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In our age of ubiquitous digital displays, adults often read in short, opportunistic interludes. In this context of Interlude Reading, we

consider if manipulating font choice can improve adult readers’ reading outcomes. Our studies normalize font size by human perception

and use hundreds of crowdsourced participants to provide a foundation for understanding which fonts people prefer and which fonts make

them more effective readers. Participants’ reading speeds (measured in WPM) increased by 35% when comparing fastest and slowest

fonts without affecting reading comprehension. High WPM variability across fonts suggests that one font does not fit all. We provide font

recommendations related to higher reading speed and discuss the need for individuation, allowing digital devices to match their readers’

needs in the moment. We provide recommendations from one of the most significant online reading efforts to date. To complement this,

we release our materials and tools with this paper.
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1 INTRODUCTION

We spend more time on our screens now than ever before, trying to consume a rapidly growing amount of information

through digital devices. Reading quickly and comprehending this ever-growing body of information is integral to work,

leisure, social interaction, and personal advancement. The dif�culty of coping with this information overload is well

documented [43]. The ability to “keep up” with the proliferation of personal information streams, such as social media,

and workplace information streams, such as email, is vital. Several studies spanning 10 years show adult readers across

the United States and Europe continue to struggle with reading speed and comprehension [3, 4, 54, 62, 63, 102].

We posit that customizing reading experiences with font choice can lead to signi�cant real-world improvements in digital

tools and applications (e.g., e-readers, web-browsers, and reading applications on phones). Prior research has shown that

tuning the font family, character spacing, and line spacing of text can signi�cantly improve the reading performance of

school children [97]. Early results from the same non-pro�t organization, Readability Matters, show that manipulating

these text formats can increase accurate reading speed among adult readers by 20% or more [30]. Notably, current settings

in e-readers provide options for readers to adjust the font family and size of the text. Motivated by these early but promising

results, in this work we ask:

What gains in reading speed and comprehension are possible by manipulating font choice alone?

To answer this question, we conduct remote readability studies, by recruiting and studying hundreds of paid crowd-

workers aged 18–71, reading in their everyday reading environments. We focus our attention uponInterlude Reading[108],

which we de�ne as an everyday reading context on digital devices where people read a few paragraphs worth of content.

In Interlude Reading, short passages, or subsections of a longer document, are read interleaved with other tasks. Interlude

Reading is a reading context that falls between Glanceable and Long-Form Reading [2, 16, 28, 38, 92, 104].

To systematically compare 16 common fonts, we designed a study to evaluate participants' preference for fonts and

measure reading speed and comprehension. This design is supported by results from our two preliminary studies. Our �rst

study “Accelerating Adult Readers with Typeface: A Study of Individual Preferences and Effectiveness” [107], shows initial

evidence that font preference does not predict effectiveness. In this paper we re-analyze the results from our prior work

to show that the size of a font (measured as x-height, average character height or width) affects preference. This new result

shows a need to control for and normalize font size to better understand individual preferences and effectiveness. Our font

normalization process uses Times at 16px as the reference font1. After selecting the reference font, we computed three new

font sizes per font for the 15 remaining fonts. Each new font size corresponds to matching the reference (Times) in x-height,

average character height, and average character width. We then conducted a perceptual task to derive a crowd-driven size

normalization for each font. Next, using an improved study design featuring this set of normalized fonts, we conducted our

large-scale study on Amazon's Mechanical Turk to evaluate the preference and effectiveness (speed and comprehension)

of our newly normalized fonts.

The results from our remote readability studies focus on reading speed, while we attempt to account for font size,

preference, and familiarity. While our methods sacri�ce internal validity by remotely studying reading behaviors, we hope

to provide applied validity by studying participants' reading behaviors in their everyday environments.

Our results show that no single factor predicts reading speed, and interestingly, preference does not predict speed even

when font size is controlled. Our main takeaway is that different fonts work best for different people. While our results

point to some broad recommendations regarding font choice for older readers, we believe future work is needed to answer

116px is the default font size in Firefox and Chrome.
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Fig. 1. Reading modes can be viewed on a duration continuum, ranging from the well studied domains of Glanceable Reading
(few words, few seconds) to Long Form reading (long documents, minutes to hours). Interlude Reading, as introduced in this paper,
falls between these two reading modes. We de�ne Interlude Reading as the kind of reading that happens in a single brief sitting
(i.e., a few paragraphs worth) or at short opportunistic interludes.

this question in a more controlled environment. By focusing our results on the individual, we see a potential 35% increase

in reading speed (comparing fastest to slowest fonts) while maintaining comprehension. These potential gains are possible

through changing font alone.

These results inform a discussion about the potential for personalizing font choices, which can guide future reading

applications and, more generally, any other text-heavy digital resource. If the right reading tools are made readily available

to all, the cumulative impacts can be signi�cant and widespread. Potential impacts range from improvements to struggling

readers' learning outcomes, more effective ingestion of reading material by college students, and quicker information intake

in high-paced business settings. Our results show potential gains in reading performance can be obtained by reading in

one's personally optimal font, tested with remote crowd-workers using online tests. Further, to help future researchers, we

open-source our web applications and reading materials with this paper2.

2 RELATED WORK

With the rise of remote studies, there is an opportunity to explore, describe, and leverage digital mediums' �exibility

to improve reading experiences outside the traditional lab setting. Reading in short opportunistic interludes occupies a

central role in textual consumption, as the information age increasingly drives individuals to consume more information.

Our work thus focuses on a speci�c type of everyday reading we termInterlude Reading, a common everyday reading

context for adults on digital devices, which falls in a continuum between reading at-a-glance and longform reading (Fig. §1).

Researchers have started exploring this reading mode using remote and in-lab study methods [39, 92, 93, 107]. This section

reviews how digital reading research has evolved over two decades, starting with Boyarski's foundational 1998 paper [21].

We cover relevant work about the effects of font features on reading performance. We end with a discussion of prior work

in the space of font preference, aesthetics, and typography as they relate to reading effectiveness.

2Available at https://github.com/virtual-readability-lab/tochi-paper-materials-towards-individuated-reading
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2.1 Types of Reading

2.1.1 Long-Form Reading. When reading for long periods, the primary task is reading, and all other tasks may be

considered secondary and possible distractions. A common digital device used for long-form reading are e-readers [81].

In this reading mode, evidence for the impact of font choice on reading ef�cacy or experience is less available for primarily

methodological reasons: studies linking typography to performance rely on participants reading short passages of text. Such

efforts can nevertheless shed light on considerations for Interlude Reading. For example, Rudnicky and others showed that

letter size and case were in�uential factors in reading performance [89], a �nding reinforced by Bernard and Mills, and

Chatrangsan and Petrie [13, 28].

2.1.2 Glanceable Reading. In contrast to long-form reading, reading at a glance assumes that the reading activity is

the distraction. In glancing at the text, the reader diverts attention from primary tasks: driving, walking, or social interaction.

As such, in glanceable reading, the goal becomes one of imposing a minimal cost on the crucial non-reading activity by

increasing reading effectiveness. In the domain of glanceable reading, performance differences between fonts are well

documented [37, 38, 83]. The concept of legibility in at-a-glance reading revolves around the ability to collect under-

standing of content under time pressure. In both Western and symbolic Eastern languages, others have demonstrated that

psycho-physical methods could differentiate the utility of individually optimal fonts [37]. Sawyer et al. speci�cally call

out designers' propensity to focus on aesthetic concerns over performance concerns, especially in contexts where safety

is paramount and the cost of failure high, such as in the automotive context [91].

2.1.3 Interlude Reading. We de�ne Interlude Reading to capture opportunistic reading (during short breaks), quick

information gathering, and content consumption through social media platforms. Examples are reading in a single brief

sitting, on public transport, waiting in line, or taking a brief break to browse news, social media, blog posts, or to read

sections of more extensive work. Information gathering of many types can fall under this umbrella. Increasingly, short,

opportunistic interludes occupy a central role in textual consumption, primarily as information overload drives individuals

to consume more information in smaller chunks and interleaved with other activities. Thus, Interlude Reading cannot be

categorized as either glanceable or long-form, requiring separate research attention.

Interlude Reading aligns with easily digestible reading materials (i.e., a few paragraphs worth) and �ts Carver's recom-

mended range of 138–600 words per minute for reading with comprehension [26]. The reading length of a few paragraphs is

also well-suited for shorter remote crowdsourcing tasks deployed on the web. This web-based naturalistic setting sacri�ces

the internal validity of prior in-lab studies [16, 21, 88], in exchange for greater ecological validity. While remote studies

might suffer from reader distractions [98] and uncontrolled variables, such as viewing distance [56] and the physical size

of digital text [120], it is easier to recruit more participants to offset this additional noise. To provide appropriate stimuli

balancing naturalistic and practical considerations, we speci�cally source short passages of leveled reading material from

a reading specialist (Sec. §5.1).

2.2 Past Efforts on Readability

There is a rich history of research exploring typography as a tool to enhance readability and reader ef�cacy. While past

work has individually considered font preference, familiarity, comprehension, and reading speed [6, 7, 9, 14, 16, 17, 19,

21, 79, 88, 113], these factors can be tightly coupled. For the �rst time, our work considers these factors simultaneously,

controlling for some and systematically varying others to address possible confounds.
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Fig. 2. This table is sorted by the number of participants (i.e., column N). It summarizes the main independent and dependent
variables from related reading studies. The dependent variables correspond to the following evaluation metrics, which appear
consecutively in the table in abbreviated form: speed, comprehension, preference, familiarity, accuracy, and eye movements. All
checked columns indicate the use of the variable in the listed study; however, note that implementations vary between studies.
*Our present work is the �rst to control for size per font based on participant perception. Therefore we have a unique normalized
size per font which we compare to the original font size (hence two sizes tested per font).

Conducting readability studies is dif�cult given the number of factors that need to be considered simultaneously. This

is compounded by the evolving diversity of devices, screen sizes and resolutions, and available fonts. For example, research

from the early 2000s often studied font sizes ranging from 10–14 points. Rendering fonts at 14 points on a mobile device

today would produce a different visual font size compared to a monitor from the early 2000s. The fonts we commonly read in

on the web have changed as well. For example, based on Google Font Analytics, Roboto and Open Sans account for 51% of

total font views today; and Lato, Montserrat, and Oswald account for another 11%. This evolving set of constraints presents

a need to explore new remote methods to study readability across a variety of devices and contexts using modern fonts.

Our work derives its design from prior in-lab studies [16, 19, 21] to develop novel approaches for collecting data remotely

to help discern subtle effects, which in some cases af�rm and, in others, refute prior results. In what follows we include

a detailed comparison of our work with prior studies, summarized in Fig. §2.

2.2.1 Comparing Individual Studies on Readability. We recognize the efforts of many past researchers covering similar

areas as our work. It is essential to acknowledge the similarities and differences chronologically so future work can build

on these combined efforts as readability research continues to change in response to innovations.

Many early studies from the Human-Computer Interaction community laid the groundwork for the methodologies in

subsequent studies. They provided initial evidence of the relationships between font size, preference, and effectiveness,

while relying on smaller numbers of fonts and participants. Boyarski et al. [21] studied 4 fonts (Georgia, Verdana, Verdana

Italic, and Times Roman) in a lab setting. They recruited 48 University participants to study reading speed, comprehension,

and preference. They found anti-aliasing did not decrease the preference for a font, at least for the 10 point size they tested.

Compared to recent studies, 10 point size is not commonly studied because monitors have changed in size and physical

capabilities, thus making the visual size of 10 point size text appear smaller than it used to.
Manuscript submitted to ACM
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Bernard et al. ran four studies building on Boyarski's work by expanding the sizes and fonts studied [13–16]. Bernard

et al. [13] studied the effects of font type and size on the reading time and comprehension by older adults aged 62 to 83 in a

lab setting. They recruited 27 participants to compare Times New Roman, Arial, Georgia, and Verdana in two different sizes

per font by reading aloud. Comparing font sizes 12 and 14 points, they found that participants preferred larger fonts. In a

follow-up study, Bernard et al. [14] recruited 60 participants to read text out load to measure reading speed, preference, and

errors. Participants read in eight fonts (Century Schoolbook (Schoolbook), Courier New (Courier), Georgia, Times New

Roman, Arial, Comic Sans MS, Tahoma, Verdana) in three sizes (10, 12, and 14 points). They found fonts at 10 point size

were read signi�cantly slower than fonts at 12 point size. In a subsequent study, Bernard et al. [16] recruited 40 participants

in a lab setting to compare reading speed and preference for Arial and Times at 12 and 14 point sizes. Their results show

that font size affects preference. Our work builds on this previous research by using fonts normalized by human perception

of size to help uncover additional relationships between preference and font attributes.

Prior work has studied an ever-increasing set of font sizes, primarily on desktop computer monitors. With the advent of

smaller screens on mobile devices, Darroch et al. [31] investigated the effect of font sizes ranging from 2 to 16 points on hand-

held computers in a lab setting where participants read silently. They recruited 24 participants (12 old and 12 young) to com-

pare reading speed and self-reported preference. Their results indicated that neither age nor preference affected reading speed.

As eye trackers grew in popularity and became more widely available, several researchers seized this opportunity to

enhance readability research validity. Beymer and Russel [18] developed WebGazeAnalyzer, to monitor reading perfor-

mance using an eye tracker to record �xation duration. Building on this idea of studying readability in a lab setting using

eye tracking, Beymer et al. [17] recruited 82 participants to compare readability and comprehension with Helvetica and

Georgia in sizes 10, 12, and 14 points. They found that for smaller font sizes, �xation durations were signi�cantly longer.

While this resulted in slower reading, the results were not statistically signi�cant. This work with eye trackers in lab settings

con�icts with similar prior results stating that font affects reading speed [16]. While eye trackers add internal validity to

in lab readability studies, accurately tracking eyes remotely is presently impractical. However, this may well change in

the future by combining research that controls for head position and tracks eye movements, making eyetracking research

possible without dedicated hardware [56, 68, 74].

Studies have remained split on the relationships between font size, preference, and reading speed. For example, Bhatia

et al. [19] studied the effect of font sizes (10, 12, and 14), italics, and color on readability and likeability within a group

of 180 undergraduate students in a lab setting. They found participants performed better on pages with no italics and

high italics compared to moderate italics. Contrary to prior work, their survey results showed font size has no statistically

signi�cant effect on participants' rating of likeability. In contrast, Banerjee et al. [6] found participants read signi�cantly

faster and preferred the largest font size in their study, 14 point. They compared subjective preference and reading speed

and comprehension in a lab setting with 40 young Indian adults. They read aloud in six different fonts (Times New Roman,

Verdana, Georgia, Arial, Courier, and New Tahoma) in sizes 10, 12, and 14 points.

With time, the amount and type of text content consumed on digital devices has increased. Researchers began to inves-

tigate the effect of font familiarity. Beier and Larson [9] studied the relationships between font familiarity, reading speed,

and preference. They recruited 60 participants from a University, aged 20-52 (avg. 28), in a lab setting. Our measures for

font familiarity resemble their condition of studying a participant's familiarity with common letter shapes.

As the variety of devices grew and the size of screens grew larger, Rello et al. [88] argued that much previous work is

outdated due to early studies using font sizes 14px and below and participants reading aloud. Their study, conducted in a lab

using eye trackers, proved that font size matters and that the technology underpinning readability research has fundamentally
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altered how we study it. Their study proposes that future research should focus on a wider range of fonts using sizes above

14px. Our study covers 16 fonts with each of their sizes perceptually normalized to Times at a base size of 16px.

Building on Rello et al.'s work, recent research has studied larger font sizes in various languages in lab environments.

Wang et al. [111] studied reading speed, comprehension, and subjective preference using Chinese texts in a lab setting. They

recruited 91 participants with an average age of 24 years, to complete their studies on mobile devices. They considered four

typographic variables: font size (11, 14, 17, 21, 26 points), line spacing, paragraph spacing, and page margin. Notably, they

created models of touch interactions to predict reader satisfaction with typography designs. In their conclusion, they call for

individuated or personalized reading experiences. Chatrangsan and Petrie [28] studied the relationship between font family

and size on reading speed, comprehension, and preference while skim-reading on tablet computers in a lab setting. They

recruited 90 younger and older participants in Thailand and the UK to read in Thai and English, respectively. They compared

3 font sizes (14, 16, and 18 point) in 4 fonts across both groups - UK: Times New Roman and Arial; Thailand: serif (TH

sarabun) and sans-serif typeface (Kanit). Participants picked their most preferred font among 6 possible combinations.

They found that reading speed and comprehension signi�cantly improved at size 18 point in both countries. While our work

studies fonts in the English language, we hope our methods can be replicated and extended in other languages.

2.2.2 Deriving Font Preference and Controlling Font Size to Study Effectiveness. While some fonts are more appro-

priate for headers, body text, or even stylistic headlines, the effectiveness and preference of a font can be subjective [65].

How then can people select their most preferred font among a growing number of possibilities? O'Donovan et al. identi�ed

the dif�culty modern graphic designers face selecting their preferred font from many fonts [72].

To derive someone's de�nitive ranking for preference, researchers in the HCI Community often use pairwise compar-

isons [46, 75, 80, 119]. Our approach to �nding a participant's preferred fonts builds on the ideas from Boyarski et al. [21]

and Wallace et al. [107] by using a toggle test on a single screen to de�nitively rank a participant's font preferences for

body text. Our current work includes one fundamental difference from the past work discussed–our preference test controls

for perceived font size. Past work has shown font size and preference are interdependent [14, 17]. Some fonts have been

designed speci�cally to appear larger than others when rendered at the same size, to give them an advantage. For example,

typographers have intentionally manipulated font attributes, such as x-height, in the case of Georgia, to give it a larger

perceived size compared to traditional fonts [21]. Prior studies do not control for font size based on human perception and

instead compare fonts in the same �xed pixel size per condition [16, 19, 88, 107]. By controlling font size based on human

perception, our tests decouple font size from our results.

2.2.3 Controlling for Font Aesthetics and Reading Environments. Prior work has identi�ed font as a straightforward

tool to optimize reading performance [2, 103]. As aforementioned, font choice can help mediate reading ability in both

at-a-glance and long-form reading [13, 28, 37, 93].

There are differences in font attributes across individual fonts that we consider but do not control for. For example,

Burmistrov et al. show that light and ultra-light fonts also induce higher cognitive load [24]. While we do not control for this,

our work studies fonts with thinner stroke widths such as Montserrat and Avant-Garde that readability experts recommend

for reading body text [29]. To provide a generally safe line spacing to control for variations in the length of ascenders and

descenders per font [20], we use a �xed-line spacing of 1.5. This decision follows the recommendations of Paterson and

Tinker [76] and Rello et al. [87, 88] to ensure consistent readability and comprehension given a variety of fonts. Our results

point to future work to study the individuated differences for other design choices such as character and word spacing.

In non-lab settings, participants read with the device they have in-hand, thus posing potential validity issues when studying

readers in their natural reading environments. Duchnicky and Kolers [40] investigated the effect of display size on reading
Manuscript submitted to ACM



8 Wallace et al.

Fig. 3. The 16 fonts used in our studies chosen from 4 categories: PDF, Newsprint, Web, and Readability. The goal was to select a
group of 16 fonts that cover common use cases and are frequently encountered by potential participants. The Samples column contains
“Rewashington” rendered in each font, for additional visual comparison. Please see Appendix §A for the �lenames used for each font.

scrolling text and reported little to be gained by increasing display size to more than four lines either in terms of reading speed

or comprehension. Resiel and Shneiderman [85] con�rm their �ndings, showing comprehension rates on smaller screens

are generally equivalent to their larger counterparts. While participants in our study use different displays, the interface size

is �xed to control any extenuating factors that might affect reading speed, comprehension, and preference. However, future

work in remote readability should evaluate how to control the visual size of fonts and screen viewing distance [56, 120].

3 STUDY MATERIALS

This section discusses how we selected the fonts and designed the web interfaces to enable our remote reading studies.

3.1 Selection of Fonts

There are over 750,000 digital fonts and counting [99]. Our study aimed to capture popular fonts across various media and

periods ranging from print to digital. The sixteen fonts (Fig. §3) used in our studies [107] were based on the following criteria:
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Four PDF Fonts:We selected four of the most common fonts used for (digital) documents3. PDFs are a common medium

that contain a vast amount of text that people read in digital environments. Times and Arial are not only common PDF fonts;

they have been frequently studied in prior work [16, 88]. Readers are more likely familiar with fonts selected from this

category, and familiarity is one factor posited to affect preference and reading speed [7].

Four Newsprint Fonts:We selected four of the most popular fonts from newspapers and print media [33, 59]. If fonts

originally designed for newspapers and other print media do not compare favorably with fonts designed for digital screens,

future researchers studying readability on digital devices can leave out these fonts (see Sec. §7.3). Even within this group,

Helvetica is a common font used across devices and software. While it was originally designed in 1961, it has since been

redesigned for screens.

Four Web Fonts:We selected four of the most common fonts used on websites4. Based on Google Fonts Analytics, Roboto

and Open Sans have accounted for more than 50% of all views. While Oswald is commonly used for titles and headers,

it has unique attributes among our selected fonts, including tight character spacing and particularly thick stroke width.

Four Readability Fonts:We selected four fonts recommended by readability experts [29, 96] not otherwise covered by

the other categories. Field studies conducted by these readability experts show these fonts have led to reading speed gains

in children. Also, these fonts possess attributes thought to increase readability, such as larger x-heights than most fonts.

In particular, Noto Sans was speci�cally designed to be readable on small screens.

Of these fonts, we selected Times as a baseline to study perceived sizes in fonts and reading speed and comprehen-

sion. Times is one of the most common fonts both on screen and in printed text, and appears in many other reading

studies [6, 16, 21, 28]. We also chose Noto Sans as a baseline to compare reading speed and comprehension because it was

the best performing font in our previous study [107].

3.1.1 Typographic Considerations. Every font contains many attributes in its unique anatomy, and the present study

does not attempt to tease apart effects of individual attributes. Instead, we selected 16 fonts with diverse font attributes that

are commonly available across platforms. While there are notable omissions, including monospaced fonts, we believe this

current list covers several unique categories and classi�cations.

Prior work has studied serif vs. sans-serif fonts in-depth [14, 17]. Our font selection has 3 serif and 13 sans-serif fonts

across different classi�cations. We include various fonts classi�ed as sans-serif: 3 Neo-Grotesque, 3 Geometric, 3 Humanist,

3 Gothic, and 1 Modern; our serif fonts include: 2 Old Style and 1 Transitional. Future work on serif vs. sans-serif fonts

can focus on fonts from the same family, such as Source Sans Pro, Source Serif Pro, and Source Code Pro.

All of our study fonts have regular character width, while Oswald and Franklin Gothic are condensed. We also have

speci�c pairs of fonts that share similar design histories and attributes. Arial and Helvetica have similar metrics and anatomy,

such as x-height, ascenders, and descenders. Open Sans is a general use font derived from Noto Sans. Typographers designed

Noto Sans for the small screens on Android devices. Poynter Gothic and Franklin Gothic share a similar origin but are

different widths. Four of our fonts (Arial, Helvetica, Avenir Next, and Times) are likely to be very familiar to readers since

they are pre-installed in macOS and Windows/Of�ce. Also, 5 fonts have hinting (i.e., are engineered for reading on screens

with low resolutions): Arial, Helvetica, Calibri, Noto Sans, and Times.

Half of the study's fonts have anatomical features that have been associated with improved readability, such as generous

x-height, open apertures, low contrast, wider forms, and short ascenders: Calibri, Noto Sans, Open Sans, Lato, Utopia,

Montserrat, Arial, and Helvetica. Our other study fonts that do not cover these readability features provide a variety of other

3Found by analyzing a corpus of 2302 PDF documents. While we used an internal Adobe corpus, the documents themselves were curated from freely available
documents on the web, without topic constraints, so the conclusions should generalize to other general document collections.
4https://fonts.google.com/analytics [Accessed August 2019]
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font anatomies and attributes previously discussed in this section. We provide our large crowdsourced dataset covering

these different fonts to help other researchers expand on our results5.

3.2 Web Interfaces to Study Readability

We conducted our studies remotely using custom made web interfaces and recruited paid crowdworkers from Amazon

Mechanical Turk. In this remote study environment, participants read in their natural environments, using their own devices.

While this increases the applied validity of our results, it may generate additional noise. While crowdworkers may provide

different data than participants in a laboratory setting, we believe the large number of participants we can recruit remotely

compensates for individual noise. The following sections discuss how our web interfaces and methods control various

factors to increase internal validity.

3.2.1 Measuring Font Preference. To measure font preference, we developed a font toggle test that determines a

participant's favorite font through a double-elimination tournament [107]. Participants toggle between pairs of fonts and

then choose their preferred font of the pair, using the prompt: “What font is easier for you to read in?" (Fig. §4). This prompt

was chosen because our focus is speci�cally on �nding fonts participants prefer to read with, rather than fonts they prefer

in general.

Our toggle test is a simple and ef�cient method for assessment, motivated by other common pairwise comparison tasks,

such as eye exams and hearing aid adjustments [71]. To evaluate this approach, we ran a pilot study on UserTesting.com

where participants used the think aloud method as they selected which font they preferred to read in. Notably, when

participants saw two similar fonts, such as Open Sans and Noto Sans, they took longer to decide but ultimately selected

the font they felt caused “less eye-strain.”

3.2.2 Measuring Font Effectiveness. To measure font effectiveness, we had participants read passages in different fonts

while their reading speeds and answers to multiple-choice comprehension questions were recorded. The Interlude Reading

setting was particularly suitable for our web-based studies. Having short, paragraph-length texts on different topics allowed

participants to remain engaged and on-task. Participants were given the following instructions:

“During the reading sections, please read as quickly as you can, without reading out-loud or re-reading. However, be

prepared to answer comprehension questions about the reading."

Reading speed is measured by starting a timer when text is rendered on the screen. When the participant selects the button

to proceed, the timer is stopped. The proceed button is disabled for the �rst 2 seconds after the new text is rendered on

the screen to prevent accidental clicks. Several research efforts have previously demonstrated the successful collection of

behavior data and response times in a web browser using JavaScript [34, 84]. Also, several studies have agreed that online

response times collected in web browsers are reliable within the range of tens of milliseconds [35, 95].

3.2.3 Interface Considerations. To add more control to our studies, the interfaces did not allow participants to alter the

font size, text box width, or the browser's zoom level. We constrained the font sizes and text box width to �xed pixel sizes.

These �xed interface dimensions help control scrolling behavior [64]. Participants across all studies performed the activities

in their everyday environments instead of a lab setting. All participants reported their environments being adequately lit

rooms. Scaltritti et al. found lighting within a natural range of values exert a limited in�uence on reading and legibility [94].

Because our study was run remotely and manipulated text using CSS, we could not control for anti-aliasing. However, our

5Available at https://github.com/virtual-readability-lab/tochi-paper-materials-towards-individuated-reading
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Fig. 4. Font preference toggle test: A participant toggles between pairs of fonts to decide which one is easier to read in. The interface
is a �xed width of 420px regardless of the device. All text is rendered with a line spacing of 1.5. Custom JavaScript is used to ensure
participants cannot modify the size of the interface or text. This toggle test is done repeatedly within a double-elimination tournament
over pairs of fonts to determine a participant's preferred font. A participant toggles the font family used to display the sample text,
then they stop on the font of the pair they prefer and click to indicate their preference, before moving on to the next pair of fonts.

metrics evaluate how individual experiences differ across fonts, font size, and reading speed. These evaluation metrics

fundamentally differ from other lab studies that focus on the results as a whole [16, 88]. Our work provides approaches

for conducting remote readability at scale.

3.2.4 Incentives for Paid Crowdworkers. Since our study was run remotely with paid crowdworkers, we could not

observe their reading behavior with the same scrutiny as in a lab setting. However, our study methods and recruitment of paid

crowdworkers provide incentives that contribute to the validity of our results. Payment for a task can extrinsically motivate

crowdworkers [50]. Crowdworkers are also extrinsically motivated by the prospect of future payments. For example, if a

crowdworker produces low-quality work, this can result in a rejection. This scenario decreases their approval rate resulting

in fewer paid opportunities in the future [58]. To ensure our participants had prior experience performing remote tasks, our

studies recruited crowdworkers with approval ratings of greater than or equal to 99%, and they must have completed at least

100 tasks on Amazon's Mechanical Turk. Also, paid crowdworkers may be intrinsically motivated to participate in tasks

they are interested in [66, 67]. Paid crowdworkers might also be motivated to perform the task honestly because they are
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provided personal insights about their reading speed and preference in different fonts at the end of the study: (i) Their most

preferred font, and their reading speed, measured in words-per-minute; (ii) Their fastest font, and their reading speed in it;

(iii) An interesting fact about their most preferred font. Providing personal insights to help participants improve and evaluate

themselves has proven to be an important intrinsic motivator in other studies [32, 84]. Further, because of the combination

of 1) splitting texts into short paragraphs across multiple screens, 2) disabling the proceed button for the �rst few seconds

of every screen, and 3) providing multiple-choice comprehension questions and surveys after every passage, participants

were incentivized to complete the readings rather than just click through them. Given that our reading tasks require only

a few minutes of concentration at a time, Interlude Reading is particularly well suited to study with crowdsourced research.

4 PRELIMINARY INVESTIGATIONS OF FONT SIZE AND PREFERENCE

Motivated by prior work showing that font size can affect readability, this section contains a re-analysis of data from our

prior study [107], investigating the effects of perceived font size on preference. To control for these confounding effects

of font size, we present a crowdsourced approach for normalizing font size that we then apply to the fonts in our main study

on reading effectiveness (Sec. §5).

4.1 Additional Related Work on Font Size

Rello et al. call for future work to address the need to control for the “real size” of letters in a given font [88]. Rudnicky et al.

discussed how readers process text through a normalization process to account for font size discrepancies [89]. This inherent

normalization process can contribute to differences in reading speed between fonts. There is an example of prior work normal-

izing the height of characters to study character legibility from Chinese typefaces [121]. Our work focuses on fonts commonly

used for the English language. These insights and examples from prior work motivate the need to normalize font sizes.

Not all fonts are created equal in terms of anatomies and attributes that affect the perceived size. Prior work has discussed

how x-height can increase legibility [79, 113]. In fact, Georgia was designed to have a larger x-height compared to similar

fonts to give a perceived advantage over Times [21]. At the same time, Times is designed to �t more words on a single page.

We provide starting points for normalizing font sizes below.

4.2 Methods to Normalize Font Size

Our font normalization method uses images of glyphs from a given font, instead of relying on the font's OS/2 tables6. Recent

work similarly analyzes images of glyphs instead of OS/2 tables to extract font size features [78].

To begin the font normalization process, we use Times at 16px as our reference font. We chose 16px because it is the

default font size in modern browsers, such as Firefox and Chrome. After selecting the reference font, we computed three

new font sizes per font for the 15 remaining fonts. Each new font size corresponds to matching the reference (Times) in

x-height, height, andwidth (Fig. §5). The paragraphs below describe each normalization method in detail.

The normalization method forx-height is the simplest of the three methods. We adjust the font size of the target font

until its x-height matches that of the reference font. To compute the x-height value of a given font we rasterize the glyph

for the lowercase letter x at a given font-size. The height of this raster bitmap is known as the x-height for that font. The

x-height for reference (source) font at a particular font-size isFs, termedsourceXHeight, and the target font's x-height,

targetXHeight. Then, we compute a� as (sourceXHeight/ targetXHeight). Finally, we compute the target font's new font

sizeNewFs so it matches the reference font in x-height:NewFs = Fs� � .

6https://docs.microsoft.com/en-us/typography/opentype/spec/os2
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Fig. 5. Text can be normalized by matching its x-height (X), height (H), or width (W) to a reference font. In our study, Times at
size 16px was used as the reference font when normalizing other font sizes. Here the text “Rewashington” is rendered in Oswald
and normalized to match Times in size for each normalization method and at the default size of 16px (M = match size). Notably,
Oswald has a much larger x-height and height than Times, resulting in a smaller adjusted size when matching according to these
characteristics. Larger heights are common among many modern fonts designed for screens.

The computation for the average bounding boxwidth of a font requires more steps. To begin, each character of a given

font has a different width, known as the advanced-width of a glyph. Instead of relying on the width of a single character

of a glyph, we compute a width of a string of Latin Characters (i.e., ABC...Zabc...z012...9). We compute each glyph's

advanced-width from the string and add each advanced-width to get the string's resultant overall width (Appendix §B,

Algorithm §1). Using this algorithm, we compute the resultant width for both the target and source fonts. Finally, to compute

the target font's normalized font size to match the width of the source font at 16px we compute the� for width and then

multiply it by 16px (Appendix §B, Algorithm §2).

The algorithm to compute theheight of a given font is similar to computing the width. We do not rely on a single glyph's

height, and instead, we use the same string of Latin Characters as above and compute each glyph's tight bounding box at a

particular font size (e.g., 16px). Then we compute the minimum and maximum points of all bounding boxes. Such minimum

and maximum bounding box points will provide a resultant height of the overall font. We compute the resultant height for both

the target and source fonts (Appendix §B, Algorithm §3). Finally, to compute the target font's normalized font size to match

the height of the source font at 16px we compute the� for height and then multiply it by 16px (Appendix §B, Algorithm §4).

4.3 New Findings on Font Size and Preference from our Prior Remote Readability Study

While prior work has compared �xed font sizes to each other [16, 88], we recognize that participants may perceive two fonts

to be different sizes even when rendered at the same �xed size. We discovered this by re-analyzing our data from our prior

published work “Accelerating Adult Readers with Typeface: A Study of Individual Preferences and Effectiveness” [107].

The following text features new results not previously published in our prior work [107], showing that font size in�uenced
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font preference during our pairwise comparison test. These new results motivate our new studies and study design changes

in the current paper.

We conducted our prior Interlude Reading study remotely with 63 participants recruited from university mailing lists,

UserTesting.com, and Amazon's Mechanical Turk. All fonts were rendered at size 16px similar to other research [112].

To measure whether perceptual font sizes affect reader font preferences, we �rst computed each font'sx-height, average

characterwidth , and average characterheight using our methods described in Section §4.2. Using prior data collected from

the font preference pairwise comparison test, we measured whether the winning font (i.e., the font the participant preferred)

had the largerx-height, width, andheight. We ran two-tailed t-tests of unequal variance. When considering which font

had the largerx-height, the winning font was larger 52% of the time (t(6012) = 3.7,p < 0.01), for average characterwidth,

the winning font was larger 56% of the time (t(6012) = 9.7,p < 0.01), and for average characterheight, the winning font

was larger 53% of the time (t(6012) = 4.1,p < 0.01). While font size proved signi�cant, the relatively small difference in

mean win rate per pairwise comparison indicates size was not the only factor driving font preference. We also consider

qualitative feedback that participants had provided about what made them prefer speci�c fonts over others:

P3: “I changed my mind multiple times while toggling. I think I prefer serif fonts for reading but prefer the look of sans-serif fonts.”

P6: “I liked bolder and bigger fonts. The fonts had to be linear and not curvy”

P11: “I looked at the size of the fonts”

P13: “It was larger, easier to read, and interestingly modern”

P14: “larger fonts and good kerning and bold”

P18: “I like different fonts based on what I am reading/writing, therefore I would choose the font based on the text and the size”

P22: “I like the slightly bolder and slightly larger letters. these two things combined make the letters jump out of the screen better.”

P23: “I think that spacing between the characters, words, and lines of text and the weight of the texts (bold vs. not) was a huge

indicator for me in terms of legibility and familiarity. Things I was familiar with seemed easier to read at times if they were a

previously preferred font for reading. Size did not necessarily matter as much as spacing.”

P26: “Clear and large. I wear glasses and have neck strain so like large fonts.”

P42: “I thought my preferences were going back and forth depending on if I wanted bigger or darker text in the moment”

P43: “Its easy to read, has a good boldness to it, and isn't too cluttered.”

P45: “font height seemed to make more readable, to a point, as did thickness”

P51: “During the font (toggle) test, I found that I preferred fonts which were wider and more spaced out over fonts which were

narrower and spaced close together. Therefore, if I found myself able to read faster over a sample text (without having to re-read

it), I knew that this would be my preferred text amongst each set of pairings.”

P54: “It's a larger font that isn't too dark.”

While this qualitative feedback provides general evidence that font preference is in�uenced by size, it also hints at the

possibility of character spacing, stroke width, and several other font attributes. In our preliminary study [107], the two

fonts that achieved the highest reading speed were EB Garamond and Oswald. EB Garamond has the smallest x-height

and Oswald has the second smallest width across all fonts in our study. This might be explained by the fact that smaller fonts

lead to a reduced reading span, which limit the magnitude of eye movements required between words and across lines [82].

These �ndings suggest a need to normalize font size to help systematically compare the preference and effectiveness of

different fonts by reducing the possible confounds of perceived font size.

4.4 Perceptual Font Size Normalization Study

We designed a perceptual study to correct for how the average participant perceives size differences of fonts. While prior

work proposes to normalize font sizes according to a particular attribute (e.g., x-height [14, 21]), we take a crowdsourced
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approach to �nding the attribute, per font, that perceptually normalizes its size the best among four possibilities: matched

(original size 16px), x-height, height, or width, using Times at 16px as a reference.

Fig. 6. To normalize font size, crowdworkers see a control (reference) font in one panel and a target font in the other. They can toggle
between 4 different target font settings, which corresponds to adjusting the font size to match the reference in x-height, width, height,
and original size (16px). The settings are shuf�ed per participant. In this �gure, Times is on the left, and Montserrat is on the right.
Differences in effective font size become especially apparent when the same piece of text is rendered in two different fonts side by side.

4.4.1 Study Design. Participants completed a perception study to select the best normalization method for each of our

16 study fonts and 4 tutorial fonts – used for practice sessions to familiarize participants with our study (Georgia, Verdana,

Raleway, and Comic Sans). Our interface presented participants with two screens side-by-side, with the same piece of

text rendered in two different fonts (Fig. §6). One of the screens always contained the reference font (Times), and the other

screen contained a target font. Participants could click to toggle between four possible settings of the target font, one of

which was the original font setting, and the rest corresponded to normalizing the font by x-height, height, or width. The four

settings were shuf�ed per font, per participant. After toggling through all the settings, a participant would click to select

the setting most similar in size to the reference. Participants could also swap the reference and target fonts, which facilitated

quickly toggling back and forth between the fonts. There was also an option to change the underlying text passage.

We recruited 61 participants: 23 via university mailing lists, 18 professionals ranging from designers to engineers, and

20 crowdworkers from Amazon's Mechanical Turk. We did not collect demographic information for this study. Participants

took, on average, less than 5 minutes to complete this study. The participants from university mailing lists and the profes-

sionals were provided a $5 Amazon Gift Card for completing the study. The university mailing lists consist of undergraduate
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Fig. 7. When rendered at the same font size (`match size'), different fonts can have different perceived sizes. Depending on the
criteria used to normalize font size (matching the x-height, width, or height of a reference font), the adjusted font size can vary
drastically. Matching the height to the reference font was the most common normalization method chosen by crowdworkers. However,
the assumption that a single criterion can normalize all fonts proves sub-optimal. We choose the optimal normalization strategy on a
font-by-font basis, as determined by a population of crowdworkers. For instance, Oswald was left at its original 16px size, Montserrat
was matched to Times by x-height, EB Garamond by width, and Avenir Next by height. Using these features to normalize the font
sizes resulted in the �nal adjusted sizes indicated at the bottom of the �gure, which perceptually are closer in size to Times at 16px.

and graduate students and faculty interested in Human-Computer Interaction, Computer Vision, and design. We recruited

the professionals from an industry typography interest group, where it is common for researchers and practitioners to

recruit participants for studies. The crowdworkers from Amazon's Mechanical Turk were paid $0.50 for their participation,

matching the compensation used in similar tasks.

4.4.2 Results. The base font sizes for different fonts vary signi�cantly (Fig. §7). For instance, EB Garamond is a smaller

font, while Montserrat is naturally quite large. Comparing blocks of text rather than individual words demonstrates how the

size difference gets ampli�ed (Fig. §6). Previous papers that have mentioned the need to account for a font's perceived size

have indicated that x-height should be the criteria used [14, 21]. However, our study results go against this common wisdom

and show that the preferred way to normalize a font actually depends on the font itself. Fig. §8 shows the normalization factor

that a majority of participants picked per font. In most cases, height was the most frequently-picked criterion. However, it is

not always the best. In some cases, the differences between the best normalization factor for a font and another normalization

factor can be quite large (Fig. §7). Rather than choose a single normalization strategy for all the fonts, we selected the most

frequently chosen normalization strategy on a font-by-font basis, as determined by the crowd. This resulted in the �nal

normalized font sizes plotted in Fig. §8. Despite some of the fonts being reduced in size from 16px, their �nal sizes are

still above the recommended minimum font size for reading on a digital device [64].

Takeaways:There is not a single effective way to normalize a font's size. Normalization strategies depend on the font.

Also, contrary to prior work, x-height is not always the best measure to use for size normalization [21, 79, 113]. Our

normalization strategy is font-dependent and perceptually-motivated. We suggest that future work use this method to

explore the impact of font upon reading performance. We used the individually normalized fonts for our main study on

reading effectiveness, described next.
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Fig. 8. Crowdworkers voted on which of three font size normalization methods (X = x-height, W = width, H = height) or original
matched size (M) best matched the perceived size of Times at 16px. The chosen normalization method per font, according to majority
vote, is listed under the column `optimal adjustment'. The resultant change in px size per font from the chosen normalization method
is listed under the column `font size px difference', with the �nal `adjusted size' in the leftmost column. The `adjusted' and `un-adjusted'
(original 16px) sizes can be visually compared for each font, which was used to render the same string `Rewashington` to make
the size differences more salient.

4.5 New Remote Readability Study Design Considerations

Our prior study [107] validated the interfaces, methods, and manipulation checks that we adopt in the main study in this paper.

In summary, our new �ndings result in three major changes from our previous remote readability study design [107]: 1) All

font sizes are normalized based on the results of our perceptual font size normalization study (Section§4.4). 2) The preference

test is a single double-elimination tournament instead of �ve smaller ones, to reduce the overall study duration. 3) Participants

read in their most preferred font, Times, Noto Sans, and two random fonts. This provides the opportunity for every participant

to read in their most preferred font, our prior work's most preferred and effective font Noto Sans, and the control font, Times.

5 METHODS: MAIN STUDY ON READING EFFECTIVENESS

The motivation of the present study was to determine what gains in reading effectiveness are possible by manipulating

font choice alone, after controlling for perceived font size. To answer this question, we ran experiments on hundreds of

participants on Amazon's Mechanical Turk, assembling one of the largest datasets of reader behavior relative to font.
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