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ABSTRACT  

In-vehicle user interfaces increasingly rely on digital text to
display information to the driver. Led by Apple’s iOS, thin,
lightweight typography has become increasingly popular in
cutting-edge HMI designs. The legibility trade-offs of
lightweight typography are sparsely studied, particularly in
the glance-like reading scenarios necessitated by driving.
Previous research has shown that even relatively subtle
differences in the design of the on-screen typeface can
influence to-device glance time in a measurable and
meaningful way. Here we investigate the relative legibility
of four different weights (line thicknesses) of type under
two different rendering systems (suboptimal rendering and
optimal rendering). Results indicate that under suboptimal
rendering, the lightest weight typeface renders poorly and is
associated with markedly degraded legibility. Under
optimal rendering, lighter weight typefaces show enhanced
legibility compared to heavier typefaces. The reasons for
this pattern of results, and its implications for design
considerations in modern HMIs, are discussed.
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INTRODUCTION  

As technological advances in mobile computing have been
brought inside the vehicle, the complexity of in-vehicle
interfaces has increased dramatically. Most new in-vehicle
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HMIs present a variety of textual information on digital
displays, from live weather reports to integrated navigation
systems. Static hardware buttons and simple gauges have
gradually given way to larger in-vehicle screens (often
touch controlled) that can accommodate the growing
number of data streams that a driver might access.
These types of displays come with new design challenges.
One must consider that as these displays become everricher sources of information, the driver’s attention may be
pulled toward the device with increasing frequency and/or
duration, instead of the road. Therefore, any aspect of the
interface’s design that can be optimized to reduce visual
demands, such as minimizing off-road glance time, can free
attentional resources to devote to the roadway, a critical
aspect of safe driving [30].
Previous research has shown that even something as subtle
as the choice of typeface used for the in-vehicle display can
significantly impact off-road glance time and task
completion time [27]. That study compared two similar
sans-serif typefaces: a humanist style typeface, and a square
grotesque. In a fully simulated driving environment, drivers
spent less time glancing at an in-vehicle display set in a
humanist style typeface as compared to a square grotesque
typeface, particularly among males. The differences
governing the design of these typefaces, relatively subtle
outside the world of typography, nevertheless had a
significant impact on driver behavior. Follow-up research
based on traditional psychophysical techniques that
emulated glance-like reading behavior found similar
differences between these same typefaces [7], as well as
dramatic effects of font size on legibility thresholds.
Recent design trends have popularized the use of extremely
lightweight fonts, perhaps most prominently in recent
versions of Apple’s iOS operating system. The effect of
stroke weight (line thickness) on the usability and aesthetics
of modern software is much debated in the popular press
[16], but empirical research on the matter is sparse.
The earliest studies on the effects of font weight on text
legibility indicated a kind of “goldilocks” relationship, with
medium weight fonts demonstrating superior legibility
compared to lightweight or bold ones [2,10,14,15], a
finding supported by much later work [1]. However, some
studies show a more linear relationship between legibility

and font weight [8]. The effect of increasing line weight on
the clarity of letters and/or numerals tended to be subtle; an
early study by Hughes demonstrated that increased
character boldness significantly affected the accurate
identification of some numerals, but not others [9].
Research conducted on digital displays showed an
advantage for heavier weight fonts, and that this advantage
was more pronounced on LCD screens compared to CRT
[29,31]. As in earlier research, a “goldilocks” relationship is
apparent in contemporary assessments of font weight [3],
with most of the relationship evident in a performance
decrement for lighter-weight fonts.
Several of the more recent findings in this area raise a
question as to whether font weight exerts its effects because
of interactions with the pixel grid. The primary task of
modern text rendering systems is to translate a glyph—a
mathematically defined set of curves representing a
character—into a bitmap that can be rendered on a finite
pixel grid. Recent research suggests that this function does
not proceed equally well for all fonts [7]. A recent study in
Chinese found that font weight made a significant
difference in legibility only for characters of higher visual
complexity (i.e., more strokes), which may be tied to
rendering limitations on the pixel grid [13]. A similar effect
has been reported in another study on Chinese text legibility
[6], and is implicated in some studies on font weight
conducted in English [29,31].
Over the years, researchers have assessed legibility with a
variety of techniques, including blink rate [14,15], optimal
reading distance and/or text size assessment [1,810,28,29,31], and reading speed [3,13]. Crucially, all of
these studies have assessed legibility using self-paced
metrics, without any meaningful time constraint or intake
pressure. Thus, one might question the applicability of this
research to contexts in which information must be taken in
quickly and under constraints, as in the behavior commonly
observed during driving. A recent line of research has used
psychophysical thresholding procedures to emulate glancelike reading [6,7], of the kind typically observed when
reading from in-vehicle screens while driving. This more
closely situates the assessment of legibility to a real-world
behavior with notable safety implications.
To more directly examine these issues with empirical
assessment methods, here we present a set of studies that
examines the effect of font weight on glance legibility
under two different rendering systems.
METHODS  
Participants  

This study was split into two phases, with each phase using
a different participant sample. Phase I included a total of 48
participants between the ages of 35 and 75 (26 women and
22 men, no significant difference in age between genders
[t(46) = 0.47, p = 0.645]). All participants gave their
written, informed consent to participate. Exclusion criteria

included experience of a major medical illness in the last
six months, conditions that impair vision (other than typical
nearsightedness or farsightedness), or a history of chronic
or acute neurological problems. Participants were also
required to be native English speakers. All participants had
normal or corrected-to-normal vision (glasses or contact
lenses) and were tested on site for near acuity using the
Federal Aviation Administration’s test for near acuity
(Form 8500-1), and for far acuity using a Snellen eye chart.
Phase II included a total of 47 participants between the ages
of 35 and 75 (24 women and 23 men, no significant
difference in age between genders [t(45) = 0.85,
p = 0.848]). Inclusion criteria were the same as in Phase I.
Apparatus  
Monitor  

An Asus monitor was used to display the experiment (27”,
1920x1080 resolution, 60Hz refresh rate). Participants were
asked to maintain a distance of approximately 70cm (27.5”)
from the display. Head position was left unconstrained, to
allow for a reasonable amount of positional variability, as
might be encountered in automotive contexts.
Rendering  Systems  &  Experiment  Software  

Phase I utilized custom software written in Matlab and the
Psychtoolbox 3 [5,22] running on a 2.5Ghz Intel Core i5
Mac Mini running Mac OS 10.9.1. Psychtoolbox is a crossplatform framework for experiment control, and its text
rendering algorithms rely heavily on the capabilities of the
underlying operating system. As a result, the quality of its
rendering on Mac OS X tends to be “good enough”; while it
employs basic text smoothing algorithms, it is not heavily
optimized for precise typographic display.
Phase II utilized custom software written in PsychoPy2
[20]. PsychoPy is also a cross-platform experiment
framework, but uses self-contained modules for the display
of visual elements that are independent of the underlying
operating system. PsychoPy’s default text rendering
pipeline was modified to utilize Monotype’s iType
rendering system for text display, which enables
“continuous stroke modulation” (CSM)—a feature that
allows for the contours of the typeface to be altered
mathematically and optimized for the monitor being used
[25]. This represents a best in class rendering engine for
typographic display. The integration of Monotype’s
proprietary rendering engine necessitated a switch to a PC
with a 3.60Ghz Intel Core i7 processor running Windows 7.
Aside from the different text rendering pipelines used in
each phase of the experiment and the different participant
samples, all aspects of the experiment were kept constant
between the two phases. Both Psychtoolbox and PsychoPy
are capable of frame-level stimulus display and event
timing. Any differences that might arise from the use of the
two different experiment control platforms would be too
minuscule to be meaningful.

Thresholds were assessed for variants of the Frutiger
typeface in four different weights, as illustrated in Figure 2.
Stimuli were displayed in white text (RGB: 255, 255, 255)
against a black background (RGB: 0, 0, 0). Typefaces were
scaled to a target size of 4mm (19.6 arcmin) based on the
height of the typeface’s capital ‘H’, though all stimuli were
displayed in lowercase letters.

Task

  
Figure 1: A schematic illustration one trial of the lexical
decision task.

Participants completed a yes/no lexical decision task [18] in
which they had to decide whether a briefly presented
stimulus was either a word or a non-word (a pronounceable
combination of letters that does not form a word). A
schematic of a task trial is shown in Figure 1.
Stimuli drew from the same pool of words and
pseudowords as used in [7]. These were 6-letter words (or
6-letter pseudoword strings) generated from an online
orthographic database [17].
The amount of time that the word (or non-word) is
presented on screen is automatically adjusted depending on
the respondent’s accuracy, with presentation time
eventually converging on a value corresponding to
approximately 79.4% accuracy [11,12]. Thus, more legible
conditions should result in a lower threshold presentation
time. For details on this method and its implementation in
this experiment, see [7].
Conditions  Tested  

Figure 2: Samples of the 4 weights of Frutiger used in this
study, from top to bottom: Light, Regular, Medium, Bold.
Note that the experiment scaled text to a nominal capital letter
height of 4mm (13 pixels), which is significantly lower
resolution than the samples shown here (~40 pixels). Figure
rendered in Adobe Photoshop CS6.

The experiment employed a complete within-subjects
design, with all participants undergoing threshold
assessment for all four conditions. Each threshold
assessment consisted of 100 trials, equally split between
randomly interleaved word and pseudoword trials. Block
order
was
counterbalanced
across
participants.
Counterbalancing was effective, in that typeface and block
order were unrelated (Phase I: X2(3) = 0.00, p = 1.00; Phase
II: X2(3) = 6.19, p = .103, Friedman tests of block order).
Data  Analysis  

Thresholds were obtained for each condition by calculating
the median stimulus duration (presentation time) of each
condition’s final 20 trials. Participant responses were also
saved for secondary analyses of performance accuracy.
Data were analyzed under a linear mixed effects model.
Rendering system was treated as a categorical betweensubjects factor, and font weight was treated as a linear
within-subjects factor, with numerical values established by
measuring the average stroke width in pixels of each font’s
capital ‘H’ at a large size (these values were 7 for Light, 10
for Regular, 12 for Medium, and 14 for Bold). All statistics
were computed and visualized using R [26].
RESULTS  
Performance  Accuracy  

When using adaptive threshold procedures, task difficulty
varies in accordance with participant performance to
converge on a target accuracy level (in this case, 79.4%
accuracy). Therefore, accuracy should not be significantly
different between the conditions tested. In Phase I, accuracy
did not differ significantly between font weights (F(3, 141)
= 0.16, p = 0.922), nor did any condition differ significantly
from the calibrated accuracy level (all p > 0.447, t-tests
against a mu of 79.4%). Likewise, in Phase II, accuracy did
not differ significantly between font weights (F(3, 138) =
0.28, p = 0.842), nor did any condition tested show an
accuracy significantly different from the intended
calibration point (all p > 0.158, t-tests). Thus, the
calibration procedure worked as intended for the samples
tested.

legibility, with lighter-weight fonts having superior
legibility thresholds compared to heavier weights.

Figure 3: Estimated mean thresholds (±1 mean-adjusted
standard error) for each condition tested in Phase I (left) and
Phase II (right).
Reading  Time  Thresholds  

In a model that considers both phases of the experiment
together, no main effect of rendering system on reading
time threshold is found (F(1, 295) = 0.24, p = 0.627), nor is
there a main effect of font weight (F(1, 52) = 1.27, p =
0.265). However, there is a significant interaction between
rendering system and font weight (F(16, 316) = 15.74, p <
0.001), as is overtly apparent in Figure 3.
Decomposing each phase of the experiment into separate
models, we find that in Phase I (suboptimal rendering),
there is a significant effect of font weight (F(1, 47) = 14.13,
p < 0.001). Posthoc testing shows that this effect is
primarily driven by the greatly elevated threshold observed
for the light-weight font, whereas no significant differences
are observed between other weights (light vs. regular,
medium, or bold, all p < 0.001; all other comparisons, p >
0.596, t-tests).
In Phase II (CSM rendering), we find a different pattern.
Once again, a significant main effect of font weight is
evident (F(1, 46) = 6.30, p = 0.016). Posthoc testing
indicates a significant difference between the two extreme
weights (t(46) = 2.29, p = 0.027), while all comparisons
that differ by more than one weight (i.e., Light vs. Medium)
trend toward significant differences (p < 0.10).
The regular-weight conditions employed in this study
correspond precisely to conditions examined as part of two
earlier experiments [7]. Comparing all four samples, there
is no evidence to suggest that the reading time threshold
estimated for regular-weight Frutiger differed between
experiments (F(3, 171) = 0.164, p = 0.920), giving a good
indication of the assessment method’s reliability.
DISCUSSION  

We found that the effect of font weight on legibility
thresholds was strongly mediated by the rendering engine
used to draw the glyphs. Under suboptimal or “good
enough” rendering, we found that lightweight text degraded
considerably compared to other fonts. At the same time,
there were no significant differences in legibility thresholds
between regular, medium, and bold weight fonts.
Conversely, under “best in class” CSM rendering, we found
evidence of a linear relationship between font weight and

Figure 4: Text samples for light, regular, medium, and bold
weight fonts as rendered in Matlab (left) and PsychoPy (right)
at a nominal height of 16 pixels, enlarged to show detail.

The legibility thresholds obtained from suboptimal
rendering make intuitive sense. As Figure 4 shows, the
lightest-weight font is rendered very poorly under this
system, resulting in a markedly elevated reading time
threshold. At the same time, the more subtle differences
between the three heavier fonts are lost, resulting in
threshold estimates that are significantly lower than the
lightest weight font, but not significantly different among
each other.
The results obtained from “best in class” rendering
demonstrate that under more finely tuned rendering
pipelines, many of the subtle differences between fonts can
be preserved. This produces a linear trend in the data, with
lighter weight fonts performing better than heavier ones.
The superior performance of the lighter-weight fonts
contradicts much of the previous literature on font weight
and legibility, which typically show enhanced legibility for
heavier fonts. This difference may arise from the
assessment methods used; the present study assesses
legibility in a way that simulates glance-like, timepressured reading, whereas all other research in this area
has employed self-paced methods of assessment. The brief
presentation times employed here may in turn expose a
crowding effect. Although crowding is traditionally
conceptualized as a phenomenon of peripheral vision
[4,21], there is evidence that crowding can occur even in
the fovea, and is ameliorated by increased inter-character
spacing [19,23,24]. We speculate that lighter-weight fonts
may have larger inter-character spaces by definition, and
thus be less affected by foveal crowding. It should be noted
that at least one previous study using the present stimulus
paradigm showed a legibility advantage for heavier fonts
[6], but given that a suboptimal renderer was used in that
work (the same as the one used here), those results are not
inconsistent with the present findings.

Taken together, these findings show the complex ways in
which a user-facing design element and an underlying
technology can interact, and highlight the unique task that
HMI designers face when attempting to balance the needs
of a brand or set of style guidelines with the practicalities of
a given technology or behavioral context. Particularly at a
time when centralized software systems are being deployed
across a diversity of device types, care must be taken to
ensure that the underlying hardware can support the visual
appearance of the software as designed.
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