blanks” of a pre-defined prompt). We investigate some

of these ideas in the
context of AI margin
notes in Chapter 6.
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5.12.2.3 Non-Chat-Based Interfaces

Encouraging users to write longer prompts is immediately relevant to chat-
based generative AI services like ChatGPT, but as AI becomes more integrated
through techniques like direct manipulation [118], factors other than prompt
length may become more dominant. For example, sketches convey more
information than text [74], and sketching can be an effective prompting
technique [188]. Future work could explore the role of sketching to elicit more
details from users for increased psychological ownership, which could benefit
writing and even image generation tasks. An important implication of our
work is that designers should think of ways to encourage users to invest more
when interacting with generative AI assistants for increased psychological
ownership.

5.12.3 Limitations

We chose to explore the role of prompt length within a single prompt, where
the user mimics the role of a writing “consultant” [144]. In practice, users
likely refine generated text over multiple prompts. A natural extension of our
work is to explore the effect of word count across multiple messages within a
conversation. This is representative of a broader class of user interactions with
systems like ChatGPT, where users iterate over the output through multiple
prompts.

One possible reason for the plateauing psychological ownership identified
in Experiment 2 may be plateauing semantic text similarity. As models con-
tinue to improve to incorporate all details specified in prompts, this plateauing
effect may disappear, necessitating further investigations of this effect for
newer models. We did test if newer GPT-4 Turbo and 4-o models generated
more similar output using the same prompts entered by our participants, but
we did not observe any differences in Text Similarity between the older and
newer models.

Another approach to improve psychological ownership is to design systems
that incorporate all details indicated by users and that encourage humans
to exert more control over AI-generated output (e.g., by manually accepting
suggestions [104]). We chose to implement and investigate systems that work
like existing, widely-used commercial tools such as ChatGPT for increased
ecological validity. However, as other generative AI systems that are designed
to increase psychological ownership become more common, our results could
serve as a valuable baseline for future studies, or could even be integrated
into new systems for even higher feelings of psychological ownership.

The results from Experiment 3 may be lacking in ecological validity. Our
experiment did not provide additional rewards to participants who wrote
longer prompts, however, the effects of a time delay on prompt length may
have been more pronounced due to the use of crowdworkers on Prolific, who
are known to be highly conscientious participants [52]. As such, they may
have been more willing to write longer prompts to do the task “well” and less
likely to abandon using such systems than the general public. Similarly, the
20- and 60-second time delays worked well in the context of this experiment,
but they may not transfer well to real-world systems. It is possible that
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even shorter time delays, such as 2-second delays studied in prior work
[106, 122, 159], may also increase prompt length while mitigating risks of
users abandoning the system [97]. However, when we explored the use of
shorter time delays in Chapter 4, we did not observe differences in behaviour.
Providing users with feedback and detailed explanations on why a delay
exists can also increase their willingness to wait [56, 122]. Deploying variations
of this nudging technique in real-world systems would give more insights into
optimal design parameters that strike a balance between increasing prompt
length and preventing system abandonment.

Our results from Experiment 5 experiment may be limited by how we
chose to display the prompt suggestions. Given the short writing task and
the design of the two interaction techniques we tested, we felt that showing
suggestions after 1 s of inactivity was appropriate, however, it may have been
more appropriate to display them after a longer period or to display them
on-demand (e.g., after the participant presses a button [160]). On-demand
suggestions may also result in increased psychological ownership due to the
explicit action required from the user to receive a suggestion [104].

5.13 conclusion

Our work shows that writing with an AI assistant reduces feelings of psycho-
logical ownership, but requiring or encouraging users to write longer prompts
can improve it. This is no replacement for writing something independently,
but it is a simple way to encourage writers to include more details about the
content and put more thought and effort into their prompts. Experiencing a
time delay and moving a slider when submitting a short prompt can effec-
tively increase prompt length along with psychological ownership, simple
interface changes to positively impact human-AI collaborations.
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This project explores
constraining where
prompting can occur
and when comments
are finalized while
reading and writing
in a document.

In the previous chapter, we prevented prompt submission until the user wrote
enough words in the prompt submission box of a traditional chat-based gener-
ative AI interface. In this chapter, we propose integrating prompting into the
commenting feature of document reader software. Unlike chat-based prompt-
ing, which makes no assumptions about location, our approach requires users
to specify where prompts and responses should go by selecting document
text, thereby constraining the location. We also propose different types of
commenting techniques that involve the human and the AI in different ways,
and many techniques require specific action from the user before they could
continue, restricting when they could finalize their comments. To explore these
ideas, we return to an active reading task that involved prompting to write
notes, effectively combining elements of both reading and writing.

6.1 motivation

Taking notes while reading documents is a common active reading strategy
that can be done in two primary ways. First, people can write notes that
are decoupled from the document text by writing on a separate piece of
paper. Second, people can write notes that are integrated with the document
text [2], for example, by writing in the margins (marginalia). Such ‘margin
notes’ have been common practice for centuries, as they provide a space
for readers to summarize, paraphrase, explain unfamiliar concepts, make
connections to existing knowledge, and even express personal opinions [80,
143]. This can be especially beneficial when reading for educational purposes We have already seen

a lot of margin notes
in this dissertation!

[145], as it provides space for people to work through difficult sections and
quickly re-access their thoughts afterwards within a shared context [2, 115].
When reading digital documents, margin notes can be created using pen
input devices (e.g., [150]), but a more common way is by leaving comments in
systems like Google Docs, Microsoft Word, and Adobe Acrobat Reader [184].
This is usually done by selecting text within a document and writing in a text
box beside it.

More recently, people have been leveraging the capabilities of LLMs to
support reading documents, for example, to summarize, reword, and better
understand unfamiliar concepts [68, 69, 98]. The generated output serves
a purpose like margin notes, yet the capabilities of LLMs have not been
integrated into commenting features of document reader software. Instead,
most LLM-enhanced document readers require users to summarize and ask
questions about the text in a separate, chat-like interface disconnected from
the document. There is an opportunity to improve how LLMs are used in this
context by integrating their capabilities directly into ‘margin note’ comments
that are linked to the document text.
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(a) AI margin note (b) chat-based interface

Figure 6.1: Different ways to leverage LLM capabilities in document reader software: (a) we propose AI margin notes that are
integrated with the document text unlike (b) chat-based interfaces that are separated from the document text.

We explore the design of “AI margin notes” (Figure 6.1) that leverage LLMs
to enhance comments in document reader software through three controlled
experiments. Every experiment required participants to read short, non-fiction
documents while interacting with an LLM, primarily within comments, and
answer reading comprehension questions two hours later. Each experiment
focused on a different design parameter. First, we compared AI margin notes
to traditional, chat-based prompting to better understand the effects of inte-
gration. Second, we compared manually selecting text that an AI margin note
is associated with, to automatically selecting text through an LLM-powered
assistant to better understand the effects of selection automation. Third, we
explored different AI margin note techniques that leverage LLMs in different
ways to understand the effects of human and AI involvement. Specifically, AI
margin notes that generate summaries, fill-in-the-blank exercises, responses
to specific prompts, practice short answer questions, and feedback on how
written text can be improved.

Our results indicated that AI margin notes were preferred over chat inter-
faces and that selecting text for AI margin notes should be done manually. AI
margin note techniques with varying levels of human and AI involvement
were valued for different reasons. For example, techniques with more human
involvement were typically associated with more psychological ownership,
but techniques with more AI involvement to finalize the note were faster,
less effortful, and generally preferred. Our work contributes the idea of AI
margin notes and empirical results demonstrating that AI margin notes are a
desirable feature for document reader software.

6.2 background and related work

AI margin notes relate to existing literature in psychology about the benefits
and challenges of note-taking while reading, and other techniques that have
used LLMs to improve reading and note-taking. We focus specifically on
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relevant work focused on reading, rather than taking notes while attending a
lecture or watching a video.

6.2.1 Note-Taking while Reading

There are many types of notes that readers can create, margin notes being
one of them. Research in psychology suggests that the general activity of
note-taking is beneficial for two main reasons [91]. First, notes act as external
storage for information, which can be re-read to reinforce memory (the storage
function). Second, the act of creating notes can facilitate learning as it requires
readers to pay more attention to the material to process and organize ideas
(the encoding function).

The encoding function is especially beneficial when the reader processes the
text at a deeper level [47, 90], for example, by connecting it to prior knowledge
and experiences (levels of processing theory). However, many people opt
for shallower and less effective note-taking strategies. For example, Bretzing
and Kulhavy’s analysis of students’ note-taking activities [28] revealed that
students tend to take verbatim notes that repeats text from documents. In
another study [27], they showed that students who took verbatim notes
performed worse on a test than those who used deeper note-taking strategies
by writing their own summaries or by paraphrasing text from the document.

Note-taking is a complex activity that requires significant cognitive effort as
readers must coordinate and frequently switch between reading and writing
activities. Writing takes more time than reading, and excessive delays be-
tween reading activities as a result of note-taking can hinder comprehension.
Therefore, readers often experience significant mental and temporal demand,
even when they are reading and taking notes without any time limits [140].
This can become especially tiring with longer [96] or poorly-formatted docu-
ments [132]. Although researchers have argued that increased cognitive effort
can benefit learning [20–22] and memory [173], it does not always lead to
improved learning outcomes, for example, if the task is too frustrating or if
the learner lacks motivation [67].

6.2.2 Reading and Note-Taking with LLMs

Recent work has investigated how LLMs can improve user experience and
comprehension while reading and taking notes. For example, text simplifica-
tion techniques that turn complex documents into simplified versions [69] and
make documents easier to skim [68] can improve reading comprehension and
reduce workload. Users of systems like ChatGPT, Adobe Acrobat [3], Google
Notebook LM [64], NoteGPT [130], and ChatPDF [41] can ask questions,
summarize, and write notes about documents. However, few investigations
examine the effect on factors like reading comprehension, reading duration,
workload, and preferences.

Kreijkes et al. [98] asked high school students to try different note-taking
techniques to study for reading comprehension tests that took place three
days later: note-taking independently and note-taking while having access
to an LLM-powered chatbot to ask questions. Both of these note-taking
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techniques were compared to a baseline of asking the chatbot questions about
the document, without any note-taking. Their results showed that both note-
taking techniques were associated with better performance than just asking
the chatbot questions about the document, suggesting that using LLMs in
a more cognitively engaging way (i.e., with some note-taking) can improve
reading comprehension. However, they did not compare the two note-taking
conditions, making the effect of LLM use on note-taking unclear.

Although Kreijkes et al. found that just asking the LLM questions resulted
in poorer test performance, it was preferred by participants as it was perceived
to be more enjoyable and less effortful. Such findings have been reproduced
in other studies focused on the effects of LLMs on learning more broadly.
Systems like ChatGPT can allow for personalized learning experiences, which
can improve academic performance, reduce mental effort, and motivate learn-
ers [50, 177], however, learners may over-rely on these systems [177]. A
balance may be to encourage more cognitive engagement. For example, Chat-
PRCS [179] generates practice reading comprehension questions for students,
which increased mental load but improved reading comprehension. Similarly,
CoAsker [110] encourages students to generate practice questions with an
LLM-powered assistant, which were displayed in a side panel much like
notes beside the document. When compared to generating practice questions
without assistance, receiving questions that were generated by the assistant
increased reading comprehension scores.

To our knowledge, no prior work has thoroughly explored integrating
LLMs into the commenting feature of document reader software. The closest
prior work are prototype mockups in Melin-Higgins’ bachelor’s thesis [119],
in which users select document text to issue pre-determined prompts to
a hypothetical LLM-powered assistant. Responses appear as ‘sticky notes’
beside the selected text, like margin notes, or they appear underneath the
selected text by modifying the document structure. A very small 3-person
study showed a preference for the margin note style. The study also only
focused on usability and user preferences, and did not consider factors
like reading comprehension. Furthermore, the prototypes were partially
functioning Figma mockups, and none explored different levels of human
and AI involvement.

Based on this research, AI margin notes could hinder or help readers.
Creating them may limit deeper processing of the document text and lower
comprehension. However, some AI margin note creation techniques may
make note-taking less mentally demanding, so readers focus more on the
underlying text while reading. Some techniques may even help readers take
non-verbatim notes while improving motivation and cognitive engagement.
Therefore, it is important to understand the effect of AI margin notes, and note-
taking with LLMs more generally, on factors like test performance, workload,
and user preferences. Our work contributes these important insights, which
have been lacking in existing literature.
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6.3 ai margin notes

We focus on three design parameters of AI margin notes: integration, selection
automation, and the level of human and AI involvement.

or

(a) separated (b) integrated

Figure 6.2: Integration: (a) a chat-based interface is not integrated since it is separated
from the associated document text and (b) AI margin notes are integrated
since they are associated to specific document text. In this and following
two figures: green denotes human-written text, like a prompt, and blue represents
AI-generated text, like a response. Yellow indicates text that the AI margin note
is linked to.

6.3.1 Integration

The primary difference between AI margin notes and chat-based tools is
integration. Specifically, AI margin notes enhance comments in document
readers. Comments are anchored to specific text, making them integrated
into the document, which contrasts with chat-based tools that are placed in a
separate side panel with the content disconnected from the context (Figure 6.2).
A separate interface for interacting with an AI assistant may suffice for general
questions about the document or to receive overall summaries. However,
readers also direct the AI assistant to specific parts of the text to contextualize
their prompt [98]. Separating these responses from the text can be inefficient.

First, referring to specific parts of a document while prompting requires additional
work [118]. For example, if the user wants to simplify the language of a
paragraph in a scientific document (e.g., [69]), they must first type a command
like “simplify this,” select the paragraph from the document, then copy and
paste it after the command. This copy and paste step could be avoided entirely
if the user selected the paragraph and typed “simplify this” in an AI margin
note. Or easier, by just selecting text and pressing a button that reifies the
“simplify this” prompt [9, 118].

Second, shifting attention to a separate interface may distract from reading.
Note-taking requires frequent switching between reading and writing [3,
140], and researchers suggest that note-taking should “interrupt reading as
little as possible” [115]. Having readers frequently switch between separate
reading and writing interfaces may further increase cognitive load [73]. These
switching costs could be mitigated by presenting the prompting interface
alongside the specific text the user is reading.

Third, referring back to specific responses requires additional work. For example,
suppose a user used a chat-based LLM interface to get an explanation for an
unfamiliar concept in a document. The explanation may be remembered in the
short term, but if the user revisits the document much later, they must scroll
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through a lengthy and poorly organized chat history to find it, which may be
especially difficult for readers with a lower working memory capacity to do
[154]. Linking responses directly to the relevant text avoids this issue. Some
systems, like Adobe Acrobat Reader, support clicking on chat responses to
highlight relevant parts of the document, however, this still requires scrolling
through chat history. Alternatively, the user could re-issue the prompt, but
this wastes time and resources. Of course, users could copy responses they
wish to save and paste them in comments [98], but this requires additional
copy and paste steps that would not be needed with an AI margin note.

6.3.2 Selection Automation

AI margin notes are associated with specific text, which defines the context
for the prompt and a location to display the note. Specifying text for the
note could be done automatically by the AI assistant or manually by the user
(Figure 6.3). For example, consider summarization, a common task readers do
in conventional margin notes [80, 143] and with LLM systems [98, 119]. When
using LLMs in document reader software, readers can generate a summary
of the entire document automatically by pressing a single button [3], or they
can manually specify which parts of the document need to be summarized
by copying and pasting text into the chat. When the reader just presses a
button, the LLM decides which information is important and worth including
in the summary, but when the reader copies text to summarize, they are
deciding which parts of the document are most important. Prior work on
text highlighting suggests that this decision process could improve learning
outcomes and reading comprehension, but it could also increase mental effort
[192].

Automating the selection of text to create AI margin notes may also impact
psychological ownership, which we discussed in Chapter 5. Prior work shows
that learners can feel more psychological ownership if they are given more
control over their learning [138, 139], which can encourage more active learning
[65] and increase motivation [165]. Automatically generating AI margin notes
reduces effort, but potentially at the risk of lowering comprehension and
psychological ownership.

Add 
Summary

(b) manual

Summarize

(a) automated

Figure 6.3: Selection automation: (a) text can be automatically selected and multiple
AI margin notes created at once and (b) the user can manually select text
to create an AI margin note.
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100% AI 100% humanAI margin notes with more human involvement

Figure 6.4: Levels of human and AI involvement: traditional margin notes consist of text that is 100% written by a human, but
an AI margin note could consist of text that was 100% generated by AI, or could involve more human-generated
text.

6.3.3 Human and AI Involvement

Currently, commenting in document reader software is intended for text that
is 100% written by a human. Specifically, the user must formulate their own
ideas and type into a text box. At the other extreme, pressing a “Summarize”
button in a document reader [3] produces text that is 100% written by the
LLM and does not require any guidance from the human. However, there are
techniques for producing text that require involvement from both the human
and the LLM. For example, chat-based interfaces require the user to write a
prompt so the LLM can produce relevant output text. Here, the user exerts
control over what the output should be, and the LLM produces it (Chapter 5).
These roles can be reversed too, for example, the LLM could ‘prompt’ the
user to respond to practice reading comprehension questions [110, 179].

Based on these existing variations of human and AI involvement when
interacting with LLMs, we believe that AI margin notes could also vary in
how much human and AI involvement they require to produce the final
comment text (Figure 6.4). Techniques that require more human involvement
likely require more cognitive engagement than those with more AI involve-
ment, but this may be beneficial for reading comprehension [20–22, 173], may
discourage readers from taking verbatim notes [27], and may even improve
feelings of psychological ownership. However, frustrating cognitive engage-
ment can discourage learners [67], which may be mitigated by increasing AI
involvement.

6.4 experimental method

We conducted a series of experiments to explore the design parameters of
AI margin notes. Specifically, we were interested in understanding how inte-
gration, selection automation, and human and AI involvement affect reading
comprehension and duration, psychological ownership, task workload, and
user preferences. All experiments were conducted using Prolific.

6.4.1 Task

The primary experimental task was composed of two stages. First, a reading
stage, where participants read non-fiction documents that were approximately
500 words each. For each document, they interacted with an LLM assistant
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using a different technique that represents a variation within the design
parameter under evaluation. Second, a test stage, where participants completed
reading comprehension tests about each document. Each test consisted of six
multiple choice questions. The documents and questions were developed by
Wallace et al. [175] and were designed by a learning and reading specialist to
be suitable for an 8th grade reading level.1 This is representative of documents
targeted for the general public [126].

6.4.2 Apparatus

Our experimental system was a custom Node.js and React web application
that implemented two types of interfaces, one for each stage: the reading
interface, where participants read a document and interacted with an LLM
using a specific technique (Figure 6.5); and the testing interface, where par-
ticipants answered time-bounded, multiple-choice reading comprehension
tests.

6.4.2.1 Reading Interface

The document was displayed on the left side of the screen. The specific design
variation of the experimental condition was displayed beside it (details pro-
vided in each individual experiment). All design variations that involved an
LLM used GPT 4.1 mini. The top of the screen contained a toolbar indicating
how many comments or responses they still had to complete and a blue
“Finish Reading” button to end the trial.

6.4.2.2 Testing Interface

The testing interface displayed six multiple choice questions at the centre
of the screen. At the top of the screen was a toolbar that displayed how
many questions the participant had answered, a countdown timer (displayed
numerically and as a progress bar that shrank every second), and a blue
“Finish Test” button that could be pressed to end the test.

6.4.3 Procedure

Participants received a link to an experimental web application through
Prolific. They had to use a desktop or laptop computer, which was strictly
enforced through the web application. First, they entered basic demographic
information and read instructions. Next, they completed the reading stage for
all documents. There was no time limit for the reading stage, however, to focus
on the effect of the different techniques rather than the number of responses,
participants could only leave 3 AI margin notes (or receive 3 responses from
the AI assistant, depending on the technique). After reading the document,
they answered 10 questions about their experience and 1 question about

1 Note that we slightly modified the wording of some questions, as we noticed that some
questions could be successfully answered by looking at the wording of other questions.
At the time of writing this dissertation, Wallace et al.’s license agreement permits reuse,
modification, public display, and redistribution for non-commercial research purposes.
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(a)

(b) (c)

Figure 6.5: Experimental reading interface: (a) toolbar containing instructions, (b)
document to read, and (c) space for specific design variations to be
displayed.

their prior knowledge of the document’s content. They repeated this for the
other documents, then answered 2 questions about their overall preferences.
They also described other study aids they used for the test, such as taking a
screenshot of the document or writing notes outside of the reading interface.

Two hours later, the participant was invited to return for the test stage.
Given the lower reading difficulty of the documents, we increased the diffi-
culty of the test by making it closed-book and restricted to 60 seconds.

6.4.4 Design

All experiments use within-subjects design since the documents were rela-
tively short, and we wanted participants to compare their experiences with
each technique. There is one independent variable, condition, which was ran-
domly assigned. For a single condition, one of six documents from Wallace
et al. [175] was randomly-assigned. For increased internal validity, a single
document was not restricted to a single condition and could be assigned to
any condition.

6.4.5 Measures

Reading comprehension and duration were calculated from logs, and all
other metrics were calculated from subjective questionnaires that participants
completed after the reading stages. All used a 0-100 interval range.

6.4.5.1 Reading Comprehension

This represents the number of questions that were correctly answered during
the test stage (0-6 range). Analyzing Reading Comprehension gives insights into
the effects of AI margin notes on overall learning, and whether techniques
that encourage more human involvement improve learning outcomes.
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6.4.5.2 Duration

This is the time taken in minutes to complete the reading stage. Some AI
margin notes that require more manual effort or human involvement likely
take longer to complete.

6.4.5.3 Psychological Ownership

This was measured by asking two quantitative questions about Personal
Ownership and Responsibility [36]. The average of the two create a composite
measure, as done in Chapter 5. The internal consistency reliability score
was high for all experiments (.80 ≤ α ≤ .90), suggesting that the composite
measure was appropriate to use for data analysis. As described previously,
this is an important measure since fostering psychological ownership can
improve learner experiences.

6.4.5.4 Task Workload

We used factors from the NASA-TLX: Mental Demand, Physical Demand, Tem-
poral Demand, Performance, Effort, and Frustration. Techniques that are more
manual or that require more human involvement may involve more men-
tal demand and effort, which could be beneficial for learning [20–22, 173],
however, this may not happen if they are too frustrating [67].

6.4.5.5 Preferences

We asked about Frequency of Use, a question from the system usability scale
(SUS) representing how frequently the participant would use the feature if
made available to them. After trying all techniques, participants also gave
each condition a Ranking, where 1 was the best, 2 was the second best, and
so on. Ties were allowed. To establish an Overall Ranking of conditions, we
use the Condorcet voting method [190]. An overall rank of 1 means that
technique ‘defeats’ all others in pairwise comparisons. An overall rank of 2

means that technique ‘defeats’ all others except for the technique ranked 1,
and so on. This is important to study, as users would likely want to keep
using techniques that they like, which is especially useful if it also improves
their learning outcomes.

6.5 experiment 1 : integration

The goal of this experiment is to understand the effect of integration that is
achieved with AI margin notes. Participants wrote prompts using a traditional,
chat-based interface (chat), or an AI margin note (note).

6.5.1 Participants

We recruited 29 participants through Prolific. Participants were restricted to
the United States and Canada, and those who had completed 2,500 previous
tasks on the platform with a 99-100% approval rating. Three participants
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Table 6.1: Demographics for Experiment 1.

Gender Age Education

Men 16 25-34 4 High School 2

Women 10 35-44 14 Some University (no credit) 5

45-54 3 Bachelor’s Degree 14

55-64 3 Professional Degree Beyond Bachelor’s 1

65-74 2 Master’s Degree 3

Doctorate Degree 1

Document Reader Frequency Commenting Frequency LLM Frequency LLM Summarization Frequency

Daily 6 Daily 1 Daily 10 Daily 3

Weekly 11 Weekly 6 Weekly 9 Weekly 9

Monthly 7 Monthly 3 Monthly 5 Monthly 3

Less than Monthly 2 Less than Monthly 5 Less than Monthly 5 Less than Monthly 5

Never 11 Never 1 Never 6

(10%) were removed for using other study aids prior to the test, leaving
26 valid responses (Table 6.1). All self-reported proficiency in reading in
English. Participants received $10 in total, and the top 25% scoring participants
received an additional $5 bonus to incentivize them to do well on the test.
The experiment took roughly 25 minutes in total.

6.5.2 Apparatus

The reading interface had two variations. For the chat-based prompting
technique, a chat interface was displayed to the right of the document. Here,
participants could type prompts in a text box and press a blue “Submit”
button. Their prompts appeared like a chat message on the right in a grey
bubble, and LLM responses were displayed on the left in a light blue bubble
(Figure 6.6a).

To make more direct comparisons between the two variations, we had to
create an AI margin note technique where participants type prompts and
receive responses from an LLM. To create an AI margin note, the partici-
pant selected text in the document using their cursor, which caused a blue
“Comment” button to appear. Clicking this created a text box to appear that
was anchored to part of the document text and resembled a Google Docs
comment (Figure 6.6b). The participant could type a prompt and press a blue
“Confirm” button. After a few seconds, the LLM provided a response. The
participant’s prompt appeared at the top of the comment in grey, italicized
text with a dashed border around it, and the response appeared below in
black text, prepended with a black ‘sparkle’ icon. This styling clearly distin-
guishes human-written text (no icon) from AI-written text (with a ‘sparkle’
icon) and main comment text (black text) from additional context that helped
generate the comment (grey, italicized text with a dashed border). Participants
could edit their prompt to receive new output and they could delete their
comments. Clicking on individual comments highlighted the corresponding
text in the document.
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(a) chat-based interface (b) AI margin note

Figure 6.6: Techniques tested in Experiment 1: (a) a chat-based interface and (b) AI
margin notes.

6.5.3 Results

We use Wilcoxon signed-rank tests to investigate the effects of condition

on the various measures as the data was non-parametric. Details of these
statistical tests are shown in Table 6.2.2

Overall, there were no significant effects of condition on Reading Compre-
hension, Duration, Psychological Ownership, any of the workload-related factors,
and Frequency of Use.

Table 6.2: Statistical test results for Experiment 1.

Measure W p RBC

Reading Comprehension 80 .81 .06

Duration 148 .50 .16

Psychological Ownership 82.5 .40 .21

Mental Demand 149 .72 -.08

Physical Demand 76 .68 .11

Temporal Demand 74.5 .63 -.13

Performance 70.5 .78 .08

Effort 105.5 .32 .24

Frustration 57 .12 -.40

Frequency of Use 77.5 .07 .44

2 Note that W here refers to the Wilcoxon signed-rank test statistic, not Kendall’s W like we
saw in Chapter 5.
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6.5.3.1 Preferences

Although there were no differences for the aforementioned measures, most
participants preferred prompting with AI margin notes. From the Condorcet
voting method, we observed that note received an Overall Ranking of 1, and
chat received an Overall Ranking of 2. Notably, majority of participants (17,
65%) assigned note a Ranking of 1, and chat a Ranking of 2 (16, 62%).

To better understand why participants preferred note over chat, we
examined participants’ free-form responses. Several (12, 46%) mentioned how
note was easier and more intuitive than chat. Participants described how
they “liked [not] having to move to a separate chat” (P21), how “selecting text [was]
more natural when one has a question related to that part of the text” (P14), and
how “having the comment embedded right into the document [was] handy and easy
to reference along with the actual text” (P5).

Overall, our results suggested that the integration of AI margin notes is
highly desirable and preferable over chat-based interfaces as it prevented
switching between interfaces, it was easier for readers to indicate text they
had questions about, and it was to reference individual comments later. In
this experiment, associating text to the AI margin note was done manually by
the participant. However, selecting text could also be done automatically by
the LLM, which we explore further in the following experiment.

6.6 experiment 2 : selection automation

The goal of this experiment is to understand the effect of selection automation
when creating AI margin notes. Participants either manually selected what
text should be summarized (manual), or pressed a button to let the AI
assistant place three summary AI margin notes in the document (automatic).

6.6.1 Participants

Using the same inclusion criteria as Experiment 1, we recruited 32 new par-
ticipants on Prolific. Two participants (6%) were excluded for not attempting
to answer any reading comprehension questions, or for using other study
aids, leaving 30 valid responses (Table 6.3). All self-reported English reading
proficiency. Like before, participants received $10 as remuneration, with the
top 25% receiving an additional $5 bonus. The experiment took approximately
25 minutes in total.

6.6.2 Apparatus

Both variations focused specifically on producing AI margin notes that sum-
marized text as this is a representative task that is currently done manually,
by the user copying and pasting specific parts of a document into a chat-based
interface, or automatically, by pressing a button. For the automatic selection
technique, the top toolbar displayed a blue “Generate Comments” button in
the top left corner (Figure 6.7a). Pressing this caused three AI margin note
comments that were linked to the document text to appear to the right of the
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Table 6.3: Demographics for Experiment 2.

Gender Age Education

Men 18 25-34 4 High School 4

Women 12 35-44 15 Some University (no credit) 7

45-54 8 Bachelor’s Degree 9

55-64 1 Master’s Degree 10

65-74 1

75+ 1

Document Reader Frequency Commenting Frequency LLM Frequency LLM Summarization Frequency

Daily 4 Daily 1 Daily 8 Daily 2

Weekly 10 Weekly 3 Weekly 12 Weekly 8

Monthly 7 Monthly 4 Monthly 5 Monthly 4

Less than Monthly 7 Less than Monthly 3 Less than Monthly 5 Less than Monthly 11

Never 2 Never 18 Never 2 Never 5

document. Each summarized specific selections from the document, and was
displayed in black text prepended with a black ‘sparkle’ icon. As before, par-
ticipants could click individual comments to highlight the corresponding text,
but they could not delete or edit individual comments. Instead, they could
press the “Generate Comment” button again to regenerate all comments.

The manual selection technique worked like the previous experiment (Fig-
ure 6.7b): the participant selected text from the document and pressed a blue
“Comment” button to generate a summary comment (appearing after a few
seconds). The styling of the comment was the same, except that participants
could also delete or regenerate individual comments. The participant had to
manually create three summary comments.

6.6.3 Results

As before, we use Wilcoxon signed-rank tests where applicable. Details of
statistical tests are shown in Table 6.4.

We did not observe any significant effect of condition on Reading Compre-
hension, so we focus our results on other metrics.

6.6.3.1 Duration

Participants were 39 seconds slower when they manually selected text (Fig-
ure 6.8a). There was a significant effect of condition on Duration, revealing
that manual (mdn=3.43, iqr=2.15) was slower than automatic (mdn=2.78,
iqr=2.14).

6.6.3.2 Psychological Ownership

Though slower, participants generally felt more psychological ownership
when they manually selected text (Figure 6.8b). A significant effect of condi-
tion on Psychological Ownership revealed that participants felt more Psycho-
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(a) automatic text selection

(b) manual text selection

press button

manually select text generate one AI margin note at a time

automatically select text to generate all AI margin notes 

Figure 6.7: Techniques tested in Experiment 2: (a) automatically selecting text to generate all AI margin notes at once and (b)
manually selecting text and generating AI margin notes one-by-one.

logical Ownership with manual (mdn= 50.25, iqr= 46.62) than automatic

(mdn = 6.75, iqr = 10.88). This was supported by free-form responses like
“[manually selecting text] requires me to focus more on the task, [which] gives me
more responsibility” (P20).

6.6.3.3 Task Workload

Participants felt like they performed better when selecting text manually,
despite it requiring more effort. Specifically, there was a significant effect
of condition on Performance (Figure 6.8c), suggesting that participants felt
like they were better at creating AI margin notes with manual (mdn= 88,
iqr=24.25) than automatic (mdn=80.5, iqr=49.5).

A significant effect of condition on Effort (Figure 6.8d) suggested that
participants felt more Effort for manual (mdn= 35, iqr= 41.25) than auto-
matic (mdn= 14, iqr= 38.75). This was supported by free-form responses
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Table 6.4: Statistical test results for Experiment 2.

Measure W p-value RBC

Reading Comprehension 88.5 .20 .30

Duration 102 .006 ** .56

Psychological Ownership 9 < .001 *** .95

Mental Demand 158.5 .46 .16

Physical Demand 31.5 .10 .48

Temporal Demand 100 .25 .28

Performance 52.5 .02 * .58

Effort 84.5 .004 ** .61

Frustration 77.5 .19 .33

Frequency of Use 63.5 .004 ** .64

0 25 50 75 100
(c) Performance

0 25 50 75 100
(d) Effort

0 2 4 6 8 10
(a) Duration (min)

MANUAL

AUTOMATIC

0 25 50 75 100
(b) Psychological Ownership

0 25 50 75 100
(e) Frequency of Use

Figure 6.8: Experiment 2 results: (a) Duration, (b) Psychological Ownership, (c) Performance, (d) Effort, and (e) Frequency of Use.

like “in being able to highlight on my own, I also feel as if I did some of the work and
not just nothing” (P25). We did not observe any differences between manual

and automatic for Mental Demand, Physical Demand, Temporal Demand, and
Frustration.

6.6.3.4 Preferences

Participants generally seemed to prefer generating AI margin notes manually.
There was a significant effect of condition on Frequency of Use (Figure 6.8e),
suggesting a preference to use manual (mdn = 79.5, iqr = 47.5) more fre-
quently than automatic (mdn = 55, iqr = 68.75). For Overall Ranking, we
observed that participants tended to prefer manual, which was ranked first.
Specifically, 23 participants (77%) gave manual a Ranking of 1, and 21 (70%)
gave automatic a Ranking of 2.

Majority (16, 53%) appreciated manual for the increased control it enabled,
for example: “I felt a little more control [when] I was able to pick what I wanted
to be summarized. [When] I just pressed one button, it summarized everything,
but not necessarily the areas I wanted it to” (P22). A few (4, 13%) mentioned
how manual provided more incentive to read the document, for example:
“generating all summaries at once will encourage users not to actually read the
document for themselves. Generating individual summaries after I selected text meant
I [had] to actually read the document” (P10).

Overall, our results suggested that selecting text for an AI margin note is
slower and requires more effort when done manually. However, this may be a
worthwhile trade-off, as manually selecting text was associated with higher
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(d) answer practice question

(a) receive summary (b) complete fill-in-the-blank (c) write prompt

(e) receive feedback on text (f) write text without AI

Figure 6.9: Techniques tested in Experiment 3: (a) receive a summary (100% AI-written text), (b) complete a fill-in-the-blank
exercise, (c) write a prompt, (d) answer a practice question, (e) receive feedback on written text, and (f) write a
comment without AI (100% human-written text).

feelings of psychological ownership, better perceived performance, and was
preferred by participants. In this experiment, the resulting AI margin note
was always a summary, however, there are many other types of AI margin
notes that can be created that involve the human and AI in different ways.

6.7 ai margin note techniques

To fully explore the design parameter of human and AI involvement, we
implemented six techniques that fall along a continuum, ranging from AI
margin notes whose text was generated entirely by the LLM, to those whose
text was written entirely by the user (Figure 6.9). All are created by selecting
text manually and pressing a blue “Comment” button.
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6.7.1 Receive Summary

The technique with the least human involvement is receiving a generated
summary where 100% of the text is written by AI (Figure 6.9a). This is
identical to the manual text selection technique presented in Experiment 2.

6.7.2 Complete Fill-in-the-Blank Exercise

A technique with slightly more human involvement is receiving a generated
summary, but with some keywords omitted to resemble a fill-in-the-blank
question (Figure 6.9b). Like the previous technique, the LLM produces a
summary for the text selected by the user, shown in black text and prepended
by a black ‘sparkle’ icon. Each summary contains one or two ‘blanks,’ dis-
played using dropdowns containing three options. The user must select the
correct answer from the provided options. Underneath, the comment displays
feedback to notify the user whether their responses are correct (shown in
green with a check mark) or incorrect (shown in red with an ‘X’). The user
can delete the comment or regenerate it.

6.7.3 Write Prompt

A technique with some human and some AI involvement is writing a custom
prompt for the LLM to respond to (Figure 6.9c). Writing a prompt allows
the user to exert more control over the output, for example, to achieve goals
that go beyond summarization such as learning additional information about
the text or simplifying it. This is identical to the AI margin note technique
described in Experiment 1.

6.7.4 Answer Practice Question

Another technique with some involvement from both the human and the AI
is answering a practice reading comprehension question that was generated
by the LLM, which has been shown to help with learning [110, 179]. The
LLM produces a practice short-answer question based on the selected text
(Figure 6.9d), prepended with a grey ‘sparkle’ icon and shown using grey
italicized text with a dashed border. The user types in their answer in a text
box underneath and presses a blue “Confirm” button to submit their response.
The submitted response is then shown in black text. After a few seconds, the
user receives feedback from the LLM about their answer: correct responses
are shown in green and with a check mark underneath the response, and
incorrect responses are shown in red with an ‘X.’ All responses have to be
correct. The user can edit their responses to correct mistakes (and will receive
new feedback accordingly), or can delete their comment.

6.7.5 Receive Feedback on Written Text

A technique that has a lot of human involvement is requiring users to write
their own comment text, with LLM-generated feedback and suggestions on
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how their comment can be improved (Figure 6.9e). This can be beneficial, as
many learners struggle to take effective notes [27]. The user can type within
the provided text box and press “Confirm.” The comment text is shown as
black text. After a few seconds, the AI assistant provides feedback on the text,
prepended with a grey ‘sparkle’ icon and shown as grey, italicized text with a
dashed border. A green check mark is shown if their comment text is ‘good,’
and a red ‘X’ is shown if it is not. All comment text has to be classified as
good. The user can edit their comment to receive updated feedback and can
delete it.

6.7.6 Write Text without AI

The technique with the most human involvement is requiring the user to write
their own comment, without any AI assistance (Figure 6.9f). This baseline
resembles the behaviour of existing commenting systems, where 100% of the
text is written by the user. The user can type within the provided text box
and press “Confirm.” The comment is shown as black text. The user can edit
or delete the comment.

6.8 experiment 3 : human and ai involvement

The goal of this experiment is to investigate the effect of human and AI
involvement. Participants read six documents, one for each AI margin note
technique described above: receiving a summary (summary), completing a
fill-in-the-blank exercise (blank), writing a prompt (prompt), answering a
practice question (question), receiving feedback on written text (feedback),
and writing without any AI assistance (none). For blank, question, and
feedback, their answers and responses had to be marked as ‘correct’ or
‘good,’ restricting when they could continue. The experiment was longer,
approximately 90 minutes.

Table 6.5: Demographics for Experiment 3.

Gender Age Education

Men 13 18-24 1 High School 7

Women 19 25-34 2 Some University (no credit) 2

35-44 7 Technical Degree 5

45-54 13 Bachelor’s Degree 14

55-64 4 Master’s Degree 4

65-74 4

75+ 1

Document Reader Frequency Commenting Frequency LLM Frequency LLM Summarization Frequency

Daily 6 Daily 1 Daily 13 Daily 3

Weekly 14 Weekly 6 Weekly 11 Weekly 12

Monthly 8 Monthly 4 Monthly 5 Monthly 3

Less than Monthly 3 Less than Monthly 8 Less than Monthly 3 Less than Monthly 10

Never 1 Never 12 Never 4
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6.8.1 Participants

We recruited 36 new participants on Prolific, using the same inclusion criteria
as the previous experiments. Four (11%) were excluded for experiencing
technical issues, leaving 32 valid responses (Table 6.5). All but one were
proficient at reading in English. Participants received $25 total, with an
additional $5 bonus if their total reading comprehension score was within
the top 25%.

6.8.2 Results

Where applicable, we use Friedman omnibus tests and Wilcoxon signed-rank
post hoc tests, with Holm’s corrections for multiple comparisons. Statistical
test details are shown in Table 6.6 and Table 6.7.

Table 6.6: Omnibus statistical test results for Experiment 3.

Measure χ2 p-value Kendall’s W

Reading Comprehension 10.87 .05 .07

Duration 64.64 < .001 *** .40

Psychological Ownership 74.76 < .001 *** .47

Mental Demand 57.83 < .001 *** .36

Physical Demand 20.92 < .001 *** .13 post hocs were n.s.
Temporal Demand 4.45 .49 .03

Performance 16.82 .005 ** .10

Effort 55.98 < .001 *** .35

Frustration 5.39 .37 .03

Frequency of Use 9.19 .10 .06

6.8.2.1 Reading Comprehension

Contrary to what prior work suggests, techniques with more human in-
volvement were not associated with higher reading comprehension scores.
Specifically, the differences between summary (mdn = 4, iqr = 2.25) and
all other conditions (all mdn = 5, iqr = 2) are marginal (p = .05), and not
statistically significant.

6.8.2.2 Duration

Participants were faster when they used techniques that did not require as
much human involvement (Figure 6.10a). A significant effect of condition

on Duration revealed that summary (mdn = 3.96, iqr = 2.78) and blank

(mdn=4.92, iqr=2.80) were faster than all other techniques.
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Table 6.7: Post hoc statistical test results for significant omnibus tests in Table 6.6: (a) Duration, (b) Psychological Ownership, (c)
Mental Demand, (d) Performance, (e) Effort.

(a) Duration (b) P. Ownership (c) Mental Demand (d) Performance (e) Effort
comparisons p-value RBC p-value RBC p-value RBC p-value RBC p-value RBC

none feedback .02 * .26 .24 .22 .52 .07 1 .09 .91 .04

none question .56 .10 < .001 *** .54 .06 .27 1 .16 .004 ** .29

none prompt .45 .16 .003 ** .56 .02 * .33 1 .05 .01 * .31

none blank .003 ** .47 < .001 *** .78 < .001 *** .54 .005 ** .38 < .001 *** .47

none summary < .001 *** .59 < .001 *** .89 < .001 *** .68 1 .17 < .001 *** .61

feedback question .18 .19 .002 ** .44 .007 ** .36 1 .07 .01 * .29

feedback prompt .04 * .38 .003 ** .43 .008 ** .44 1 .04 .01 * .37

feedback blank < .001 *** .62 < .001 *** .76 < .001 *** .60 .03 * .30 .001 ** .47

feedback summary < .001 *** .73 < .001 *** .85 < .001 *** .75 1 .10 < .001 *** .62

question prompt .19 .22 .44 .06 .52 .09 1 .11 .91 .05

question blank .001 ** .55 .004 ** .46 .05 .32 .08 .23 .03 * .27

question summary < .001 *** .66 < .001 *** .64 < .001 *** .53 1 .04 .004 ** .47

prompt blank .03 * .36 .24 .31 .15 .19 .07 .32 .11 .23

prompt summary .002 ** .54 < .001 *** .54 .02 * .41 1 .12 .02 * .40

blank summary .14 .27 .003 ** .37 .15 .29 .04 * .16 .04 * .28

6.8.2.3 Psychological Ownership

Generally, participants felt more psychological ownership for techniques that
required more human involvement (Figure 6.10b). A significant effect of
condition on Psychological Ownership and post hoc tests revealed that none

(mdn=100, iqr=4.38) and feedback (mdn=97, iqr=9.34) were associated
with the highest Psychological Ownership, and summary (mdn=23.75, iqr=
60.88) with the lowest.

6.8.2.4 Task Workload

Generally, techniques that required more human involvement were more
mentally demanding, associated with poorer perceived performance, and
more effortful. For Mental Demand, there was a significant effect of condition

(Figure 6.10c) and post hoc tests showed that none (mdn = 61, iqr = 47)
and feedback (mdn = 70.5, iqr = 31) were associated with higher scores
than prompt (mdn=40.5, iqr=52.25), blank (mdn=20.5, iqr=30.75), and
summary (mdn=11.5, iqr=22.25).

There was also a significant effect of condition on Performance (Fig-
ure 6.10d), with post hoc tests revealing that participants generally felt like
they did better at the task with blank (mdn = 100, iqr = 8.5) than none

(mdn = 90.5, iqr = 23.5), feedback (mdn = 95, iqr = 15.25), and summary

(mdn=100, iqr=20.75).
For Effort, a significant effect of condition (Figure 6.10e) and post hoc

tests showed that none (mdn= 62.5, iqr= 42.75) and feedback (mdn= 68,
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Figure 6.10: Experiment 3 results: (a) Duration, (b) Psychological Ownership, (c) Mental Demand, (d) Performance, and (e) Effort.

iqr=32.5) had the highest scores, and summary (mdn=10, iqr=36.75) had
the lowest. We did not observe significant differences between the different
techniques for Physical Demand, Temporal Demand, and Frustration.

6.8.2.5 Preferences

There were no differences in Frequency of Use, with all medians being 50 or
greater, suggesting that participants would like to use all techniques. For
Overall Ranking, the Condorcet voting method revealed that overall, blank

was ranked first, followed by question, summary, prompt, feedback, and
none. This Overall Ranking suggests that participants generally preferred
techniques with more AI involvement (blank, question, summary, and
prompt) over those with more human involvement (feedback and none), for
example: “the more involved AI was, the more I appreciated the help” (P15).

Considering the Ranking scores, 21 (66%) ranked blank within the top 3,
and 20 (62%) placed question within the top 3. These two techniques were
generally valued as they “had the greatest pedagogical heft” (P7) and “actively
engage memory and reinforce understanding” (P4). Nineteen (59%) placed sum-
mary within the top 3, however, eight (25%) gave it a rank of 6, suggesting
that opinions were more divided for summary. Those that ranked summary

highly generally valued it for “[making] work so much easier” (P9), however,
some noted how they “want to do things [and] feel accomplished” (P30), goals
that were not as well-supported with summary. Fifteen (47%) placed prompt

within the top 3 as it was “simple and easy” (P23) and “encouraged curiosity” (P4).
In contrast, seventeen (53%) ranked feedback within the bottom 3, and 19

(59%) ranked none within the bottom 3. Both techniques required “too much
effort” (P20), which could be “draining and mind-absorbing” (P25).

6.8.3 Summary

These results did not find differences in reading comprehension, even though
many techniques were more mentally demanding and effortful. Participants
generally preferred techniques with more AI involvement, even though these
techniques were associated with less psychological ownership.
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6.9 discussion

Overall, our results show that participants preferred AI margin notes over
traditional, chat-based interactions. When AI margin notes were created
through manual text selection, participants took longer to read the document
and this required more effort, but they felt more psychological ownership and
felt like they did a better job as a result. These feelings may have contributed
to the strong preferences they had for manually-created AI margin notes.
In short, our results suggest that AI margin notes were valued for their
integration, and are perceived to be especially valuable with manual text
selection.

Regarding human and AI involvement, our results suggest that different
techniques have their own strengths and weaknesses. For example, tech-
niques that required more human involvement, like receiving feedback about
written text, required more mental demand and effort, but were associated
with higher feelings of psychological ownership than those with low hu-
man involvement, like receiving summaries. However, participants preferred
techniques with more AI involvement. One promising technique was receiv-
ing generated summaries with fill-in-the-blank exercises, the most preferred
technique. It was perceived as not too mentally demanding or effortful, still as-
sociated with moderate feelings of psychological ownership, and participants
felt like they performed well when creating them.

The implications for design are to adopt the integrated AI margin note approach
within document reader software, to support manual text selection, and to
provide options of AI margin note technique that vary in human and AI involvement,
depending on the user’s preferences and goals.

6.9.1 Reading Comprehension

Given literature suggests that increased cognitive engagement can increase
learning, we were surprised to see that more cognitively demanding AI
margin note techniques were not associated with higher reading comprehen-
sion scores. To confirm this is not due to one specific experimental protocol,
we conducted other pilot experiments with different participants and key
variations.

For example, we ran experiments with 24 hour gaps between the reading
and testing stages to ensure that the documents were not simply remembered
in short-term memory, but we did not observe any significant differences.
Participants self-declared their knowledge of the topics discussed in each doc-
ument, so we tried omitting participants with higher background knowledge,
and found similar results. Another possibility is a ceiling effect because the
range of possible scores is low (0-6). To rule this out, we conducted another
pilot experiment using documents and questions from Guidroz et al. [69],3

enabling more granular (0-12) scores. These documents were also more diffi-
cult (university graduate level, rather than an 8th grade level). Even with this
increased score granularity and more difficult reading task, we found similar
results, with no significant differences between techniques.

3 We emailed the authors and received permission to reuse their materials.
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Therefore, we believe that less cognitively engaging techniques with more AI
involvement, like receiving generated summaries, may not be as detrimental to
reading comprehension as one may assume.

6.9.2 Conflicting User Preferences Regarding AI Involvement

The concept of “manual” and “automatic” text selection explored in Experi-
ment 2 can also be thought of as human and AI involvement, with manual
text selection requiring more human involvement than automatic text selec-
tion. When reframed like this, we notice that the results from Experiments
2 and 3 share many similarities: both suggested that techniques with more
human involvement are slower and more effortful, but associated with more
psychological ownership. Yet the results revealed differing user preferences,
with participants preferring less AI involvement when selecting text but more
AI involvement in the actual comment.

These results may feel conflicting at first. But together, they provide ad-
ditional insight into factors that are more important to readers when using
LLMs to read and take notes. Based on prior work on text highlighting [192]
and our findings in Chapter 4, we hypothesize that manual selection forces
the reader to identify text they wish to learn more about, which requires
them to recognize gaps in their own knowledge or understanding of the
text. An LLM does not know what these gaps are, making it less capable
of automatically positioning AI margin notes in ways that align with the
reader’s needs. Identifying the right text to select is especially important,
as the selected text also acts as contextual information for content that is
produced and displayed within the comment. As such, selection automation
may be a task that is less compatible with more AI involvement, resulting
in a stronger preference for manual selection. However, once the AI margin
note is correctly positioned, users may see more potential for AI (or perhaps
see less issues associated with its use), and prefer techniques with more AI
involvement as a result.

6.9.3 Other AI Margin Note Designs

We focused primarily on creating AI margin notes based on typed prompts
and text responses. However, AI margin notes could also work well with
other types of prompts and responses. For example, margin notes can also
be hand-written using pen input [150]. Recent work has even shown that
hand-written notes and sketches can be used to prompt LLMs [188], so AI
margin notes could also respond to hand-written prompts. Prior work also
suggests that interactive visual elements, like simulations [70] and charts [117]
created for individual documents can further augment reading and learning.
LLMs are capable of producing interactive visual elements like these, which
could be integrated into AI margin notes. For example, if the reader selects
text that describes different parts of flowering plants, the fill-in-the-blank
technique could be augmented by showing a diagram and requiring readers
to label it with the correct parts.
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We focused on the specific context of creating AI margin notes as a study
aid. However, people leave comments in document readers for many other
reasons, for example, to leave editorial notes. Other AI margin note designs
may be better suited to these goals. For example, after selecting text and
writing a prompt like “improve the grammar of this sentence,” the AI margin
note could show a modified version of the sentence underneath the prompt.
To integrate these changes into the main text, the user must press a button to
“accept” this change, much like the “Suggestion” feature of Google Docs.

6.9.4 Limitations

Our results, especially results related to reading comprehension, may not
hold after extended long-term use. For example, LLMs may hallucinate and
produce incorrect AI margin notes, and people may come to over-rely by
studying incorrect notes [177]. Techniques with low human involvement
may make students ‘lazy’ over time and impact their ability to take notes in
situations where LLMs are unavailable.

Our results may not apply to different types of documents and longer docu-
ments. For example, as discussed in Chapter 4, prior work on text highlighting
suggests that readers should be able to distinguish between important and
unimportant text [60], however, readers may struggle to identify the most
important information within a long and complex document about an unfa-
miliar topic. In these cases, automatically selecting text within the document
to create AI margin notes may be preferred.

Some aspects of our experimental design may be lacking in ecological
validity. Notably, we chose to keep the number of AI margin notes and chat
responses constant across techniques, and participants could only interact
with one technique at a time. We made these decisions for increased control,
however, such restrictions would not exist in a real system, where users would
create as many AI margin notes and in whatever way they wish.

6.10 conclusion and future work

We propose and explore the design of “AI margin notes” that leverage the
commenting feature of document reader software to provide LLM capabilities
in a way that is more integrated into document text. Three experiments
evaluated variations from different design parameters: integration, selection
automation, and human and AI involvement, and overall, participants valued
having integrated AI margin notes and creating them manually. AI margin
note techniques that involved the human and AI to different degrees were
valued for different reasons, suggesting that document reader software should
provide multiple variations to support different user goals and preferences.

Future work should incorporate AI margin notes into existing software,
explore other types of AI margin notes, and investigate the effects on factors
like reading comprehension over the long term and with different types of
documents. Our work adds more evidence that chat-based interfaces are not
the only way of interacting with LLMs, and that increased integration with
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document text is beneficial, especially when they are created manually and
the trade-offs of human and AI involvement are considered.
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7
C O N C L U S I O N A N D F U T U R E D I R E C T I O N S

The goal of this dissertation was to:

Evaluate the effects of non-error-proofing user interface constraints while
reading and writing, and design interaction techniques that use ‘soft’
constraints.

To achieve this goal, I proposed constraining where and when interaction
could occur during different reading and writing activities. Here, I summarize
the contributions of our work, implications for design, and opportunities for
future work.

7.1 summary of contributions

This dissertation primarily contributes knowledge that helps us understand
the types of reading and writing activities that would benefit from constrained
interactions, and the types of constraints that are effective in doing so. A
secondary contribution is knowledge learned from designing novel interaction
techniques that leverage constraints in ways that go beyond error-proofing.
According to the taxonomy of HCI contributions proposed by Wobbrock and
Kientz [182], these would correspond to empirical research contributions and
artifact contributions.

7.1.1 Empirical Research Contributions

Each project consisted of one or more controlled experiment that aimed to
better understand whether interactions with ‘hard’ constraints would improve
user outcomes. It is only through these experiments we were able to learn that
scrolling may not hinder reading comprehension, as was previously believed;
word limits on highlighting can improve reading comprehension; psychologi-
cal ownership increases with longer prompts; and positioning prompts beside
document text is desirable. These findings expand our knowledge of the use
cases for, and the benefits that arise from constraining user interactions. No-
tably, each experiment had high internal validity as every experimental design
controlled for specific factors we wished to test, yet also had high external
validity as our experimental interfaces reproduced real and commonly-used
interfaces and our sample sizes were large and diverse, which is surprisingly
rare for HCI research [31]. Of course, our studies may be lacking in ecological
validity as we evaluated reading and writing specific types of documents
using participants in North America, but given the context we studied, these
experiments were conducted with high rigour. All of our experimental data
is (or will soon be) publicly-available on the ACM Digital Library.
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Constraint Type Constraint Goal
Where When Who What Why

Reading Chapter 3 Chapter 4

Future WorkUser Activity Writing Future Work Chapter 5 Future Work
Reading + Writing Chapter 6

Table 7.1: The design space explored in this dissertation could be further expanded. Grey, italicized text indicates new
additions, and blue indicates potential avenues for future work.

7.1.2 Artifact Contributions

When constrained interactions showed promise, we created interaction tech-
niques using ‘soft’ constraints to introduce friction. We proposed making
highlighting more temporally, physically, and perceptually more difficult
to discourage excessive highlighting for improved reading comprehension;
we proposed making it more temporally and physically demanding to sub-
mit short prompts for increased psychological ownership; and we created
new ways for readers to create margin notes with AI, many of which had
requirements that had to be satisfied to continue. Creating these interaction
techniques enabled more empirical research contributions. Through addi-
tional pilots and user studies, we discovered that ‘soft’ constraints may not
work as well as ‘hard’ constraints when highlighting, but work especially
well to increase psychological ownership when prompting with traditional
chat-based interfaces and when writing AI margin notes. These interaction
techniques can be easily integrated into new and existing reading and writing
systems, making them valuable for others to build upon.

7.2 effectiveness of constraints for reading and writing

Returning to the design space first presented in Chapter 1, this dissertation
explored how where and when interaction constraints affect different reading
and writing activities (Table 7.1). It builds on prior work in two primary
ways. First, it considers a more diverse and representative set of activities that
have not been explored before, for example, active reading by highlighting
and taking notes, and writing with emerging technology like LLMs. Second,
it considers a wider range of constraints, such as word limits to restrict
when interaction can occur and anchoring interface elements to restrict where
interaction can occur. Overall, our results suggest that where constraints can
benefit prompting, but may not benefit passive reading on a phone. However,
all ‘hard’ when constraints seemed to benefit all reading and writing activities.
This suggests that ‘hard’ when constraints may be especially effective for HCI
researchers and practitioners to consider when designing new constrained
reading and writing interfaces.
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7.3 difficulties with designing new interaction techniques

Although constraining when interaction could occur seemed to benefit reading
and writing, we did not have similar success when trying to integrate ‘soft’
constraints into interaction techniques. Specifically, when we tried to make
highlighting more difficult, temporal and perceptual costs did not seem to
change how many words participants highlighted. Even when motor costs
did, the reductions in word count were not associated with improved reading
comprehension. This is surprising, as similar types of mechanics in the form
of temporal and motor costs were introduced in Chapter 5 yet they were both
effective at nudging users.

As discussed in Chapter 4, it is possible that the constrained highlighting
interaction techniques need to be further tuned to be effective. However,
another possibility is that the successful techniques proposed to increase
prompt length made the concept of choice more explicit to users. Specifically,
the techniques required users to fill a ‘gauge’ in one of two ways: writing
more words or spending more time or exerting more physical effort to
submit shorter prompts. In contrast, the highlighting techniques did not
provide multiple ways of highlighting: users had to highlight text using the
same technique throughout the entire document. Although we anticipated
that experiencing more extreme time delays, circle diameters, and obscure
percents would cause users to shift from System 1 to System 2 thinking and
change their highlighting behaviour accordingly (dual process theory), our
participants may not have realized that this was a possibility due to the
lack of alternatives to choose from. As a result, they may have continued
to persevere through this difficult highlighting task to do it ‘well’ due to
high conscientiousness [52] and perhaps pressure from the crowdsourcing
experiment service.

Furthermore, these constrained highlighting techniques are were surfaced
after the user decided that they would like to highlight specific text, and
encouraging users to deviate from this goal after it has been set may be more
difficult. But having a ‘hard’ constraint on highlighting and even visualizing a
progress bar makes the idea of choice and goal-setting more explicit before they
begin using the system, so they may be more likely to adjust their behaviours.
Therefore, it may be more effective to surface such when constraints earlier,
and potentially use feedforward to make the concept of choice more obvious
within the interface.

To better understand factors that contributed to the success of constrained
interaction techniques, I plan on conducting more qualitative and process-
oriented research in the future. For example, through in-person observational
studies with think-aloud protocols and semi-structured interviews.

7.3.1 Need for Design Guidelines

Moving beyond these two projects, the challenges we experienced and the
several design decisions we had to make demonstrate the need for design
guidelines that the HCI community can leverage for constrained interaction tech-
niques. For example, there are several choices of limits, ways of surfacing
and mapping such limits to changes in the interface, and adapting them to
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individual users and different contexts of use, like as user goals change, as
expertise improves, non-experimental contexts, and short- and long-term use.

An ongoing goal of mine is to formalize the design of constrained inter-
action techniques and interfaces. More specifically, I aim to conduct several
smaller, short-term experiments using prototype systems that implement vari-
ations of constrained interactions and develop systems that use constrained
interactions to facilitate long-term evaluations. Most novel interaction tech-
niques in HCI are not adopted broadly or integrated into real-world systems,
perhaps because of a lack of guiding principles and rules that help designers
integrate them into systems [7, 8], making this an important next step.

As part of these design guidelines, it may even be necessary to rethink
the constraint types originally proposed by Norman [128, p. 125-132]. For
example, the idea of a cursor being physically constrained to a screen [129]
does not apply to new augmented reality input techniques that move the
cursor into the real world [92]. It may also be necessary to formalize other I really like “bounded

interactions” as a
name for such
“constrained
interaction
techniques.” Thanks,
Takeo Igarashi, for
suggesting this name
during the UIST
2023 Doctoral
Symposium!

constraint types that better represent the specific ways in which constraints
were used for non-error-proofing purposes throughout this dissertation, and
to create a unique name for such “constrained interaction techniques.”

7.4 other possibilities for constrained reading and writing

Our design space focused on a subset of constraints that restrict when and
where interaction can occur when reading and writing, but there are several
other possibilities. For example, one possibility is to build on previous work
about time-bounded reading [38, 174]. Systems could be built to adaptively
estimate reading duration for any given document and use this to restrict when
reading can occur for more focus and comprehension. Another possibility
is to restrict where highlighting can occur in a document by only allowing
key words and phrases to be highlighted (i.e., non-relevant text cannot be
selected).

Notably, this dissertation did not explore restricting where writing can take
place, but future work could explore this idea. For example, free-form editorial
notes (either written using the comment feature of word processors or with a
digital pen) could be processed to create action items tied to specific parts
of the text. In a word processor, the writer could enter an “editorial mode”
where they are presented with a single action item and are only permitted to
edit the corresponding text. Constraining where writing can take place in this
way may increase focus and editing speed.

Our work also focused on reading and writing activities for a single user,
but constraints may also be beneficial in collaborative, multi-user environ-
ments, especially for writing. For example, in a related project not appearing
in this dissertation, we proposed delaying when edits are shared with others
in synchronous collaborative writing tools like Google Docs to help writers
feel more comfortable [187]. Many non-real-time techniques, like delaying
updates to when entire sentences were typed, were perceived to be desir-
able and beneficial for increasing comfort while writing. However, building
constrained interaction techniques for such collaborative environments intro-
duces several technical and design challenges. For example, it is unclear if a
system should impose different types or levels of constraints for each user, or
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if these should be applied consistently or shared across all users. Depending
on the design, managing and synchronizing constraint states across users
could be challenging, especially if different users have differing constraint
states that conflict with each other.

Our design space could also be expanded to make the constraint goal
more explicit (i.e., why; Table 7.1). For example, we proposed increasing
prompt length to improve psychological ownership, but the experimental
protocol could have been adapted to improve learning outcomes by increasing
cognitive effort [20–22] and reducing over-reliance [30]. Additional Constraint
Types could be explored too. Prior work suggests that restricting who can
access documents may help writers feel more comfortable with sharing work-
in-progress earlier [16, 100]. Thinking about what interactions are permitted to
achieve a goal provides another way to think about AI margin note techniques.
Some only allowed certain types of input, such as typing text or selecting items
from a drop down. When reading, one new idea is to only create highlights if
the selected text only consists of key words and phrases, constraining what
highlights can consist of, much like how some text fields for phone numbers
prevent the user from typing non-numerical characters.

7.5 beyond reading and writing

Future work could also explore other applications of constraints that go
beyond reading and writing, building on prior work in HCI that has used non-
error-proofing constraints (Section 2.2). For example, as previously mentioned,
I created MicroMentor, a help system constrained the duration of help sessions
between novice and expert software users to three minutes. MicroMentor was
valued for reducing the perceived transaction cost of asking for and providing
help.

Recently, we explored making the act of taking photos more difficult by
zooming in the viewfinder or requiring the user to describe objects being
photographed to improve recall. Constraints could also be integrated into
camera applications to limit how many photos and the types of photos people
can take to improve attachment, or to create counterfunctional camera designs
[137] that provoke thought or reflection. For example, preventing an item
from being photographed if it is a certain colour or if it has already been
photographed before.

Another idea is purposely limiting which commands are available in a
tutorial to help users discover different features and new ways of using
existing features. For example, Renom et al. [147] showed that in a text-
editing context, disabling specific commands encourages users to re-purpose
other commands, like using tabs and spaces to align text when ruler features
are unavailable. Applying this concept to tutorial systems more broadly could
help users learn more commands and potentially encourage them to overcome
the “paradox of the active user,” the tendency to use known yet inefficient
methods to accomplish a task over learning and trying new and more efficient
methods [33].
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7.6 who should impose constraints?

To explore the effectiveness of constraints when reading and writing in a more
controlled way, we imposed mandatory constraints on users. My intention
is to use constraints in ways that positively benefit users, however, there is
the risk that constraints could be used by designers to guide users towards
negative or self-serving outcomes (“dark patterns”). For example, requiring
a user to press and hold a button or to ‘pump’ a slider to cancel an online
subscription is problematic and unethical, however, these techniques may help
users make fewer impulsive purchases by giving them more time to reflect.
This further necessitates design guidelines that define when constraints are
permitted to be used in non-error-proofing ways.

To mitigate these issues, it may be more appropriate for these constraints to
be self-imposed, by allowing users to opt in to, and customize them as needed.
Prior work suggests that many users are interested in self-imposed limits
(e.g., [43, 93, 94]), however, it is also well-known that people do not deviate
from default settings [82]. Perhaps a more realistic balance is to reify [9] user
interface constraints by presenting them as tools that can be manipulated (i.e.,
instrumental interaction [7]), rather than as settings hidden away in menus.

7.7 final word

Constraints are fundamental to human life and have been an important part
of human-centred design for centuries. But perhaps ironically, we have been
too limited by how we have applied constraints to user interface design, which
has mostly focused on error-proofing. I believe that we can do more with
constraints by putting them at the forefront of user interactions, especially for
fundamental activities like reading and writing.

In this dissertation, we explored constraining when and where interaction
can take place while reading and writing. We proposed constraining where
the viewport can be placed when reading documents; when highlighting
can take place; when prompts can be submitted to a generative AI assistant;
where prompting can take place to read and write notes for a document;
and when written AI margin notes could be finalized. We also designed
and evaluated interaction techniques that use ‘soft’ constraints to give users
more flexibility. Although such restrictions on when and where interaction
could happen were not always successful, they often can be: they can increase
reading comprehension when highlighting text and increase psychological
ownership when writing short stories and when writing notes using LLMs. I
believe that this application of user interface constraints has the potential to
transform reading, writing, and more; and prioritizing constraints in design
can significantly improve how we interact with user interfaces.
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active reading reading a document and engaging with the text, for example,
through annotations. 3, 23, 24, 82, 109

dual process theory a theory claiming that humans have two ways of thinking:
fast and automatic “System 1” thinking, and slow and deliberate
“System 2” thinking. 10, 42, 110

levels of processing theory a theory claiming that humans can remember
information better the deeper it has been processed. 24, 84

nudge encouraging a specific outcome without preventing others. 10, 42, 66

passive reading reading a document without engaging with the text at a
deeper level. 3, 13, 109

psychological ownership feelings of something belonging to someone, re-
gardless of legal ownership. 3, 44, 83, 87

working memory capacity a cognitive system describing the amount of
information humans can process and store simultaneously. 14, 87
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