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Fig. 1. The word “infotypography” rendered in variations of seven type parameters: weight, width, contrast, xHeight, slant, serifs and aperture.

The advent of variable font technologies—where typographic parameters
such as weight, x-height and slant are easily adjusted across a range—enables
encoding ordinal, interval or ratio data into text that is still readable. This
is potentially valuable to represent additional information in text labels
in visualizations (e.g., font weight can indicate city size in a geographical
visualization) or in text itself (e.g., the intended reading speed of a sentence
can be encoded with the font width). However, we do not know how dif-
ferent parameters, which are complex variations of shape, are perceived by
the human visual system. Without this information it is difficult to select
appropriate parameters and mapping functions that maximize perception of
differences within the parameter range. We provide an empirical characteri-
zation of seven typographical parameters of Latin fonts in terms of absolute
perception and just noticeable differences (JNDs) to help visualization de-
signers to choose typographic parameters for visualizations that contain
text, as well as support typographers and type designers when selecting
which levels of these parameters to implement to achieve differentiability
between normal text, emphasized text and different headings.
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1 INTRODUCTION
Font designs vary in many significant ways; for example, some
fonts will render text with thicker characters (i.e., heavier weights),
others have narrower letters (narrow width), or more prominent
serifs. These parameters constitute part of the design space of fonts,
and type designers use different weights, widths, contrast or slant to
create designs that are unique, to convey particular messages (e.g.,
a font might feel classic or contemporary, serious or playful), or to
support different purposes in the text (e.g., heavier weights—bold
text—highlight or emphasize parts of text in a document).

With the popularization of variable font technologies, also called
parametric fonts (e.g., [Hudson 2016; Sherman 2021]), it has become
much easier to design, implement, and use fonts that vary contin-
uously in one or more parameters. Whereas type designers would
traditionally design a discrete choice of weights, slants and widths
for a family of fonts (e.g., semi-light, heavy, bold, narrow, ultra-
wide), variable fonts allow the user to select virtually any values of
the typographic parameters that serve their specific purpose. For
example, a poster designer can choose the weight and width that
will make a title fit a specific page size with adequate prominence.

Several researchers have suggested that the continuous typo-
graphic parameters offered by variable fonts can be used, instead,
to convey quantitative information. For example, streets in a city
map that are busier can be rendered in heavier weights propor-
tional to their traffic throughput [Afzal et al. 2012] and syllables in
song lyrics can be rendered with different heights depending on the
corresponding pitch [Brath and Banissi 2016]. We call this use of
type design parameters InfoTypography. In this work we are chiefly
concerned with the use of letter shape parameters in parametric
fonts to represent ordinal, interval, or ratio scalar values.
Although infotypographic techniques are promising for visual-

ization, little empirical evidence exists on how humans perceive
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typographic parameters. This is important because if different pa-
rameters are subject to different levels of perceptual noise and bias
(i.e., different levels of error when reading the information encod-
ings) then one should be able to chose the most effective ones.

Here we present two experiments characterizing human percep-
tion of seven typographical parameters in Latin fonts: weight, width,
contrast, x-height, slant, serifs and aperture. Both studies took place
over the Internet. In the first study, 214 participants estimated the
level of a typographical parameter at which a word was rendered. In
the second, 237 participants compared words rendered at different
levels of a parameter in a staircase procedure to determine the just
noticeable differences (JNDs) along each parameter’s range.

The results rank the parameters in increasing order of perceptual
noise, i.e., in terms of the variability in estimations of the level of a
stimulus. Weight and slant are perceived most accurately, followed
by xHeight and width, then contrast and serif size, with aperture—
which is combined with junction—as least accurately perceived. The
results facilitate the selection of parameters for data representation.
Additionally, we characterize each parameter’s perception curve.
Compensating for these curves enables a more efficient distribu-
tion of parameter points for mapping ordinal levels or supports
perceptual equalization of parameters for continuous values.
This research can help several groups of professionals and end

users of Latin fonts: visualization designers can use our results to
choose appropriate typographic parameters and improve the map-
pings between parameters and continuous or categorical data; type
designers can complement their visual instincts and expertise with
our models to design fonts with typographic parameters at more
perceptually uniform intervals; typographers, document template
designers and UI designers can choose visually distinct font variants
for different functions in the page or screen based on human ability
to differentiate font variations; and, researchers of type and read-
ing can leverage our models to explain the effects of typographic
variations on reading and perception of type.

2 BACKGROUND AND RELATED WORK
Here we introduce the concepts underlying type design, typography,
and data visualization and highlight relevant previous research.

2.1 Reading and Type
Letter glyphs are visual representations of the characters of a script
system.1 The core purpose of glyphs is to allow visual recognition of
the characters (letters) so that reading can take place. Letter recog-
nition by most literate people’s visual system is effective [Dehaene
2010; Rayner et al. 2012]; a large variety of glyph shapes are suc-
cessfully and efficiently recognized as the same letter (e.g., , , ,
, ) [Hofstadter and Sander 2013, p.5]. This flexibility enables a

broad diversity of typeface designs, most of which can still be read
effortlessly by most people.
The large possible variation in glyph shapes and the spatial re-

lationships between those glyphs (e.g., kerning) is the domain of
type designers, whose job is to design glyphs that support reading
(readability and legibility) but also that convey other characteris-
tics of the text such as formality, or that provide aesthetic value

1This working definition is still controversial [Haralambous and Haralambous 2003].

and capture attention (e.g., for advertising). The shape of glyphs
can sometimes also provide historical context for the text because
specific styles are associated to certain periods [Bringhurst 2004;
Hyndman 2016]. Additionally, fonts can convey emotion [Choi et al.
2016]. Glyph shape variation is therefore able to encode information
beyond the representation of the alphabet’s characters.
Typographers, who are responsible for the visual appearance of

printed matter, use type selection as a key design tool to compose
practical and pleasant layouts on a variety of formats (including
paper and digital). For example, a well-designed corporate report
will convey its structure effectively through headings in a selection
of different sizes and font variants that make it easy to grasp the
structure and content of the report while still looking professional.

2.2 Studies on Fonts
There is a long history in the study of how typefaces and typo-
graphical parameters (e.g., serifs) affect readability and legibility
(e.g., [Arditi and Cho 2005; Beier et al. 2017; Chaparro et al. 2010;
Dobres et al. 2016; Mansfield et al. 1996; Tinker 1944]), and of how to
design typefaces to maximize legibility and readability (e.g., [Beier
2012]). Recently, Kadner et al. produced Adaptifont [2021], a system
to increase people’s reading speed through a variable font and a
machine-learning-driven adaptive procedure. Although considera-
tions of readability, legibility and reading speeds are important for
font design and use, here we focus on the differentiability of fonts
based on the variation of typographic parameters.

2.3 Infotypography
We define InfoTypography as the use of variations of letter shapes
and their spatial arrangement within text to visually represent quan-
titative or qualitative information beyond the textual content. Strictly
speaking, InfoTypography is almost as old as writing itself because
variations in script size and spacing have long been used to visually
differentiate parts of the text such as headlines or footnotes, accord-
ing to their function (an instance of categorical information). An
example of this approach is Strobelt et al.’s study of typographic
highlighting [2016], which tested how nine typographic parameters
(e.g., italics, bold) and non-typographic parameters (e.g., font color,
rectangular border) facilitate finding highlighted text. They found
that font size provided the most effective highlighting (individually).

Mapmakers have long used type size and other variations, such as
italics, to demarcate categories of named items inmaps [MacEachren
2004, p.128,293]; for example, text size in a political map is often
matched, in decreasing order, to continents, country names, and
then cities (sometimes with variation depending on the city’s popu-
lation). Maps also typically use italics for rivers or mountain ranges.
This highlights InfoTypography’s value as a technique to overload
information where additional visual objects or text interfere with or
cause overcrowding of a graphic. The discriminability of type size
in map contexts was studied by Shortridge [1979]; a follow up study
considered also capital letters, boldness, and size, indicating that
multiple encoding leads to better discrimination up to two parame-
ters (three parameters in particular cases) [Shortridge and Welch
1982]. A contemporary infotypographic use in maps are Afzal et
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al.’s maps [2012], which explicitly introduce the idea of encoding
continuous values in the text size or weight of a street’s name.
More abstract uses of font parameters are relatively common in

visualization, with tag clouds (a.k.a. word clouds) being probably the
most popular. Bateman et al. [2008] measured the perceived salience
of tags based on nine visual features, including color, saturation, font
size and boldness (bold and normal), and found that size, weight and
color are the visual characteristics that most strongly determine sub-
jective salience. Several others have studied tag clouds, but mostly
with an emphasis on non-typographic aspects of the representation
(e.g., [Alexander et al. 2018; Felix et al. 2018]). Another example of
font manipulation for visualization are FatFonts: digits that increase
weight to double-encode numerical values [Han and Nacenta 2020;
Manteau et al. 2017; Nacenta et al. 2012].
Over a series of articles, Brath and Banissi provided a compre-

hensive examination of current and potential infotypographic ap-
plications in visualization and beyond [2014a; 2014b; 2016; 2017].
They also point out how Bertin’s seminal work on the Semiology of
Graphics [1967] included a section on typographical variables that
was not included in the 1983 English translation [Brath and Banissi
2019]. Brath and Banissi make a compelling argument for the utility
of typographic variables. It is plausible that InfoTypography will
become more widely useful and sophisticated due to the increasing
availability of technologies to design and render variable fonts.

2.4 Variable and Parametric Typography
The first major proponent of the use of software to generalize type
design was Donald Knuth with
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typographic highlighting techniques, in which they tested how nine
typographic parameters (e.g., italics, bold) and non-typographic
parameters (e.g., font color, rectangular border) facilitate finding
highlighted text (i.e., distinguishing between two categories of text,
highlighted and not highlighted) and found that font size provided
the most effective highlighting (individually) [Strobelt et al. 2016].

Map makers have long used type size and other variations, such
as italics, to indicate the different categories of named items in
their maps [MacEachren 2004, p.128,293]; for example, text size in a
political map is often matched, in decreasing order, to continents,
country names, and then cities (sometimes with variation depending
on the city’s number of inhabitants). Maps also typically use italics
for rivers or mountain ranges. This highlights the value of infoty-
pography as a technique to overload information where additional
visual objects or text would interfere with or cause overcrowding
of a graphic. The discriminability of type size in map contexts was
studied by Shortridge [1979]; a follow up study considered also
capital letters, boldness, and size, indicating that multiple encoding
results in better discrimination up to two parameters, and three
parameters only in particular cases [Shortridge and Welch 1982].
A contemporary example of infotypography in maps are Afzal et
al.’s constructions of maps, which explicitly introduce the idea of
encoding continuous values in the size or weight of text of the name
of a geographic entity (e.g., a street) [Afzal et al. 2012].
More abstract uses of font parameters are relatively common in

visualization, with tag clouds (a.k.a. word clouds) being probably
the most popular. Bateman et al. [2008] measured the perceived
salience of tags based on nine visual features, including colour,
saturation, font size and boldness (bold and normal), and found
that size, weight and color are the visual characteristics that most
strongly determine subjective salience. Several others have studied
tag clouds, but mostly with an emphasis on non-typographic aspects
of the representation (e.g. [Alexander et al. 2018; Felix et al. 2018]).
Another example of font manipulation for visualization purposes
are FatFonts [Han and Nacenta 2020; Manteau et al. 2017; Nacenta
et al. 2012], which are digits that increase weight to double-encode
underlying numerical values.

Over a series of articles, Brath and Banissi have provided a com-
prehensive examination of current and potential infotypographic
applications in visualization and beyond, such as music and car-
tography [Brath and Banissi 2014a,b, 2016, 2017]. They also have
identified how Bertin’s seminal work on the Semiology of Graph-
ics [Bertin 1967] included a section on typographical variances
that was not included in the 1983 translation to English [Brath and
Banissi 2019]. Brath and Banissi make a compelling argument for the
use of typographic variables in visualization and text. In our opinion,
it is plausible that infotypography will become more widely useful
and sophisticated due to the increased ease of use and availability
of technologies to design and render variable fonts.

2.4 Variable and Parametric Typography
The first major proponent of the use of software to generalize type
designs was Donald E. Knuth through the design of METAFONT,
a language and interpreter that enables the design of glyphs and
collections of glyphs through declarative high-level constraints that

can then be adjusted according to 62 parameters such as weight and
xHeight [Knuth 1986]. Since Knuth’s late 1970’s and early 1980’s
work, several other systems have become commercially available
that allow the automatic generation of type families, mostly with the
goal of facilitating the task of creating font families with multiple
weights (e.g., Infinifont [McQueen III and Beausoleil 1993]). Probably
the most successful of these was Adobe Multiple Master technology,
which allowed the interpolation between compatible outlines of
a glyph [Adobe Corporation 1997]. Eventually, Multiple Master
technology was superseded by OpenType, one of the current major
font formats in use [Microsoft 2018]. In parallel, Apple has long used
their own extension of TrueType font technology (Apple Advanced
Type Technology—AAT [Apple Corporation 2020]), which allows for
sophisticated typographical variations in one or more styles, where
styles is a similar concept to the meta-parameters of METAFONT,
which we call typographic parameters.

Most recently, Adobe, Apple, Google and Microsoft extended
the OpenType standard into OpenType Variable Fonts [Microsoft
2018]. This allows the combination of several styles (parameters
like weight or width) into one font file: a variable font, which can be
rendered through interpolation into a very large number of variants.
This generalizes previous independent work such as prototypo.io’s
customized type designer [Mathey and Prototypo Team 2020] (im-
plemented in JavaScript and which we use as base rendering engine
for our study). Some herald OpenType Variable Fonts as the future
of typographic formats in the web [Hudson 2016; Nieskens 2016],
and they are already well supported by current versions of the major
browsers. Importantly the manipulability of the different param-
eters of the font is the result of significant human effort: which
parameters are available and how they vary is still to be decided
and designed by the type designer and the implementer of the font.
Most fonts implemented so far only vary in one to three styles
(parameters—see Ref. [Sherman 2021] for a compilation of existing
fonts). It is therefore timely and important to have an empirically-
supported understanding of the perceptual characteristics of at least
the most important parameters for typographical display as well as
for infotypographic uses of this technology.
In parallel, there is a long history of academic efforts to support

the design and implementation of variable fonts, based on differ-
ent principles. For example, Haralambous [1993] turns PostScript
fonts into parametric fonts through METAFONT, Shamir et al. pro-
pose a system for parametric fonts designed by humans aided by
hierarchical constraints [Shamir and Rappoport 1998], and Hu and
Hersch [2004] built a system using parametric characters to generate
perceptually-tuned raster renderings of fonts. Hassan et al. [2010]
provides a summary of previous efforts, and Brownie [2007] theo-
rizes about the different implications of typefaces that can change.

More recently, machine learning and computer vision techniques
have spurred a revival in computational type research. These tech-
niques have been used to catalogue and understand the existing
landscape of available fonts (e.g., [Shinahara et al. 2019; Uchida et al.
2015]), but most importantly, to generate, transfer or interpolate
typefaces for different purposes, including variable fonts [Atar-
saikhan et al. 2017; Azadi et al. 2018; Balashova et al. 2019; Baluja
2017; Campbell and Kautz 2014; Gao et al. 2019; Hayashi et al. 2019;
Kadner et al. 2021; Lian et al. 2018; Miyazaki et al. 2020; Phan et al.

ACM Trans. Graph., Vol. 41, No. 4, Article 1. Publication date: July 2022.

[1986], a language
and interpreter that enables the design of glyphs and collections of
glyphs through declarative high-level constraints that can then be
adjusted according to 62 parameters such as weight and xHeight.
Since Knuth’s late 1970’s and early 1980’s work, several commer-
cial systems have allowed automatic generation of type families,
mostly with the goal of facilitating creation of font families with
multiple weights (e.g., Infinifont [McQueen III and Beausoleil 1993]).
Probably the most successful was Adobe Multiple Master technol-
ogy, which allowed the interpolation between compatible outlines
of a glyph [Adobe Corporation 1997]. Eventually, Multiple Master
technology was superseded by OpenType, a current major font
format [Microsoft 2018]. In parallel, Apple has long used their
own extension of TrueType font technology (Apple Advanced Type
Technology—AAT [Apple Corporation 2020]), which allows for so-
phisticated typographical variations in one or more styles (a similar
concept to the meta-parameters of

Perception of Letter Glyph Parameters for InfoTypography • 1:3

typographic highlighting techniques, in which they tested how nine
typographic parameters (e.g., italics, bold) and non-typographic
parameters (e.g., font color, rectangular border) facilitate finding
highlighted text (i.e., distinguishing between two categories of text,
highlighted and not highlighted) and found that font size provided
the most effective highlighting (individually) [Strobelt et al. 2016].

Map makers have long used type size and other variations, such
as italics, to indicate the different categories of named items in
their maps [MacEachren 2004, p.128,293]; for example, text size in a
political map is often matched, in decreasing order, to continents,
country names, and then cities (sometimes with variation depending
on the city’s number of inhabitants). Maps also typically use italics
for rivers or mountain ranges. This highlights the value of infoty-
pography as a technique to overload information where additional
visual objects or text would interfere with or cause overcrowding
of a graphic. The discriminability of type size in map contexts was
studied by Shortridge [1979]; a follow up study considered also
capital letters, boldness, and size, indicating that multiple encoding
results in better discrimination up to two parameters, and three
parameters only in particular cases [Shortridge and Welch 1982].
A contemporary example of infotypography in maps are Afzal et
al.’s constructions of maps, which explicitly introduce the idea of
encoding continuous values in the size or weight of text of the name
of a geographic entity (e.g., a street) [Afzal et al. 2012].
More abstract uses of font parameters are relatively common in

visualization, with tag clouds (a.k.a. word clouds) being probably
the most popular. Bateman et al. [2008] measured the perceived
salience of tags based on nine visual features, including colour,
saturation, font size and boldness (bold and normal), and found
that size, weight and color are the visual characteristics that most
strongly determine subjective salience. Several others have studied
tag clouds, but mostly with an emphasis on non-typographic aspects
of the representation (e.g. [Alexander et al. 2018; Felix et al. 2018]).
Another example of font manipulation for visualization purposes
are FatFonts [Han and Nacenta 2020; Manteau et al. 2017; Nacenta
et al. 2012], which are digits that increase weight to double-encode
underlying numerical values.

Over a series of articles, Brath and Banissi have provided a com-
prehensive examination of current and potential infotypographic
applications in visualization and beyond, such as music and car-
tography [Brath and Banissi 2014a,b, 2016, 2017]. They also have
identified how Bertin’s seminal work on the Semiology of Graph-
ics [Bertin 1967] included a section on typographical variances
that was not included in the 1983 translation to English [Brath and
Banissi 2019]. Brath and Banissi make a compelling argument for the
use of typographic variables in visualization and text. In our opinion,
it is plausible that infotypography will become more widely useful
and sophisticated due to the increased ease of use and availability
of technologies to design and render variable fonts.

2.4 Variable and Parametric Typography
The first major proponent of the use of software to generalize type
designs was Donald E. Knuth through the design of METAFONT,
a language and interpreter that enables the design of glyphs and
collections of glyphs through declarative high-level constraints that

can then be adjusted according to 62 parameters such as weight and
xHeight [Knuth 1986]. Since Knuth’s late 1970’s and early 1980’s
work, several other systems have become commercially available
that allow the automatic generation of type families, mostly with the
goal of facilitating the task of creating font families with multiple
weights (e.g., Infinifont [McQueen III and Beausoleil 1993]). Probably
the most successful of these was Adobe Multiple Master technology,
which allowed the interpolation between compatible outlines of
a glyph [Adobe Corporation 1997]. Eventually, Multiple Master
technology was superseded by OpenType, one of the current major
font formats in use [Microsoft 2018]. In parallel, Apple has long used
their own extension of TrueType font technology (Apple Advanced
Type Technology—AAT [Apple Corporation 2020]), which allows for
sophisticated typographical variations in one or more styles, where
styles is a similar concept to the meta-parameters of METAFONT,
which we call typographic parameters.

Most recently, Adobe, Apple, Google and Microsoft extended
the OpenType standard into OpenType Variable Fonts [Microsoft
2018]. This allows the combination of several styles (parameters
like weight or width) into one font file: a variable font, which can be
rendered through interpolation into a very large number of variants.
This generalizes previous independent work such as prototypo.io’s
customized type designer [Mathey and Prototypo Team 2020] (im-
plemented in JavaScript and which we use as base rendering engine
for our study). Some herald OpenType Variable Fonts as the future
of typographic formats in the web [Hudson 2016; Nieskens 2016],
and they are already well supported by current versions of the major
browsers. Importantly the manipulability of the different param-
eters of the font is the result of significant human effort: which
parameters are available and how they vary is still to be decided
and designed by the type designer and the implementer of the font.
Most fonts implemented so far only vary in one to three styles
(parameters—see Ref. [Sherman 2021] for a compilation of existing
fonts). It is therefore timely and important to have an empirically-
supported understanding of the perceptual characteristics of at least
the most important parameters for typographical display as well as
for infotypographic uses of this technology.
In parallel, there is a long history of academic efforts to support

the design and implementation of variable fonts, based on differ-
ent principles. For example, Haralambous [1993] turns PostScript
fonts into parametric fonts through METAFONT, Shamir et al. pro-
pose a system for parametric fonts designed by humans aided by
hierarchical constraints [Shamir and Rappoport 1998], and Hu and
Hersch [2004] built a system using parametric characters to generate
perceptually-tuned raster renderings of fonts. Hassan et al. [2010]
provides a summary of previous efforts, and Brownie [2007] theo-
rizes about the different implications of typefaces that can change.

More recently, machine learning and computer vision techniques
have spurred a revival in computational type research. These tech-
niques have been used to catalogue and understand the existing
landscape of available fonts (e.g., [Shinahara et al. 2019; Uchida et al.
2015]), but most importantly, to generate, transfer or interpolate
typefaces for different purposes, including variable fonts [Atar-
saikhan et al. 2017; Azadi et al. 2018; Balashova et al. 2019; Baluja
2017; Campbell and Kautz 2014; Gao et al. 2019; Hayashi et al. 2019;
Kadner et al. 2021; Lian et al. 2018; Miyazaki et al. 2020; Phan et al.
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).
Most recently, Adobe, Apple, Google and Microsoft extended the

OpenType standard into OpenType Variable Fonts [Microsoft 2018].
The standard allows the combination of several styles (parameters
like weight or width) into one font file (a variable font), which
can be rendered through interpolation into a very large number of
variants. This generalizes previous independent work such as pro-
totypo.io’s customized type designer [Mathey and Prototypo Team
2020], which we used as base rendering engine for our study. Some
herald OpenType Variable Fonts as the future of typographic formats
in the web [Hudson 2016; Nieskens 2016]. Variable Fonts are already

widely supported by the major browsers. Importantly, the manipu-
lability of the font’s parameters requires significant human effort:
which parameters are available and how they vary (e.g., whether
the variation is linear or otherwise with respect to the parameter)
is still to be designed by the type designer and the implementer of
the font. Most fonts implemented so far only vary in one to three
styles (parameters—see Ref. [Sherman 2021] for a compilation). It is
therefore timely and important to have an empirically-supported
understanding of the perceptual characteristics of at least the most
important parameters for typographical display as well as for info-
typographic uses of this technology.
In parallel, a history of academic efforts has also supported the

design and implementation of variable fonts. For example, Haralam-
bous [1993] turns PostScript fonts into parametric fonts through
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typographic highlighting techniques, in which they tested how nine
typographic parameters (e.g., italics, bold) and non-typographic
parameters (e.g., font color, rectangular border) facilitate finding
highlighted text (i.e., distinguishing between two categories of text,
highlighted and not highlighted) and found that font size provided
the most effective highlighting (individually) [Strobelt et al. 2016].

Map makers have long used type size and other variations, such
as italics, to indicate the different categories of named items in
their maps [MacEachren 2004, p.128,293]; for example, text size in a
political map is often matched, in decreasing order, to continents,
country names, and then cities (sometimes with variation depending
on the city’s number of inhabitants). Maps also typically use italics
for rivers or mountain ranges. This highlights the value of infoty-
pography as a technique to overload information where additional
visual objects or text would interfere with or cause overcrowding
of a graphic. The discriminability of type size in map contexts was
studied by Shortridge [1979]; a follow up study considered also
capital letters, boldness, and size, indicating that multiple encoding
results in better discrimination up to two parameters, and three
parameters only in particular cases [Shortridge and Welch 1982].
A contemporary example of infotypography in maps are Afzal et
al.’s constructions of maps, which explicitly introduce the idea of
encoding continuous values in the size or weight of text of the name
of a geographic entity (e.g., a street) [Afzal et al. 2012].
More abstract uses of font parameters are relatively common in

visualization, with tag clouds (a.k.a. word clouds) being probably
the most popular. Bateman et al. [2008] measured the perceived
salience of tags based on nine visual features, including colour,
saturation, font size and boldness (bold and normal), and found
that size, weight and color are the visual characteristics that most
strongly determine subjective salience. Several others have studied
tag clouds, but mostly with an emphasis on non-typographic aspects
of the representation (e.g. [Alexander et al. 2018; Felix et al. 2018]).
Another example of font manipulation for visualization purposes
are FatFonts [Han and Nacenta 2020; Manteau et al. 2017; Nacenta
et al. 2012], which are digits that increase weight to double-encode
underlying numerical values.

Over a series of articles, Brath and Banissi have provided a com-
prehensive examination of current and potential infotypographic
applications in visualization and beyond, such as music and car-
tography [Brath and Banissi 2014a,b, 2016, 2017]. They also have
identified how Bertin’s seminal work on the Semiology of Graph-
ics [Bertin 1967] included a section on typographical variances
that was not included in the 1983 translation to English [Brath and
Banissi 2019]. Brath and Banissi make a compelling argument for the
use of typographic variables in visualization and text. In our opinion,
it is plausible that infotypography will become more widely useful
and sophisticated due to the increased ease of use and availability
of technologies to design and render variable fonts.

2.4 Variable and Parametric Typography
The first major proponent of the use of software to generalize type
designs was Donald E. Knuth through the design of METAFONT,
a language and interpreter that enables the design of glyphs and
collections of glyphs through declarative high-level constraints that

can then be adjusted according to 62 parameters such as weight and
xHeight [Knuth 1986]. Since Knuth’s late 1970’s and early 1980’s
work, several other systems have become commercially available
that allow the automatic generation of type families, mostly with the
goal of facilitating the task of creating font families with multiple
weights (e.g., Infinifont [McQueen III and Beausoleil 1993]). Probably
the most successful of these was Adobe Multiple Master technology,
which allowed the interpolation between compatible outlines of
a glyph [Adobe Corporation 1997]. Eventually, Multiple Master
technology was superseded by OpenType, one of the current major
font formats in use [Microsoft 2018]. In parallel, Apple has long used
their own extension of TrueType font technology (Apple Advanced
Type Technology—AAT [Apple Corporation 2020]), which allows for
sophisticated typographical variations in one or more styles, where
styles is a similar concept to the meta-parameters of METAFONT,
which we call typographic parameters.

Most recently, Adobe, Apple, Google and Microsoft extended
the OpenType standard into OpenType Variable Fonts [Microsoft
2018]. This allows the combination of several styles (parameters
like weight or width) into one font file: a variable font, which can be
rendered through interpolation into a very large number of variants.
This generalizes previous independent work such as prototypo.io’s
customized type designer [Mathey and Prototypo Team 2020] (im-
plemented in JavaScript and which we use as base rendering engine
for our study). Some herald OpenType Variable Fonts as the future
of typographic formats in the web [Hudson 2016; Nieskens 2016],
and they are already well supported by current versions of the major
browsers. Importantly the manipulability of the different param-
eters of the font is the result of significant human effort: which
parameters are available and how they vary is still to be decided
and designed by the type designer and the implementer of the font.
Most fonts implemented so far only vary in one to three styles
(parameters—see Ref. [Sherman 2021] for a compilation of existing
fonts). It is therefore timely and important to have an empirically-
supported understanding of the perceptual characteristics of at least
the most important parameters for typographical display as well as
for infotypographic uses of this technology.
In parallel, there is a long history of academic efforts to support

the design and implementation of variable fonts, based on differ-
ent principles. For example, Haralambous [1993] turns PostScript
fonts into parametric fonts through METAFONT, Shamir et al. pro-
pose a system for parametric fonts designed by humans aided by
hierarchical constraints [Shamir and Rappoport 1998], and Hu and
Hersch [2004] built a system using parametric characters to generate
perceptually-tuned raster renderings of fonts. Hassan et al. [2010]
provides a summary of previous efforts, and Brownie [2007] theo-
rizes about the different implications of typefaces that can change.

More recently, machine learning and computer vision techniques
have spurred a revival in computational type research. These tech-
niques have been used to catalogue and understand the existing
landscape of available fonts (e.g., [Shinahara et al. 2019; Uchida et al.
2015]), but most importantly, to generate, transfer or interpolate
typefaces for different purposes, including variable fonts [Atar-
saikhan et al. 2017; Azadi et al. 2018; Balashova et al. 2019; Baluja
2017; Campbell and Kautz 2014; Gao et al. 2019; Hayashi et al. 2019;
Kadner et al. 2021; Lian et al. 2018; Miyazaki et al. 2020; Phan et al.
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, Shamir et al. [1998] propose a system for parametric
fonts designed by humans aided by hierarchical constraints, and
Hu and Hersch [2004] built a system using parametric characters to
generate perceptually-tuned raster renderings of fonts. Hassan et
al. [2010] provide a summary of previous efforts, and Brownie [2007]
theorizes about the implications of typefaces that can change.
More recently, machine learning and computer vision spurred

a revival in computational type research. Advances support cata-
loguing and understanding the existing landscape of available fonts
(e.g., [Shinahara et al. 2019; Uchida et al. 2015]), butmost importantly,
generating, transferring or interpolating typefaces for different pur-
poses, including variable fonts [Atarsaikhan et al. 2017; Azadi et al.
2018; Balashova et al. 2019; Baluja 2017; Campbell and Kautz 2014;
Gao et al. 2019; Hayashi et al. 2019; Kadner et al. 2021; Lian et al.
2018; Miyazaki et al. 2020; Phan et al. 2015; Wang et al. 2020]. These
advances will likely facilitate the design of variable fonts in new
ways and for many purposes, including for InfoTypography.

3 A PARAMETRIC FONT FOR INFOTYPOGRAPHY
As a base for our investigation we modified the John Fell parametric
font used by the Prototypo.io service.2 The original font is writ-
ten in Javascript and takes many parameters such as weight, width,
serif-length, serif-width, roundness, slant and descender length. The
parameters support the design of font styles according to aesthetic
choice; unfortunately, they are not directly appropriate for the repre-
sentation of information for four main reasons: a) some parameters
do not vary in a predictable way, b) some parameters affect a small
subset of the letters (e.g., descenders), c) some parameters are too
subtle to perceive at first glance, and d) some parameters interact
with other parameters toomuch, making the overall font appearance
unstable, the text unreadable, or some letters indistinguishable from
each other. Our modified version merges some of these parameters,
makes others more appropriate for InfoTypography, and leaves the
rest at their default values.
We sought to select a set of parameters for study that met the

following criteria: a) the list should include most of the common
variations from the type design tradition; b) the parameters should
be intrinsic to letter shape; c) the parameters should support continu-
ous variation; d) the set should include the most common variations
provided by existing vfariable fonts; and e) it should be possible

2PTFell font, see http://www.prototypo.io.
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to vary all parameters in the set simultaneously. We chose these
criteria to maximize the relevance of the study to practitioners in
variable and traditional type design, typographers, and visualization
designers (further detail in Appendix A.1).
The set of controllable parameters has: weight, width, contrast,

xHeight, slant, serifs (serif-length), and aperture combined with
junction angle (see Figures 1 and 2). In general those parameters cor-
respond to their meaning in typographic terms [Beier 2012; Cheng
2020; Coles 2013; Haralambous 2007; Lupton 2010], except of aper-
ture. For example, the weight parameter controls the thickness of
the shapes linearly, with vertical strokes as reference. Our xHeight
defines the height of the main body of the letter as a proportion
of a fixed vertical height that includes ascenders from the baseline.
Therefore a larger xHeight results in more slender glyphs that also
have shorter ascenders. Aperture is an exception because it is a
conglomeration of aperture (the space between finial-terminated
openings; e.g., between the counter and the tip of the bottom stroke
of an ‘e’) and junction, which defines the depth at which the shoul-
der of the ‘n’ or the bowl of the ‘d’ join their respective stems. We
decided to combine the two because we anticipated that either of
them would be too subtle individually and because together they are
more likely to affect the shape of a word (neither affects all letters).
The ranges of the parameters in our font and experiment are

displayed in Figure 2 and the geometrical measurements that they
correspond to are shown in Table 1. All measures are in units per em
(UPM),3 except for slant, which uses degrees. Ranges were chosen
iteratively according to two criteria: a) we wanted the values to
generate reasonably practical and readable fonts (e.g., text with
lettersmore than twice aswide as tall become noticeably awkward to
read and to use in paragraphs); and, b) we needed to avoid artefacts
in the letters due to their implementation. The final product is an
improved parametric font for InfoTypography and a set of usable
ranges and neutral points that define a hypercube in 7 dimensions for
which we are reasonably sure that any combination of parameters
results in a readable font instantiation.4 Our infotypographic font
provides much broader coverage than typical parameter ranges. For
example, italic or slanted versions of fonts rarely go beyond 12°
angles (our range is -20° to 20°). Although a few fonts have more
extreme levels, these are typically not usable for readable text.

4 RESEARCH GOALS AND QUESTIONS
The overarching goal is to measure people’s perceptual ability to dis-
tinguish variations in glyph parameters to inform infotypographic
applications. For this purpose, we seek to achieve four main objec-
tives: first, to characterize perception of glyph parameters in order
to know which ones are less noisy as visual channels to represent
information; second, to quantify the accuracy of human observers

3UPM is a commonmeasure in type design, where an em defines the size of a square font
grid that fits most glyph’s height, and it is divided into a number of units (commonly
1000 units, which is what we use). See Ref. [Wikipedia contributors 2020].
4Static font files for the variation of each parameter are in the Supplementary Materials.
To facilitate extrapolation of our results we include a table in the Supplementary
Materials with our parameter measures of popular font families (e.g., Helvetica and
Calibri), parametric fonts (Amstelvar), and font families with extreme values (e.g.,
Source).

Table 1. Geometry and range of typographical variables. ‘Ref’ refers to
Figure 3. All units are in UPM (units per em) except for slant (measured in
degrees). Aperture and junction are combined in the aperture parameter
(they co-vary linearly).

Typ. par. Geometrical description Ref Min Neut Max Steps
weight Stem thickness of ‘n’ stem A 10 85 200 95
width Distance between centers of

’n’ stems
B 209 308 505 150

contrast Thickness of thinnest over
thickest strokes in ‘o’

C 0
113

36
113

71
113 40

xHeight Height of the ‘x’ D 300 500 600 100
slant Angle of vertical stems E −20◦ 0◦ 20◦ 80
serifs Width of base serifs in ‘m’ F 0 65 85 85
aperture Size of opening in the ‘e’ G 64 135 180 52
junction Vertical distance b/w stem

joint and hump of ‘n’
H 132 82 50 52

at different values of these parameters so that designers of infotypo-
graphic applications can better decide how to map values optimally
(instead of assuming a linear scale); third, to learn which levels of
the parameters form perceptually uniform intervals so that type
designers can decide which levels in a multi-parameter font to im-
plement (i.e., to allow typographic designers to spend more time
and effort in the font variants that are most likely to be perceived
as different from other font variants); and fourth, to support typog-
raphers or designers of interfaces and document templates when
choosing typographic levels that are differentiable. These objectives
lead to four main questions:
Q1 How do the different typographic parameters compare in

terms of perceptual noise?
Q2 How do human perceptual estimations vary with respect to

the linear variation of each parameter?
Q3 What is the maximum number of distinguishable levels that

each parameter can support?
Q4 What is the variability in terms of perceptual noise for differ-

ent people?
To answer these questions we designed and carried out two exper-

iments on the absolute and relative perception of glyph parameters.

5 METHODOLOGICAL APPROACH
This section describes the main methodological decisions common
to both experiments. The anonymized data and the scripts for anal-
ysis are available in the Supplementary Materials.

5.1 Crowdsourcing and data pre-filtering
The experiment was crowdsourced to run a sufficient number of
participants. We recruited participants for all experiments through
the Prolific service5 and redirected them to a locally run web service
that presented the experiments and recorded the data. Participants
were 18 or older, with a Prolific score of > 90%, live in a countries
5https://prolific.co
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(a) Weight range. (b) Width range. (c) Contrast range. (d) xHeight range.

(e) Slant range. (f) Serifs range. (g) Aperture range. (h) Aperture range (junction).

Fig. 2. Parameter ranges in our infotypographic font. The aperture parameter (which combines aperture and junction angle) is represented twice: (g) aperture
and (h) junction to display the two aspects separately.

🅐
🅓

🅔🅕

🅖

🅗

🅑

🅒

Fig. 3. Geometric bases of parameters. Letters refer to Ref column on Table 1.

where English is a dominant official language and have English as
native language. Participants were compensated at minimum wage
(more detail in Appendix B).

Although crowdsourcing experiments over the Internet intro-
duces noise from variability in the circumstances and appearance of
the experiment, it also provides a degree of ecological validity [Heer
and Bostock 2010; Woods et al. 2015]. We ameliorated some of the
variability issues by only sourcing participants classified by Prolific
as using a desktop computer (most desktop computers would have
resolutions adequate for our experiments). We discarded data that
was not complete or deemed to be suspect (see Appendix B).

5.2 Bayesian Approach to Analysis through MCMC
We deployed a contemporary Bayesian framework for the analy-
sis of the studies based on Markov Chain Monte Carlo (MCMC)
computation of probabilities [Gelman et al. 1995; Kruschke 2014].
MCMC is the current dominant way to perform Bayesian analysis.
Appendix C.1 further justifies this choice. We followed best practices
following Kruschke’s textbook [2014].

5.3 Range Normalization
To simplify the analysis and interpretation of results, the input
and output parameters are all normalized between −0.5 and 0.5.
Most values reported below are therefore dependent on our choice

of ranges. Functions to normalize and denormalize the parameter
ranges based on Table 1 are in the Supplementary Materials.

6 EXPERIMENT 1: ABSOLUTE PERCEPTION
This experiment aims to measure participants’ absolute responses
to variations in the typographic parameter of the stimuli. It assesses
participants’ ability to map a stimulus from one typographic param-
eter to a value in a linear response scale while all other typographic
parameters remain at a fixed neutral value (listed in Table 1). It
measures the typical error at different points in the scale, systematic
deviations from the linear scale (bias), and their shape.

6.1 Task
Participants adjusted a slider (Figure 4, item 2) within a continuous
scale (1) to indicate where in the scale they thought that the refer-
ence word (5) was located within the range of the scale. To signal
which ends of the scale corresponded to which values, we provided
example words rendered with the extreme values of the typographic
parameter at the corresponding extremes of the scale (3 and 4). The
words in the task screen were always different from each other. To
avoid interference from word familiarity we drew all words from
a list of 1197 high-frequency 8-letter words without proper nouns
that we manually curated to exclude potentially disturbing words
(available in the Supplementary Materials). The words were always
rendered in lower-case. The slider accepted 100 different values, and
participants learned before the experiment how to adjust it through
their pointing device and through the arrow keys.

Fig. 4. Experiment 1 task as it looked for the weight parameter.
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6.2 Procedure
Participants provided informed consent, then read instructions for
the procedure and a detailed description of the typographic pa-
rameter being tested with graphics similar to Figure 2. They then
performed 81 trials in an unpredictable and counterbalanced order (9
repetitions for each of 9 levels of the typographic parameter between
-0.5 and 0.5 in the normalized parameter space—see Section 5.3).

6.3 Participants
We obtained 254 full sets of trials for this experiment of which we
kept 214, a bit over 30 full datasets per parameter (19 sets which
were not complete and 40 were filtered). Participants did not repeat
the same parameter, but they could do multiple parameters (187
unique participants completed the 214 full sets of this experiment).
To be conservative, we only carry out between-subjects analyses. 88
were female and 1 did not disclose sex. Participants were between
18 and 65 in age, with a median and mode of 30. There is further
detail in Appendix D.1.

6.4 Specifics of the Analysis
The analysis aims to provide, per parameter, accurate estimations
of the level of perceptual noise (Q1), a model of the relationship
between stimulus and average response (Q2), a series of distinguish-
able stimuli levels (Q3), and an estimation of perceptual variability
in the participant population (Q4). We perform model fitting in two
phases: first we fit a set of models to select the best model, and
then we further fit a more sophisticated version of the model that
accounts for participant variability and different noise at each of
the nine tested levels.

6.4.1 Model Comparison. To model the relationship between par-
ticipant responses (y) to the specific parameter (stimuli) value (x),
we assume a probabilistic Gaussian distribution of perceptual noise
where the center of the predicted value µ(x) (the Gaussian mean)
depends on the stimuli and there is a global standard deviation (σ )
per model (see Eq.1).

P(y | x) = 1
σ
√
2π

e
−(y−µ(x ))2

/
2σ 2

(1)

The shape of the bias (µ(x)) can potentially be modeled by any
function that maps the dimension of the stimuli (the value of the
parameter) to a perceived value. Since it is not practical to compare
a very large number of models, we chose four possible algebraic
models to fit responses: quadratic, sigmoid, inverse-sigmoid, and
cubic. The basic curves are defined in equations 2 to 5 and displayed
in Figure 5.

µq (x) = β0 + β1x + β2x
2 (2)

µs (x) =
1

1 + exp(−κs (rsx − xs0))
− 0.5 (3)

µi (x) =
loд

(
1

rix+0.5 − 1
)

−κi
+ yi0 (4)

µc (x) = yco + a (x − xco )3 + c(x − xco ) (5)

Fig. 5. The basic models (represented with illustrative parameters).

The outcome of the model comparison are Bayes Factors for each
of the four model types, as well as best parameter fits for each model.
The Bayes Factors represent the comparative posterior probability
of a model being best at explaining the data among the models
included in the comparison. We choose the model with the highest
Bayes factor, i.e., the most plausible model. The Bayesian procedure
takes care of regularization issues (i.e., it balances probabilities
when models have more degrees of freedom—see explanation in
Appendix D.2 and Ref. [Kruschke 2014, p.291]).

We chose the models to be able to reasonably approximate most
possible monotonic behaviors of the curve. The models cover cases
where the curve flattens as the value increases (consistent with
Weber-Fechner’s law [Fechner 1948]), or decreases, and curves that
are more (or less) steep in a particular region of the range, which are
covered by sigmoid (and inverse sigmoid) models. We did not explic-
itly include exponential/logarithmic curves, but these are reasonably
approximated by polynomial curves. We chose parameterizations
to simplify interpretation of the results. For example, the sigmoid
curve has parameters that modify the vertical and horizontal offset
of an s-shaped curve that crosses the center of the range, with an
additional parameter that determines the slope of the curve at the
center (green dotted curve in Fig 7). The representativeness of the
models and rationale for parameterizations are in Appendix D.2.

To complement the probabilistic model of Equation 1, which has
to use data averaged per participant, we also fit a more sophisticated
model (Equation 6) that accounts for the variability in responses
per participant by introducing a participant multiplier (pMult ) of
the variances. Participants that are less accurate than the average
have pMult above 1, and more accurate participants have pMult
below 1. Modeling the variability of pMult allows us to approximate
the expected variation in participant perceptual accuracy across
the population. This model also fits different levels of variability
to different levels of the typographic parameter stimuli (i.e., σ is a
function dependent on the stimulus x rather than a single variable).
Note that here we only use the µ(x) function of the model of the
first phase that was most likely. The multi-phase procedure and
setting of prior and pseudo values to fit parameters and calculate
the Bayes factors are in Appendix D.4.
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P(y | x ,p) = 1
σ (x)pMult[p]√2π

e
−(y−µ(x ))2

/
2(σ (x )pMult [p])2 (6)

7 EXPERIMENT 1: RESULTS
We report following research question order from Section 4. Table 2
provides an overall summary of the main results.

7.1 Q1: Perceptual Noise
Aggregate measures of standard deviation from the average on each
of the nine tested levels of the stimuli appear on Table 2, columns
labelled σR,A and σR,U . These are measurements based exclusively
on data (no modeling). σR,A is smaller because it averages all the
responses by a participant before calculating the standard deviation,
whereas σR,U considers individually all the individual data points
from each participant. Figure 6 provides a visual summary of the
results for each parameter.
The ranking of σR,A and σR,U places weight as the least noisy

typographic parameter, followed closely by slant, with width and
xHeight next (and close to each other), then contrast, and then serifs
and aperture at the end (close to each other). Serifs and aperture shift
places between the averaged and per-participant measurements.

Whenwe estimate the standard deviations through fitting the best
model (see Section 6.4.1) we get different values because the models
account for the floor and ceiling effects of the scale through censor-
ing (see Appendix C.3). Additionally, the per-person model enables
individual multipliers of error depending on the participant’s skill.
The per-person estimations of standard deviation σM2,U should
be more robust estimations of noise for the different typographic
parameters. These are displayed in Figure 7 and place slant as least
noisy, followed by weight, width, xHeight, contrast, serifs and aper-
ture, in that order. To provide an estimate of the reliability of that
ordering, we computed the average standard deviation of responses
across the nine stimulus levels with their corresponding 95% high
density intervals from the MCMC chains (Figure 8). Weight and
slant show a small overlap and width and xHeight show a more
significant overlap, with all other intervals being clearly distinct.

7.2 Q2: Curve Shapes
The Bayesian model comparison selects the most likely shape of the
perceptual responses to the stimuli (Table 2, column 6).6 We were
surprised by the variety of models that were best fits for the data
from different typographic parameters. Data from weight and width
were fitted best with quadratic models with negative coefficients
of the square term (a concave shape flattening as the parameter
value increases). Contrast is cubic, but with a concave shape, ap-
proximately the inverse behavior of weight and width. For xHeight,
serifs and aperture the best fit was a sigmoid curve, where the slope
is steepest roughly in the middle of the range, and flattens when it
approaches both edges. Finally, slant was the only parameter with
an inverse sigmoid shape, where the slope is more horizontal around
the middle and curls down and up on the lower and higher ends of
the range, respectively.

6The values of the Bayes Factors for each model and parameter are in Section D.6.1

7.3 Q3: Distinguishable Levels
Because our most sophisticated model (Formula 6) fits average re-
sponse as well as the magnitude of error depending on the level of
the stimuli, we can use this model to calculate the levels of stimuli
that will minimize the chance of one stimulus being confounded
with another (see Appendix D.5). The bottom tetragrams of Figure 6
display the estimated optimal levels of stimuli (diamond marks) for
7, 5, 3 and 2 classes (from top to bottom), in each of the parameters.
Columns labeled ϵ7, ϵ5, ϵ3 and ϵ2 in Table 2 report the probability
(out of 1) of mistaking a stimulus for another for these configura-
tions of 7, 5, 3 and 2 classes respectively. These calculations assume
that each class is equally likely. The distribution of levels gener-
ally seeks to concentrate more stimuli wherever the curve is more
vertical and, simultaneously, there is less variance. Note that this
measure of confusion is based on a task in which a viewer looks at a
word rendered in one level and has to make an absolute judgement
of this stimulus using only the extremes of the scale as reference.
For tasks in which viewers compare two levels of stimuli—much
easier—see Experiment 2 below. The ranks of error follow similar
patterns to the noise measurements of Subsection 7.1 above, espe-
cially for the largest numbers of classes: weight is best, followed
closely by slant, then width, xHeight and then with contrast, serifs
and aperture further behind.

7.4 Q4: Participant Population Variability
Because the model of Formula 6 parameterizes the participant’s
individual performance as a multiplier coefficient of the standard
deviations (noise) at each stimulus level, we can characterize the
expected variation in perceptual noise across our participant pool
(Column PCσ in Table 2). In other words, PCσ models the spread in
performance among participants, with some participant p’s percep-
tions less noisy than the average participant—pMult[p] < 1–and
other participants showing more noise instead—pMult[p] > 1.

These estimations are fairly uncertain due to the higher hierarchy
of this parameter, but we observed clear differences between an
unstable group of parameters (aperture, serifs and slant) and a stable
group (contrast, weight, width). The 95% High Density Intervals
barely overlap across groups or not at all (95% Column in Table 2).
xHeight is in the middle.

7.5 Experiment 1: Discussion
Overall, slant and weight are the parameters that offer least percep-
tual noise for information encoding, followed by width and xHeight.
Contrast, serifs and aperture are at the bottom of our list (Q1).

The shape of the perceptual response curves for weight and width
(Q2) are expected and roughly consistent with Weber-Fechner’s and
Steven’s laws [Fechner 1948; MacKay 1963] from Psychophysics: the
larger the stimuli, the larger the difference has to be between levels
of the stimuli to yield different responses. This is also consistent
with existing practices in type design, where designers select glyph
thickness for different weight variants of the same font family based
on exponential or logarithmic curves so that they appear to be at
optically uniform intervals [de Groot 2020]. This is, essentially, a nat-
ural way to compensate for the shapes that we observed, although
based on the trained eye of type designers.
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Table 2. Experiment 1 results. R refers to calculations based on Raw data, M1 to the simpler model of Eq. 1 and M2 to the model of Eq. 6, which models
participant noise independently and different noise for each measured level of stimuli. A refers to calculations using the by-participant-averaged data, U
refers to Unaveraged data (see Section 6.4.1). PCσ is standard deviation of the per-person standard deviation multiplier coefficients (pMult—see 6.4.1 and
7.4). ϵ2,3,5,7 are the expected errors with optimally chosen inputs values for 2,3,5 and 7 classes respectively. Each column labeled “Rk” refers to the typographic
parameter ranking of the parameter of the column to its left. The column labelled 95% reports the 95% High-Density Interval of the column to its left.

Typ. par. σR,A Rk σR,U Rk Model M1,A pars. σM1,A Rk M2,U pars. σM2,U (x) σM2,U Rk PCσ 95% Rk ϵ2 Rk ϵ3 Rk ϵ5 Rk ϵ7 Rk
weight 0.078 1 0.11 1 quad. β0 = 0.048

β1 = 0.93
β2 = −0.19

0.079 1 β0 = 0.057
β1 = 0.97
β2 = −0.25

0.068, 0.11, 0.14,
0.13, 0.14, 0.12,
0.13, 0.12, 0.099

0.12 2 0.24 0.17
0.32

3 0.000 1 0.001 1 0.072 1 0.17 1

width 0.08 3 0.14 3 quad. β0 = 0.081
β1 = 0.81
β2 = −0.3

0.08 2 β0 = 0.088
β1 = 0.86
β2 = −0.31

0.12, 0.14, 0.15,
0.14, 0.14, 0.15,
0.14, 0.14, 0.16

0.14 3 0.24 0.17
0.32

2 0.000 2 0.018 2 0.15 3 0.24 3

contrast 0.11 5 0.19 5 cubic xc0 = −0.35
yc0 = −0.24
a = 0.41
c = 0.4

0.12 5 xc0 = −0.49
yc0 = −0.32
a = 0.3
c = 0.37

0.17, 0.17, 0.18,
0.21, 0.22, 0.21,
0.21, 0.19, 0.17

0.19 5 0.22 0.16
0.29

1 0.003 5 0.12 5 0.28 5 0.35 5

xHeight 0.088 4 0.15 4 sigm. xs0 = −0.022
κs = 7.5
rs = 0.57

0.09 4 xs0 = −0.019
κs = 8.3
rs = 0.56

0.14, 0.14, 0.14,
0.15, 0.15, 0.16,
0.15, 0.16, 0.16

0.15 4 0.3 0.21
0.4

4 0.000 3 0.029 4 0.17 4 0.26 4

slant 0.079 2 0.12 2 invsig yi0 = −0.013
κi = 3.7
ri = 0.51

0.083 3 yi0 = −0.005
κi = 3.4
ri = 0.51

0.14, 0.13, 0.11,
0.067, 0.032, 0.075,
0.11, 0.15, 0.18

0.11 1 0.6 0.4
0.92

7 0.002 4 0.023 3 0.12 2 0.2 2

serifs 0.13 7 0.21 6 sigm. xs0 = −0.004
κs = 6.5
rs = 0.55

0.13 7 xs0 = −0.011
κs = 9.9
rs = 0.35

0.24, 0.23, 0.23,
0.24, 0.21, 0.20,
0.22, 0.20, 0.21

0.22 6 0.49 0.31
0.77

6 0.015 6 0.13 6 0.29 6 0.35 6

aperture 0.13 6 0.25 7 sigm. xs0 = 0.009
κs = 4.4
rs = 0.35

0.12 6 xs0 = 1e − 04
κs = 7.1
rs = 0.21

0.24, 0.26, 0.25,
0.23, 0.25, 0.24,
0.25, 0.23, 0.25

0.24 7 0.42 0.28
0.62

5 0.16 7 0.31 7 0.4 7 0.43 7

A plausible explanation for the shape of contrast is that it behaves
as the weight parameter, but with glyphs only partially reducing
their thickness (mostly only vertical strokes). The inverse shape is
due to how contrast was mapped to the stimuli scale: increasing
contrast results in vertical strokes of diminishing weight.

xHeight shows a sigmoid shape that flattens at the beginning and
the end of the range. This behavior took us by surprise because one
would expect the small variations at the beginning and end of the
range to be more distinct because differences in the height of the
letter’s body and the ascenders’ protrusion above low letters are
proportionally larger at both ends (Weber-Fechner’s law). Instead,
the slope at the middle of the curve is more pronounced, indicating
better ability to appraise stimuli there. We speculate that this could
be due to perceptual tuning to the more familiar middle range of
this parameter (fonts with very high or low xHeight are unusual),
or to floor and ceiling effects due to the finite coverage of range and
how participants only saw the extreme ends of the “legend” in the
stimuli presentation. The curves for serifs and aperture are simi-
lar; however, the increased noise in these two parameters and the
smaller prominence of the flattening—the aperture curve is almost
completely straight—makes these effects less practically relevant.
Finally, the inverse-sigmoid shape of slant is consistent with

psychophysical measures of orientation perception; judgment bias
and error increase as orientation deviates from straight (0°, 90°,
135°and 180°) angles [Durgin and Li 2011; Howe and Purves 2005].7

This characterization of the curves, which is different for each
typographical parameter, will allow designers of visualizations to
use non-linear mappings that compensate for the systematic bias

7Note that the range of slant tested is only a small local interval around 90°.

in perception, beyond how type designers currently compensate
weight in their fonts.

If used for categorical ordinal representations (Q3), we predict
that aperture might be just acceptable to represent a binary variable
(16% expected error), with all other typographic parameters showing
very few expected errors in this case (< 2%). For 7 levels, weight
and slant offer levels of error that might be acceptable in many
applications (both < 20%). Note that optimal levels and accuracy
will change if the mapped data variable does not have a uniform
frequency distribution.8 We also learned that people’s perception
error was less stable across our population for slant, serifs and
aperture (Q4).

8 EXPERIMENT 2: JUST NOTICEABLE DIFFERENCES
Unlike Experiment 1, this experiment measures the observer’s abil-
ity to differentiate levels of a typographic parameter when words
rendered with these different levels are simultaneously visible. That
is, we measure the Just Noticeable Differences (JNDs) along each
typographic parameter.

8.1 Task
Participants saw two renderings of different words on the screen,
each with a different level of the tested parameter. All other parame-
ters were kept at the neutral level. A prompt asked the participant to
select the word with the higher level of the parameter with a radio
button (see Figure 9). For example, the prompt indicated “select
which word has a higher weight”. The correct answer was the left
or the right in an unpredictable order. This follows a two-alternative

8Optimal levels for other circumstances can still be easily calculated with the code
from the supplementary materials.
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Fig. 6. Experiment 1 unaveraged models. The Bottom right figure is the legend for the others. Width of violin plots indicates density of data points (normalized
within input value). Figure represents individual trial data points by all participants for that parameter. Plausible models from the simulations drawn = 30
(grey transparent lines). These are drawn randomly from MCMC simulation and suggest certainty of the model chosen. Bottom panel displays optimal
stimulus points and boundaries for seven, five, three and two classes from top to bottom.

forced choice task (2AFC) paradigm. Text at the bottom of the page
indicated the trial’s number and the total number of trials.

8.2 Procedure
Participants provided informed consent. Then they saw instruc-
tions on how to perform the task and a detailed explanation of the
corresponding typographic parameter. We measured JNDs at five
equidistant levels covering the parameters’ range. For each level,
the experiment presented staircase procedures that approached the
level from above or from below the scale, except for the lowest
end of the range, which was only approached from above, and the
highest end, which was only approached from below. There were
thus eight different staircases. Testing on each of the staircases was
interleaved in an unpredictable fashion to reduce carryover effect
from one trial to the next. Participants made 35 judgements on each
staircase, for a total of 280 trials. The efficient staircase was adaptive
and based on Kontsevich et al.’s Bayesian procedure which calcu-
lates the next level to test by maximizing the potential information
gain [Kontsevich and Tyler 1999]. Each of the staircases results in a
measure of the Just Noticeable Difference (JND) at that level (from
above or below), which estimates the stimulus level at which the psy-
chometric function crosses half way between chance level of error
and perfect performance (i.e., the stimulus at which the likelihood

of error is 25% in a 2AFC task—more detail in Appendix E.2). Due
to differences in the implementation of the different typographic
parameters, the granularity of discretization of the range is different
for each (these are displayed in the rightmost column in Table 1).
During pilot testing we realized that many participants were

confused by a task asking them to choose the rightmost slant if both
slants were left sided or when the positions of the slanted words
were reversed. To maintain consistency of the prompt and avoid
noise due to misinterpretation, we separated left slant and right
slant treating them as two different parameters.9

8.3 Participants
We obtained 285 full sets of trials for this experiment, of which we
kept 237 (38 were not complete and 48 were filtered). Participants
did not repeat the same parameter but could do multiple parameters
(105 unique participants completed the 237 full sets included in
the analysis). The only parameter for which we did not reach 30
full sets was aperture, for which we tested 53 participants but only
20 complied with the acceptability conditions defined a priori. 40
participants were female, 64 male, and one did not disclose sex.

9This provides measurements at additional levels for this parameter (16 staircases
instead of 8). We report separate or joint results when appropriate.
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Fig. 7. The standard deviations (y axis) for each input level of all parameters.
Error bars indicate 95% High Density Intervals, which is a measure of the
uncertainty of the estimation. Horizontal position is slightly shifted to avoid
visual overlap of the parameters.

Fig. 8. Average standard deviation across all 9 parameter stimuli points, for
each typographic parameter. Error lines indicate 95% HDI.

Fig. 9. Experiment 2 task (weight parameter).

Participants ranged between 18 and 61 in age, with a median of 31
and a mode of 25. There is further detail in Appendix E.1.

8.4 Specifics of the Analysis
The analysis of this experiment incorporates elements from the
analysis in Experiment 1 as well as from Kay and Heer’s approach
in their Bayesian analysis of JNDs [2016]. Unlike in Experiment 1,
we do not compare different curves for plausibility, and we simply
fit a cubic curve with four parameters that should provide a reason-
able account of variation as it depends on the stimulus level. This
analysis decision was made partially because the data from this ex-
periment covers fewer levels of the stimuli range and because there

are fewer repetitions (each staircase provides a single estimation of
JND, despite consisting of 35 trials).
Like Kay and Heer [2016], we fit a log-linear transformation of

the cubic curve. This is consistent with the observation that, in our
data (as in theirs), the size of residuals grows with the measures of
JND (i.e., the larger the magnitude of the measured JND, the larger
the variability). We account for the approach measure of JND from
above or below as an additional term in the function that models
the mean. This term fits the separation between the two ways to
approach the stimulus (see Equation 8); this allows us to fit a single
model for both approaches, but avoids having to average them or to
apply a procedure such as Harrison et al.’s [2014].10 The noise model
is expressed by the log-normal probability in Equation 7, where the
mean (Equation 8) depends on the stimulus level (x ), the approach
(from above or below, ap) and the participant (p).

P(y | x ,ap,p) = exp
(

1
σ (x)√2π

e
−(y−µ(x,ap,p))2

/
2σ (x )2

)
(7)

µ(x ,ap,p) = β0 + β1x + β2x
2 + β3x

3 + δap + γp (8)

In Equation 8 the additive δ fitted coefficient expresses the differ-
ences between approaches from above and below explained above.
The γ coefficient captures the variation between individual par-
ticipants. The variance (σ (x)) is modeled independently for each
stimulus level as in Equation 6. Unlike in Experiment 1, here we
cannot model variation within the individual participant’s response
because we only gather a single JND value per unique combination
of participant, stimulus level and approach.

As in Experiment 1, we apply censoring to estimate variance and
averages beyond the measurable range. This is particularly impor-
tant here because the staircases have different measurement ranges
dependent on stimulus level and approach (see Appendix E.4).

9 EXPERIMENT 2: RESULTS
We report the results according to the four questions in Section 4.
Table 3 summarizes the main outputs of the analysis.

9.1 Q1: Perceptual Noise
Just Noticeable Differences are measurements of perceptual noise
because they estimate the magnitude of change in the stimulus that
is necessary for the viewer to reliably detect the change (i.e., JND
is an implicit measure of signal-to-noise ratio). Averaged across
all stimulus levels per typographic parameter (Column JNDR in
Table 3), the smallest JNDs correspond toweight, followed by slant at
some distance, with width and xHeight after, then serifs and contrast,
and with aperture clearly behind. The average JND magnitudes
calculated from the fittedmodels are similar; only width and xHeight
swap places in the ranking.
Notice that the measure of slant is aggregated from two inde-

pendent sets of measures done on different sets of participants.

10We considered using Harrison et al.’s procedure, in which the curve fits JND measure-
ments shifted in stimulus (x axis) by the average JND. Although this makes conceptual
sense, it simply does not fit our data well in qualitative posterior predictive checks.
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Table 3. Main result table for Experiment 2. R refers to calculations performed on the raw data, whereasM refers to the model-based calculations. σpar t
measures the variability of γ in Equation 8. The column to its right is the 95% HDI of this parameter. Each column labeled “Rk” refers to the typographic
parameter ranking of the parameter of the column to its left.

Typ. par. JNDR Rk JNDM Rk Model pars. σpar t 95% range σpar t Rk Num JND Intervals Rk
weight 0.04 1 0.033 1 β0 = −3.4 β1 = 0.92 β2 = −0.28 β3 = 0.28 0.45 0.33 — 0.6 3 32 1
width 0.1 3 0.088 4 β0 = −2.4 β1 = 0.74 β2 = −0.34 β3 = 0.83 0.37 0.27 — 0.49 1 11 4
contrast 0.19 6 0.16 6 β0 = −1.9 β1 = −1.1 β2 = 0.71 β3 = 1.9 0.42 0.3 — 0.56 2 7 6
xHeight 0.11 4 0.085 3 β0 = −2.6 β1 = 0.15 β2 = 1.2 β3 = 2.2 0.54 0.4 — 0.71 6 11 4
slantL - - - - β0 = −2.2 β1 = −1.8 β2 = 2.2 β3 = 6.6 0.48 0.35 — 0.63 4 - -
slantR - - - - β0 = −2.0 β1 = 1.4 β2 = 0.84 β3 = −4.2 0.5 0.38 — 0.65 5 - -
slantCombined 0.086 2 0.074 2 - - - - 15 2
serifs 0.18 5 0.14 5 β0 = −2.0 β1 = 0.88 β2 = 0.6 β3 = 1.0 0.61 0.46 — 0.8 8 8 5
aperture 0.32 7 0.25 7 β0 = −1.4 β1 = 0.32 β2 = −0.19 β3 = −1.7 0.58 0.41 — 0.79 7 4 7

Combining the two slant sub-ranges expands the range measured
and hence halves the JNDs of the individual subtests.11

Figure 10 is analogous to Experiment 1’s Figure 8 and shows the
stability of the averaged JNDs for the different parameters (HDI
intervals calculated from the MCMC chains), except for the com-
bined slant parameter, which only shows the average.12 The only
intervals that overlap are width and xHeight, which supports the
rankings at the beginning of this subsection.

Fig. 10. Average JND estimations across all levels for each parameter. Error
lines represent 95% HDIs.

9.2 Q2: Curve Shapes
Figure 11 shows the best fitted curves of the magnitude of JNDs
per parameter. Figure 12 presents the curves of all the typographi-
cal parameters for better comparison, with the left and right slant
curves amalgamated into one. Visual inspection of the figures and
the best parameter values fitted provide a strong indication that
weight and width are roughly linear with a positive slope. Serifs
shows increasing variability as the serif size increases, with a larger
increase towards the end and xHeight has stable (and fairly small)
JNDs up to the end of the scale. Slant becomes less differentiable as
the angle deviates from the vertical, but there is a moderate increase
of noise just around the upright level. The pattern is quite similar
for both left and right slant. Contrast and aperture are generally
quite noisy.

11Individual JNDs are defined according to the variation range of the subrange; when
integrated into the double range, a JND with respect to the overall range is halved.
12The aggregated HDI of slant cannot be calculated from two independent MCMC
chains, but the means is reasonably approximated as the mean of the separate slantL
and slantR measurements, which have the same number of samples.

9.3 Q3: Distinguishable Levels
The bars at the bottom of each subfigure in Figure 11 indicate the
distributions of stimuli levels that contain the largest number of
points that are separated by at least a JND (see Appendix E.5 for
the algorithm and rationale). This guarantees a conservative upper
bound of 25% confusion error with neighboring levels of each of the
categories. The last two columns in Table 3 summarize the results for
each parameter: weight is best, with more than double the number
of categories (32) than the combined slant (15). Width and xHeight
are tied at 11, followed by serifs, contrast, and aperture, where only
four categories would be distinguishable with this level of error.

9.4 Q4: Participant Population Variability
The estimated range of variability of the population in this exper-
iment does not offer a clear differentiation between parameters.
Ranges of σpar t (column 8 in Table 3) are wide and clustered around
the same standard deviation range (between 0.37 for width and 0.61
for serifs). The substantial overlap indicates insufficient reliability
of the estimation. This is likely due to the reduced number of data
points (one per participant and level), which increases uncertainty
in the estimation of variability.

9.5 Experiment 2: Discussion
The JND measurements (Q1) place weight by far as the most differ-
entiable typographic parameter, followed by slant (when left and
right slants are combined), then xHeight and width very close to
each other (and statistically indistinguishable), and serifs, contrast,
and aperture at some distance. The JNDs of aperture are much larger
than for any of the other parameters, and almost an order of magni-
tude larger than those of weight. Moreover, the measurements on
aperture are likely to be over-optimistic due to the rejection of a
large number of participants whose generated data did not comply
with our pre-set conditions despite them having tried their best.
The aperture parameter, despite combining typographic variations
in both aperture and junction, seems too subtle for most people and
filtering criteria might have been too strict.

The experimental design in Experiment 2 measures fewer levels
than in Experiment 1, which means that we can make fewer distinc-
tions regarding the shapes of the perceptual noise curves (Q2), yet
we can still make some observations as to the general increasing or
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Fig. 11. Fitted curves of Experiment 2. Red and blue elements correspond to approaches from above and below respectively. Solid lines show the most likely
curves fitted. Discontinuous curve segments indicate that the curve is extrapolated (there is no data on approaches from above at the rightmost level of the
range). Transparent curves show random samples of models from the MCMC, which indicate the uncertainty of the fit. Downward- and upward-pointing
triangles show the measurement bounds of the staircase at that level, which were used for censoring (see more detail in Appendix E.4). The violin display the
distribution of the individual samples at each level, which are plotted as dots in the corresponding color, with a small jitter in the horizontal position for
visibility. The bar with diamonds at the bottom shows stimuli levels that are separated by at least a JND.

Fig. 12. Fitted curves of JND values for Experiment 2. Only central estimated
values are shown, for clarity. The two slant experiments are combined into
a single curve, hence the small discontinuity in the middle. Combined slant
might seem low in comparison with the individual curves in Figure 11 be-
cause the vertical axis values are halved when the two datasets are combined
to each cover half of the horizontal range.

decreasing pattern. Weight and width’s shapes (increasing value of
JNDs from left to right in weight and width) are consistent with the
curve shapes from Figure 6 in Experiment 1 (i.e., the just noticeable
differences increase as the perception curve becomes flatter), and
therefore also roughly consistent with Weber-Fechner’s law, despite
the fact that the tasks are different. As in Experiment 1, contrast has
an inverted pattern, although much noisier than weight and width.
xHeight’s curve is mostly flat except towards the high end of the
range—i.e., consistent with Experiment 1’s result on the high end,
but not on the low end. Serifs shows a monotonic increase in JNDs
that is only weakly consistent with the results from Experiment 1.
The shape of the combined slant, for whichwe have double the levels
of samples (see Section 8.2), shows a large dip in the middle (angles
close to upright text) consistent with the noise measurements of
Experiment 1, but with an unexpected twist: the JND close to the
upright position is larger than the next immediate one. For aperture,
which has fairly high JNDs, we cannot make strong claims about
the shape of the curve because the measurements are too close to
the upper bounds (the downward pointing triangles in Figure 11),
which makes the measurements more uncertain.

Dividing the range space into JND intervals (Q3) gives us a sur-
prisingly large number of discrete levels that could be mapped to
many values of a continuous or discrete variable. Even serifs—one
of the parameters with the largest JNDs—can offer up to 8 different
levels separated by at least one JND of distance from each other.
This is encouraging for encoding information, but it is important
to remember that JNDs, by definition, still would incur an average
of 25% error. Additionally, the JND task is representative of almost
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optimum conditions for parameter judgement: words are rendered
next to each other, and the viewer can quickly direct their gaze
back and forth between the (different) words to find differences. In
practical terms, this suggests that aperture can only reliably repre-
sent a binary class distinction, whereas we can be confident that
even contrast or serifs can represent ordinal data with at least four
categories (probably more). Weight, slant, width, and xHeight have
JNDs small enough to reasonably encode continuous variables.
Our experiments measured slant separately for right and left

leaning renderings. The main rationale was to acquire JND measure-
ments that avoid noise introduced by the experimental paradigm
itself in the presentation of the task. Although this gives us more
internally valid JND measurements, it does not account for the fact
that people might actually experience similar confusion when en-
countering slant encodings in text or in visualizations. This might be
further compounded if the text in visualization is rotated. Although
further empirical confirmation is required, this should serve as an
early warning that applying slant can be problematic because the
inherent spatial-orientation aspect of the parameter variation could
interfere with other spatial aspects of the representation (e.g., it
might place additional requirements on mental rotation). If only one
side of slant is available (i.e., range is halved), then this parameter
only offers more differentiability than contrast and aperture.
Interestingly, the left slant and right slant measurements were

very similar (when mirrored). This is somewhat surprising, since
right slant is far more common in text than left slant (italics most
often have right slants). Thus, familiarity might not play too big
of a role in perceptual differentiability, at least for this parameter.
Also interesting is that, according to our measurements, the most
sensitive regions of the slant parameter (the smallest JNDs) are
not immediately around the vertical slant, but offset by about 5° in
each direction. This goes against evidence from the literature on
perception of orientation, which suggests that the human percep-
tual system is most sensitive to departures from horizontality and
verticality [Durgin and Li 2011]. We can only speculate that this
might be caused by the additional visual complexity and variation
of orientation contained in lettershapes as compared to the isolated
simple segments from traditional experiments in Psychophysics.

10 GLOBAL DISCUSSION
In this Section we interpret the combined results from both experi-
ments, examine the applicability of the results in real scenarios and
discuss the limitations and future avenues for this research.

10.1 Results Summary
Although the tasks of Experiment 1 and 2 are distinct, the parameter
rankings from both experiments are similar. This suggests at least a
partial common latent source of noise associated to the perceptual
characteristics of each parameter. The rankings classify parameters
in roughly four groups: weight and slant are least noisy, followed
by xHeight and width, then contrast and serif, and with aperture-
junction by itself as the noisiest parameter (Q1). Within each of
these four groups the parameters are close or swap places.
Readers should interpret the more accurate perception in the

JND experiment results as a lower bound measure of perceptual

noise that corresponds to close-to-ideal perceptual conditions. We
expect JNDs to match perceptual tasks that involve comparison of
text in close proximity. For example, JNDs should approximate well
whether people notice increases of a parameter in subsequent words
of a sentence. The absolute perception task from Experiment 1 is
harder, shows generally larger error (closer to an “upper bound”
for each parameter), and corresponds to tasks that require reading
a value from its encoded typographic parameter, possibly with a
legend. Other tasks such as finding extrema values, or comparing
values across locations will likely fall somewhere in between.

The modeling of noise along the range of each parameter provides
conclusive evidence that their perception is non-linear (Q2). The
per-parameter response curves are not very surprising for weight
and width (they show the flattening towards the right predicted by
Weber-Fechner’s and Steven’s laws). The other parameters, which
have not been tested before, show are a wider variety of distribu-
tions. Most would be difficult to predict only from existing results
in Psychophysics. The measurements of level of noise from both
experiments, combined with the variation of the curve’s slope, pro-
vide the most complete characterization of these perceptual spaces
to date. In some cases (e.g., the edges of the range in slant) slope
and error counteract each other. In contrast, sometimes the regions
with steep slopes have less variability (e.g., the light and narrow
ranges of weight and width respectively).
The analysis also gives an estimation of how much perceptual

variability to expect from a heterogeneous population. This should
be taken only as an initial approximation because these are second-
order estimations with high uncertainty. Nevertheless, the statistical
analysis of Experiment 1 provides sufficient data to indicate that
weight, width and contrast perception were more homogeneously
perceived across our participant sample (Q4).
We interpret our results as supportive of Brath and Banissi’s vi-

sion of varied and widespread infotypographic applications [2014a].
Several of the parameters offer substantial ranges of discriminability
for categorical and continuous mapping of information attributes.

10.2 Applicability of the Results
Probably the most immediate application of this work is in the selec-
tion of the appropriate typographic parameters to represent data as
part of text within visualizations and infographics. If accuracy mat-
ters, weight and slant will be most differentiable and appropriate to
map to continuous variables, whereas serifs and aperture are subtle
enough that they probably should not be used for more than two or
three distinct categories. Regardless of whether the data variables
are categorical/ordered or continuous, our characterization of the
perceptual responses (Q2) supports linearizing the range of each
of the parameters through the corresponding inverse functions. If
the variable is categorical, this will help select the levels that min-
imize confusion (Q3). We provide these selections for sets of two,
three, five and seven levels (based on Experiment 1 data), and for
distribution of non-overlapping JNDs (based on Experiment 2 data).
A related application is the typographic design of document

templates. Our results can help select formatting conventions for
headings and highlighting that make the hierarchies more distin-
guishable. Similarly, designers of static fonts can use our results
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to select perceptually-normalized levels in seven parameters. For
variable fonts, pre-normalizing the parameters with the empirically-
generated curves will presumably help make the space of possible
font instances more perceptually uniform.
There are some important considerations for those looking to

apply our results. A key one is the granularity of infotypographic
mappings. Our results reflect accuracy and judgements at the level
of words. All letters in a word had the same levels. This is appro-
priate in many applications because words are the most common
semantic unit. However, some applications might require variation
of parameters at the morpheme, syllable or even letter level. In these
cases we anticipate noise because some single letters do not have
sufficient features to assess a parameter (e.g., “l” is very simple).

Some parameters also have specific applicability limitations. For
example, xHeight will be harder to decode through a word without
letters with ascenders or descenders (i.e., if it is spelled only with
aceimnorsuvwxz). The use of the slant parameter that we tested also
assumes that the word is placed horizontally. Because perception of
angle is dependent on the viewer’s frame, using angle in a visualiza-
tion with rotated words might result in irregular or unpredictable
perceptual patterns. In exchange, slant is the only parameter we
tested that has a practical and natural neutral point (the upright posi-
tion). Slant will be useful to represent data that has ranges spanning
from negative to positive and where zero point is significant.

Applications requiring that a word’s footprint is constant regard-
less of the level of the typographic parameter should not map to
width, and weight would require additional work such as special
inter-letter spacing. Some parameters also vary the density of ink
or black pixels more than others. This will affect the salience of
words. Variations of weight, but also width and xHeight, are more
conspicuous or visible at the overview level than those of slant,
contrast, serifs and aperture. Note that salience and discriminability
are not necessarily linearly or monotonically related, and there are
applications in which it might be desirable to represent data within
the text in a way that is unobtrusive and inconspicuous until the
viewer decides to explicitly access the encoded information. For
example, we might want to encode data in text that is meant mostly
for normal reading and only occasionally requires reading of the
encoded data. Contrast or serifs would work for this. Nevertheless,
it should be clear that our experiments do not measure salience; this
topic deserves further study (see also Strobelt et al.’s work [2016]).
We deliberately excluded color and size and focused on strictly

typographic letter shape parameters to keep the studies manageable.
However, many desirable applications of infotypographic mappings
might also rely on the use of color and size, which are extremely
common visual channels (Alexander et al. comprehensively exam-
ine font size and its biases [2018]). Although color and size will
undoubtedly be useful along InfoTypography, they may interfere
with the perception of the parameters we tested. For example, a
lighter color might make weight less distinguishable but not width.

Font alterations might also affect recognition times and readabil-
ity, which we did not study [Sanocki 1987, 1988].

Finally, some of the parameters will have semantic associations to
the data that they represent for particular applications. For example,
to encode speech volume in a libretto for musical theater, weight
seems straightforward. Others have suggested the use of left slant

to represent irony or sarcasm [Houston 2013]. The discovery and
design of these relationships is an open research avenue.

10.3 Limitations, Threats to Validity and Future Work
Any experimental design imposes interpretation restrictions. A ma-
jor limitation of our study is that it tested each parameter individu-
ally (when we varied one parameter, all other parameters were kept
constant at their neutral values). Although this still allows us to
compare each parameter’s perception, it offers only a crude approx-
imation for multi-variate scenarios. Some typographical parameters
will likely not be separable; naïvely extrapolating our data will likely
miss non-additive effects. For example, contrast is almost impercep-
tible in the low end of the weight range. More research is required
to map these second-order interactions and we do not recommend
the use of our data to estimate multi-parameter differentiability.

Our tests were also carried out with a specific variable font. The
design of variable fonts is diverse, and the more different from our
model, the more likely our results will be inaccurate for a font.
Nevertheless, we believe that our John Fell modification is repre-
sentative of commonly used fonts that support reading (e.g., Times
New Roman or Calibri). We also provide the font samples, measures,
and comparisons with existing fonts that allow font designers to
extrapolate our results to help with their own designs. Two related
generalization issues are that we tested only lowercase letters (we
are interested in supporting reading scenarios), and that the Latin
alphabet is, naturally, only one of many used worldwide.

We carefully selected the typographic parameters for our experi-
ment. Among the variable parameters featured in v-fonts [Sherman
2021], weight, width and slant (sometimes labeled as italics) are
dominant. Nevertheless, there are infinite ways to organize morpho-
logical variations of letter shapes, and some other parameters (fa-
miliar or unfamiliar) might be more appropriate for infotypographic
purposes than ours. For example, a chunkier slab serif parameter
might offer better accuracy than ours.

In our experiments we did not have complete control of the size,
resolution or visual angle of the displayed words of the experiment;
people could view the screen at whichever distance they preferred.
We chose to display the stimuli at a size likely to enable reasonable
estimations of the parameters. Displaying words in a larger size or
resolution might increase the reader’s performance—there exists
some evidence that larger text results in shorter eye fixations [Rello
et al. 2016] and that size affects reading speed [Legge and Bigelow
2011], but reading speed might not correlate with value decoding.
We suspect that perception will become much noisier as the text
becomes much smaller, especially when the features of letter shapes
become harder to see due to the resolution of the display or the
acuity thresholds of the human fovea. Fortunately, digital display
resolution keeps increasing and the human acuity threshold is well
below typical reading font sizes (8 to 12pt) at regular reading dis-
tances (up to 2’—60cm [Brown 2020]). Nevertheless the effects of
font size is still an active area of research (e.g., [Chaparro et al. 2010;
Dobres et al. 2016; Rello et al. 2016]), and further research is needed
to determine the acceptable size thresholds for infotypographic use.
Another factor that is certain to influence viewers’ accuracy in

decoding infotypographic parameters is time spent examining the

ACM Trans. Graph., Vol. 41, No. 4, Article 147. Publication date: July 2022.



Perception of Letter Glyph Parameters for InfoTypography • 147:15

letter shapes. We asked participants to achieve both accuracy and
speed which, in practice, means that participants find their own
speed-accuracy balance. Although it would be interesting to know
to what extent accuracy can improve by encouraging more effort
(e.g., by rewarding accuracy), we think that the 4.5 and 3.4 second
median trial durations are good initial representatives of what would
be acceptable in real-world applications.
Readers interested in the more subtle parameter of aperture

should interpret the JND measurements carefully because these
were obtained from a reduced number of participants, which is
likely to overestimate its accuracy. This is due to how we discarded
participants using a priori criteria. This parameter’s high noise
caused many participants to fail the acceptability criteria because
they were indistinguishable from participants randomly clicking.
Hence, the participants in that parameter’s sample represent the
most capable of judging it. This combination of aperture and junc-
tion might just be below the bar of utility to represent binary class
data, unless people were extensively trained or the purpose of the
encoding was precisely to hide data (as in Xiao et al.’s work [2018]).

Another limit of the JND experiment is that wewere not able to ac-
curately measure the slope of the Psychometric Function (see [Klein
2001]). This does not invalidate the results; the JND measures are
still accurate, support parameter comparisons and will help chose
intervals for the stimuli. However, it does prevent easy generaliza-
tion of the results to an arbitrary number of ordered or categorical
classes or to set an acceptable error threshold and work backwards
from there. Both of these are feasible for Experiment 1.
Finally, there are important and exciting open exploration av-

enues in InfoTypography and letter shape perception. An obvious
first direction is building a systematic map of the human perception
of the multi-dimensional space of letter shape variation, analogous
to work in color perception (e.g., CIE-LAB [Ohno 2000]). Although
the prospect is daunting due to the higher-dimensionality of the
space, it can open the door to a better design of documents and
visualizations or lead to automated selection and design of fonts for
specific applications. An additional question is whether humans are
able to simultaneously integrate infotypographic encodings with
the phonological and semantic information from the text. If inte-
gration of both types of information is natural or trainable, this can
lead to new enriched modalities of reading.

11 CONCLUSION
InfoTypography is the use of type design parameters—such as the
length of serifs and the contrast of letter shapes—to represent infor-
mation. InfoTypography has recently become much more accessible
due to the generalization and availability of variable fonts in web
platforms, and offers great potential to complement existing repre-
sentation techniques in infographics and information visualizations
that contain text. This paper describes the results of two crowd-
sourced experiments designed to characterize human perception of
seven infotypographic parameters: weight, width, contrast, xHeight,
slant, serifs, and aperture/junction. The results show that different
parameters have different levels of perceptual noise, with weight
and slant having the least noise and contrast, serifs and aperture
the most. The experiments also allow us to model the non-linear

perceptual response to changes in the parameters which, in turn,
will allow practitioners to optimize infotypographic encodings of
continuous or ordinal variables. The results are applicable beyond
visualization use and can support typographers with their choice
of document fonts and designers of non-variable fonts with their
choices of what font variants to create.
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A PARAMETRIC FONT PARAMETER DETAILS

A.1 Further Detail on Selection of Parameters
Following on the criteria for the selection of parameters introduced
in Section 3, (a) and (d) support compatibility with type design
practices and terminologies, (b) makes the study feasible, focused
on letter shapes, and novel (general visual parameters such as color
and size13 have been studied elsewhere, e.g. [Alexander et al. 2018;
Bateman et al. 2008; Shortridge 1979; Strobelt et al. 2016]), and (c)
and (d) assure that they can be widely used for infotypographic
purposes, including to represent multiple interval and ratio data
values simultaneously. The authors agreed on the final selection by
iteratively refining the implementation while considering literature
in font morphology (e.g., [Bauermeister 1988], [Haralambous 2007,
p.367]), existing variable and parametric systems (e.g., [Knuth 1986;
Mathey and Prototypo Team 2020]) and research on font use for
information display (e.g., [Brath and Banissi 2014b]).
The Prototypo platform provided good support for the imple-

mentation of these parameters. One of the main advantages of the
John Fell variable font was that many existing parameters were
implemented with simple linear relationships between levels and
geometrical shapes. Other existing parametric/variable fonts might
be programmed with other relationships (e.g., quadratic).

A.2 Range Selection
Regarding the criteria for choosing the ranges and neutral points
introduced in Section 3, we enforced (a)—practicality and readability
of the extremes—by applying our own judgement and expertise, and
(b)—avoidance of visual artifacts created by the implementation—
through an iterative process in which we plotted all possible variants
of fonts for three values in each parameter (minimum, neutral and
maximum—a total of 37 = 2187 variants) and inspected them one
by one for unsightly artefacts and difficult to read and distinguish
letters. When either were found, we reduced the parameter range
until the artifact or confusion disappeared or, in a few cases, we
were able to change the font implementation to fix the problem.
Some of the generated inspection pdfs for the process are included
in the supplementary materials. The neutral points were chosen so
that the completely neutral font (all parameters in neutral values)
had a familiar appearance. For some parameters such as slant, this
is straightforward (vertical font, 0 degrees), but for others such as
aperture and weight we had to use our own subjective criteria and
reference common types such as Times New Roman. At the end,
the process carried out to enforce (b) was much more limiting in
the choice of ranges than (a).

13Point size or optical size of a font do change shape, but this typically translates into
modifications of other aspects of the letter shape, such as weight.

ACM Trans. Graph., Vol. 41, No. 4, Article 147. Publication date: July 2022.

https://iovs.arvojournals.org/article.aspx?articleid=2161324
https://doi.org/10.20380/GI2017.07
https://www.prototypo.io/
https://docs.microsoft.com/en-us/typography/opentype/spec/
https://docs.microsoft.com/en-us/typography/opentype/spec/
https://doi.org/10.1109/MCG.2019.2931431
https://doi.org/10.1145/2254556.2254636
https://doi.org/10.1145/2254556.2254636
https://typographica.org/on-typography/variable-fonts/
https://typographica.org/on-typography/variable-fonts/
https://doi.org/10.1111/cgf.12763
https://doi.org/10.1145/2858036.2858204
https://doi.org/10.1145/2858036.2858204
https://doi.org/10.1037/0096-1523.13.2.267
http://psycnet.apa.org/journals/xhp/14/3/472/
http://link.springer.com/chapter/10.1007/BFb0053265
http://link.springer.com/chapter/10.1007/BFb0053265
https://v-fonts.com/
https://doi.org/10.1109/ICDAR.2019.00170
https://doi.org/10.1559/152304079784022781
https://doi.org/10.1559/152304082783948277
https://doi.org/10.1109/TVCG.2015.2467759
https://doi.org/10.1109/TVCG.2015.2467759
https://doi.org/10.1037/h0055211
https://doi.org/10.1109/ICDAR.2015.7333800
https://doi.org/10.1145/3386569.3392456
https://en.wikipedia.org/w/index.php?title=Em_(typography)&oldid=984185316
https://en.wikipedia.org/w/index.php?title=Em_(typography)&oldid=984185316
https://doi.org/10.7717/peerj.1058
https://doi.org/10.1145/3152823


147:18 • Lang and Nacenta

B PARTICIPANT SELECTION AND FILTERING
Participants were from one of six countries with English as a dom-
inant official language (UK, US, Ireland, Australia, Canada, NZ).
Participant compensation was based on UK minimum wage at the
time (£6.80 per hour) pro-rated by the approximate time to complete
the experiment that we obtained through an informal empirical
assessment based on pilot studies (times and rates were different
for each experiment).
Only data from participants who completed all the tasks for a

given parameter were included in the analysis. We filtered the data
of participants who were deemed to be “random clickers”, implausi-
bly fast, etc. This filtering was based on a battery of measurements
such as the range of their answers (narrow range indicates a par-
ticipant clicking on the same answer regardless of stimuli), the
number of times the answer was provided faster than 1 second (in-
dicates compromising accuracy to finish too fast), or the normalized
deviation with respect to the overall set of participants in the corre-
lation between input and output (outliers that show unusually low
correlations are likely to be answering randomly). We eliminated
participants who failed more than a certain number of these tests
(tests and acceptance thresholds are different for each study and
reported below in Sections D.1 and E.1).

C GENERAL ELEMENTS AND IMPLEMENTATION OF
THE BAYESIAN ANALYSIS

C.1 Justification of Bayesian Analysis
We chose a contemporary Bayesian analysis framework because
of four main reasons: 1) it provides a consistent approach for the
comparison of models; 2) it enables a coherent approach to the
analysis of truncated data; 3) it makes explicit our modeling choices;
and 4) it facilitates the interpretation of the results. We do not
discuss here the comparison between Bayesian, Frequentist and
other approaches to statistics (see, e.g.,Refs. [Cohen 1994; Cumming
2013; Kruschke 2014]). However, despite the intensive computation
cost incurred due to the non-analytical MCMC approach and the
need to write custom analysis in Python and R, we are doubtful that
a comparably sophisticated analysis would have been possible to us
with a different statistical framework.

One of the drawbacks of the Bayesian approach is that it requires
a significant amount of analysis decisions, and some adjustments
to make MCMC chains converge and cover the parameter space.
These are tedious and space-consuming, but to provide readers with
sufficient detail to assess reliability and validity we provide: a) the
entirety of the analysis and the output from the simulations in the
Supplementary Materials; and, b) a detailed account of the main
analysis decisions in the Appendices.

C.2 MCMC General Parameters and Implementation
In all MCMC simulations of our analysis we attained a good mix
of chains and effective sample sizes (ESS) of above 10,000 for the
parameters of interest. The particular assumptions and models are
different for each experiment and described in their corresponding
sections. We used python scripts within Jupyter Notebooks [Kluyver
et al. 2016] for conditioning the data (running Python 3.6.8), and R
(v.3.6.0) within Jupyter Notebooks for the rest of the analysis. The

MCMC simulations were created through JAGS [Plummer et al.
2003] (v.4.2.0), which was interfaced through the runjags pack-
age [Denwood 2016]. In general, prior functions were made suitably
uninformative to avoid biasing the data. This is consistent with the
lack of accurate information from prior work as to the perceptual
characteristics of fonts. Generally, prior functions were Gaussian
in shape and with very large variances (multiple times larger than
the final variances of the posterior probabilities that we found). For
some parameters it is necessary to truncate the possible values of
the prior because certain combinations of values fail to evaluate the
mathematical functions discussed in Section D.2. All these parame-
ters were carefully adjusted by hand, with care to avoid any type of
bias. All priors are available for inspection in the analysis scripts in
the Supplementary Materials.

We considered using Student-t robust distributions to fit the mod-
els instead of the usual Normal (Gaussian) distribution. The Student-
t distribution is a generalization of the Normal distribution that
can account for heavier tails, and contains an additional parameter.
However, we found that the additional parameter of the distribu-
tion made many of the model chains unstable and heterogeneous.
Therefore we use Normal distributions by default.

C.3 Censoring or Truncating
Because the data collected is necessarily constrained to a bounded
interval (e.g., participant responses are bound to the interval -0.5
to 0.5 in Experiment 1), the fitting of the models needs to take into
account that sample measures at the ends of these scales might
be representative of values behind the limit of the scale. Fortu-
nately, this unavoidable issue can be dealt gracefully through the
Bayesian framework and, in particular, through JAGS by censoring
(see [Kruschke 2012]). Essentially, we indicate to the MCMC algo-
rithm when a measurement has been censored (for us, these are
the measurements at the edges of the scale in Experiment 1), and
then the model is estimated taking into account that those measure-
ments might be representative of samples that would have been
anywhere beyond the measurable scale. We apply censoring in both
experiments, which allows us to use Normal curves to estimate
the parameters in our models. We also considered, instead, trun-
cating the model function at the limits of the scale; this does not
seem to be the recommended procedure in the Bayesian literature.
We set up a small experiment to compare the effect of truncating
versus censoring with data and we found that truncation of the
model underestimated the parameters of the model (compared with
truncating) on an upper-censored sample set, hence we used cen-
soring. The data is pre-processed for censoring using the function
prepareCensoredData in either of the main analysis files included
in the Supplementary Materials (Exp1_MCMC_analysis.ipynb and
Exp2_MCMC_analysis.ipynb).

D EXPERIMENT 1 ANALYSIS

D.1 Data Filtering and Participants
To avoid noise from participants whomindlessly clicked through the
trials we established a battery of tests on the data. This is common
practice in crowdsourced experiments (see, e.g., [Heer and Bostock
2010]). Due to the nature of our experiment it is not practical to use
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simple “check tests” with trivial answers, since these would be too
easy to identify by rogue participants.
The battery of tests check whether too many of the stimuli at

the the scale’s ends were judged far from their end, have very low
correlation between the stimuli and the responses, a high propor-
tion of middle value responses, unfeasibly short trial times, and
answer ranges that were too narrow. The check’s parameters were
conservative (err on the side of including noisy participants). This
is because we believe that it is safer to underestimate the amount of
noise of the perceptual measurements by including rogue partici-
pants that add noise to our measurements, hence underestimating
people’s ability to see differences than the opposite (overestimating
the general ability of people to perceive the parameters by selecting
only the better performing participants). A data set was eliminated
if it failed two or more of the tests listed above. The exact criteria
is available from the code in the Supplementary Materials, in the
EXP1_Read_and_Clean.ipynb analysis file.
The 40 datasets filtered did not comply with two or more of

the pre-established criteria. Some of our criteria depend on the
averages or distributions in the group of participants completing this
parameter, which explainswhy there is not a uniform number of data
sets per parameter. The distributions of filtered sets per parameter
are listed in Table 13. Participants received a compensation of £2.38
for each set. The median time to complete a single trial was 4.5
seconds. Only two participants had experience designing fonts.

Fig. 13. Participant data set numbers for Experiment 1.
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hence underestimating people’s ability to see differences than the
opposite (overestimating the general ability of people to perceive
the parameters by selecting only the better performing participants).
A data set was eliminated if it failed two or more of the tests listed
above. The exact criteria is available from the code in the Supple-
mentary Materials, in the EXP1_Read_and_Clean.ipynb analysis
file.
The 40 datasets filtered did not comply with two or more of

the pre-established filtering criteria. Some of our local selection
criteria depend on the averages or distributions in the group of
participants completing this parameter, which explains why we
did not get an exactly uniform number of data sets per parameter.
The distributions of filtered sets per parameter are listed in Table 4.
Participants received a compensation of £2.38 for each set. The
median time to complete a single trial was 4.5 seconds. Only two
participants had experience designing fonts.

Table 4. Participant data set numbers for Experiment 1.
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Completed 36 35 36 38 35 35 39 254
Compliant 30 31 30 30 32 31 30 214

Priors 10 11 10 10 11 11 10 70
Main 20 20 20 20 21 20 20 140

D.2 Model Selection and Parameterization
To cover a wide range of possible behaviours of the perception
curve we included four possible model functions (equations 2–5 in
Section 6.4.1 of the paper).
Note that equations 2-4 have 3 parameters, whereas Equation 5

has four. In standard statistical fitting of the curves (e.g., maximizing
R2) this would lead to the 4-parameter model always being more ac-
curate than the others, since it can, by definition, accommodate more
variation. Standard solutions to this problem include the calculation
of alternative measures of fit, such as the Akaike information crite-
rion [Akaike 1974], which penalize models with more parameters.
The Bayesian model comparison procedure naturally compensates
for this issue without having to penalize the models explicitly. For
an explanation of the principle behind this see Ref. [Kruschke 2014,
p.291].
The parameterizations are chosen for interpretability of the pa-

rameters and to be comparable to each other. For example, in the
sigmoid model xso determines the horizontal position of the ‘s’-
shaped curve, higher values of rs increase the slope of the curve in
its middle, and κs adjusts the vertical range of the codomain of the
function. Figure 5 in the main paper displays one example of each
of the models with a representative choice of parameter values. We
do not claim to be able to differentiate precisely between specific
analytical formula variations of the perception curve, e.g., concave
quadratic versus exponential; although this might be useful for per-
ception theory—it could point to the possible underlying neural

mechanisms—it would require a different experiment design and
more data. Instead we aimed at characterizing the general shape of
the curve.

The quadratic and cubic models can describe perceptual biases in
which the perceived value differences between two stimuli at the
same input distance (in linear terms) decreases (or increases) with
higher levels of the value (e.g., consistent with the Fechner-Weber’s
law [1948]). E.g., a thick letter with stems 1mm wide is much less
perceptually different from a letter 0.1mm thicker than a thin letter
of 0.1mm from the equally linearly thicker letter of 0.2mm width
stems. Sigmoid (and inverse-sigmoid) curves approximate biases
where perception is more differentiating at the center of the range
(respectively, the edges of the range).

D.3 MCMC Simulation Chain Procedures
To calculate the fitting parameters and compare the probabilities of
the different models we use a series of MCMC simulations in six
phases. There are three main desired outcomes of this analysis pro-
cess, consistent with the research questions in the paper: first, we
want to compare the different models (functions) in Subsection 6.4.1,
which answersQ2; second, we want to fit the parameters of the best
model, including the variability (noise parameter) to answer Q1,
and third, we want to refine the best model to account for the vari-
ability of individuals (Q4). To compare models we calculate Bayes
factors [Kruschke 2014], which are, in essence, the probabilities
of individual states, given the experimental data, obtained from a
single simulation in which each model appears as a single discrete
state.

D.4 Priors, Pseudos and Multi-Phase Computations for
Model Selection (Exp 1)

In Experiment 1, we use the data to ascertain which shape the
perceptual response has for each parameter. We assume no prior
knowledge of the probabilities of different models hence we con-
sidered all models as equally likely a priori. Because the choice of
priors has been known to influence Bayes Factors probabilities, we
follow Kruschke’s recommended procedure of obtaining a refined
set of priors from a subset of the data (for each model) before run-
ning the model comparison [Kruschke 2014, p.294]. This minimizes
the influence of the choice of priors because the naïve priors are
easily overwhelmed by even small amounts of data. In our case, we
select the data from ceilinд(numberO f Participants/3) participants
for this purpose in each of the typographic parameter subanalyses.
In the following text we refer to the data coming from these partici-
pants as datapr iors , the data from participants not in this group as
datamain , and all the data as dataall . For model selection we use
data were we average values per cell, i.e., we average all responses
from the same participant for each of the levels of input. The latest
stages of analysis, once the model has been chosen, use instead
the individual data points per participant (unaveraged). References
to averaged data are appended with “avgd” on the subindex (e.g.,
datapr iorsavдd , dataallavдd ).

The following phases are run for each of the typographic param-
eters independently.
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D.2 Model Selection and Parameterization
To cover a wide range of behaviours of the perception curve we
tested four model functions (equations 2–5 in Section 6.4.1).
Equations 2-4 have 3 parameters, whereas Equation 5 has four.

In standard statistical fitting of the curves (e.g., maximizing R2)
this would lead to the 4-parameter model always being more accu-
rate than the others, since it can, by definition, accommodate more
variation. Standard solutions to this problem include calculating
of alternative measures of fit, such as the Akaike information cri-
terion [1974], which penalize models with more parameters. The
Bayesian model comparison procedure naturally compensates for
this without having to penalize the models explicitly. For an expla-
nation of the principle behind this see Ref. [Kruschke 2014, p.291].
The parameterizations are chosen for interpretability and to be

comparable to each other. For example, in the sigmoid model xso
determines the horizontal position of the ‘s’-shaped curve, higher
values of rs increase the slope of the curve in its middle, and κs

adjusts the vertical range of the codomain of the function. Figure 5
displays one example of each of the models with a representative
choice of parameter values. We do not claim to be able to differen-
tiate precisely between specific variations of the perception curve,
e.g., concave quadratic versus exponential; this might be useful
for perception theory—pointing to the possible underlying neural
mechanisms—but would require a different experiment design and
more data. Instead we we characterize the general shape.
The quadratic and cubic models can describe perceptual biases

where the perceived value differences between two stimuli at the
same input distance (in linear terms) decreases (or increases) with
higher levels of the value (e.g., consistent with the Fechner-Weber’s
law [1948]). E.g., a thick letter with stems 1mmwide is less perceptu-
ally different from a letter 0.1mm thicker than a thin letter of 0.1mm
from the equally thicker letter of 0.2mm width stems. Sigmoid (and
inverse-sigmoid) curves approximate biases where perception dif-
ferentiates better range’s center (respectively, the edges).

D.3 MCMC Simulation Chain Procedures
To calculate the fitting parameters and compare the probabilities of
the different models we use a series of MCMC simulations in six
phases. The three main desired outcomes of this analysis process are
consistent with the research questions in the paper: first, compare
the different models (functions) in Subsection 6.4.1, which answers
Q2; second, fit the parameters of the best model, including the
variability (noise parameter) to answerQ1, and third, refine the best
model to account for the variability of individuals (Q4). To compare
models we calculate Bayes factors [Kruschke 2014], which are, in
essence, the probabilities of individual states, given the experimental
data, obtained from a single simulation in which each model appears
as a single discrete state.

D.4 Priors, Pseudos and Multi-Phase Computations for
Model Selection (Exp 1)

In Experiment 1, we use the data to ascertain the perceptual re-
sponse’s shape for each parameter. We assume no prior knowledge
of the probabilities of different models; we considered all models
as equally likely a priori. Because the choice of priors can influence
Bayes Factors probabilities, we follow Kruschke’s recommended
procedure: obtaining a refined set of priors from a subset of the
data (for each model) before running the model comparison [2014,
p.294]. This minimizes the influence of the choice of priors because
the naïve priors are easily overwhelmed by even small amounts of
data. In our case, we select the data from approximately one third of
participants for this purpose in each of the typographic parameter
subanalyses. In the following text we refer to the data coming from
these participants as datapr iors , the data from participants not in
this group as datamain , and all the data as dataall . For model selec-
tion we use data were we average values per cell, i.e., we average all
responses from the same participant for each of the levels of input.
The latest stages of analysis, once the model has been chosen, use
instead the individual data points per participant (unaveraged). Ref-
erences to averaged data are appended with “avgd” on the subindex
(e.g., datapr iorsavдd , dataallavдd ).
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The following phases are run for each of the typographic param-
eters independently:

Phase 1. Run separate simulations of each model with naïve
priors and datapr iorsavдd as main data. The parameter posteriors
serve as fine-tuned priors for the parameters in the next phase.

Phase 2. Run separate simulations of each model with the fine-
tuned priors and datamainavдd as main data. The posterior of this
process serves as pseudo values for the parameters of the next phase.
Pseudo values are required to enable efficient running of multi-
model comparisons in our MCMC setup.

Phase 3. Run simulations with all models, using priors from
Phase 1, pseudo values from Phase 2 and datamainavдd as main
data. Priors of the states (the prior probabilities of each model) are
iteratively adjusted to achieve sufficient mix of all models.

Phase 4. Run one simulation with all models with the state priors
calculated in Phase 3 and datamainavдd as main data. The results,
when weighted with the priors [Kruschke 2014, p.279] provide the
probabilities of each of the models.

Phase 5. Run only the winner model from Phase 4 by itself with
datapr iorsavдd as priors and datamainavдd as main data. The most
likely combination of joint parameter posteriors from this run are
considered the best (canonical) model.14

Phase 6. Assuming the winner model from Phase 4, run the
sophisticated version of the model in which where each participant
has its own variance multiplier, and variance is modeled separately
for each of the levels of the input values (see Equation 6). This
requires use of the non-averaged data (datapr iors as priors and
datamain as main data).

D.5 Optimal Stimuli Analysis
In Section 7.3 and the tetragrams at the bottom of Figure 6’s sub-
figures we use the calculated model to determine where in the
scale we could optimally place discrete levels to minimize confu-
sion in a 2, 3, 5 and 7 level scale. The procedure assumes Normal
distribution of the noise around the expected mean estimated value
from the data (using the most likely model). The variance is lin-
early interpolated at the continuous range of levels from the esti-
mated variances at the measured levels in the most likely model.
A numeric approximation algorithm based on Byrd et al.’s [1995]
minimizes the probability of one class being perceived as part of
another class. We also calculate the optimal decision boundaries be-
tween levels (displayed as vertical lines in the tetragram). These op-
timal levels are based on the assumption that all classes are equally
likely. If the probabilities are not uniform, the algorithm can be
modified to account for the imbalance, which will shift the op-
timal levels. The implementation of this optimization is in func-
tion findOptimalCentres of the Exp1_MCMC_analysis.ipynb file.
The exact level locations calculated appear in a spreadsheet named

14We use an iterative calculation of the most densely populated n-dimensional hyper-
cube of the parameter space (where n is the number of parameters for that model—3 or
4 in the case of the cubic model), although the differences with independently taking
medians of each parameter are very small.

Exp1_results_splits_with_converted_values.xlsx in the Sup-
plementary Materials. The values of the optimal levels are provided
both in normalized and denormalized scales.

D.6 Additional Result Materials
D.6.1 Bayes Factors. The decisions regarding which is the best
model for each parameter are made based on Bayes Factors, which
indicate the probability of a given model with respect to the other
models involved in the comparison. The best model is simply the
most likely. However, it can be informative to see the probability
that the MCMC algorithm assigns to the different models for each
parameter. Table 4 presents that table. Some parameters show much
more clear decisions than others, but the results were stable across
multiple runs of the algorithm.

Table 4. Bayes Factors for Experiment 1. Values (in %) indicate probability
of a given model being the underlying model that produces the data against
the other alternatives (for each typographic parameter).

Quadratic Sigmoid Inv. Sigm. Cubic
Slant 9.6 16.7 43.6 30.1
Weight 56.2 <0.1 0.2 43.6
Width 65.0 4.0 <0.1 31.0
xHeight 2.9 97.1 <0.1 <0.1
Contrast 43.0 1.5 <0.1 54.3
Aperture 17.3 50.8 27.2 4.7
Serifs 38.2 40.0 1.3 20.6

E EXPERIMENT 2 ANALYSIS

E.1 Data Filtering and Participants
Data filtering for Experiment 2 is similar to that of Experiment 1
(described in section D.1). The main difference is that we tested a
much larger set of constraints (e.g., a high probability of random
clicks, or always clicking on the same side), too long to list here
(see details in the EXP2_Read_and_Clean.ipynb script). Because
the battery of tests is much larger, the threshold of number of tests
to fail is larger (9 or more).

48 data sets were excluded because they did not comply with 9 or
more of the pre-established filtering criteria. Participants received a
compensation of between £2.04 and £2.72 for each set, based on a
duration of study approximated through pilot testing (24 minutes
for aperture and slants, 18 minutes for weight, 21 minutes for the
rest). The median time to complete a single trial was 3.38 seconds.
Only one participant had experience designing fonts.

Fig. 14. Participant data set numbers for Experiment 2.
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Phase 1. Run separate simulations of each model with naïve
priors and datapr iorsavдd as main data. The parameter posteriors
serve as fine-tuned priors for the parameters in the next phase.

Phase 2. Run separate simulations of each model with the fine-
tuned priors and datamainavдd as main data. The posterior of this
process serves as pseudo values for the parameters of the next phase.
Pseudo values are required to enable efficient running of multi-
model comparisons in our MCMC setup.

Phase 3. Run simulations with all models, using priors from
Phase 1, pseudo values from Phase 2 and datamainavдd as main
data. Priors of the states (the prior probabilities of each model) are
iteratively adjusted to achieve sufficient mix of all models.

Phase 4. Run one simulation with all models with the state priors
calculated in Phase 3 and datamainavдd as main data. The results,
when weighted with the priors [Kruschke 2014, p.279] provide the
probabilities of each of the models.

Phase 5. Run only the winner model from Phase 4 by itself with
datapr iorsavдd as priors and datamainavдd as main data. The most
likely combination of joint parameter posteriors from this run are
considered the best (canonical) model.14

Phase 6. Assuming the winner model from Phase 4, run the
sophisticated version of the model in which where each participant
has its own variance multiplier, and variance is modelled separately
for each of the levels of the input values (see Equation 6). This
requires use of the non-averaged data (datapr iors as priors and
datamain as main data).

D.5 Optimal Stimuli Analysis
In Section 7.3 and the tetragrams at the bottom of each subfigure in
Figure 6 we use the calculated model to determine where in the scale
we could optimally place discrete levels to minimize confusion in a 2,
3, 5 and 7 level scale. The procedure to calculate these points is based
on assuming Normal distribution of the noise around the expected
mean estimated value from the data (using the most likely model).
The variance is linearly interpolated at the continuous range of lev-
els from the estimated variances at the measured levels in the most
likely model. A numeric approximation algorithm based on Byrd et
al.’s [1995] minimizes the probability of one class being perceived as
part of another class. We also calculate the optimal decision bound-
aries between levels (displayed as vertical lines in the tetragram).
These optimal levels are based on the assumption that all classes are
equally likely. If the probabilities are not uniform, the algorithm can
be modified to account for the imbalance, which will shift the opti-
mal levels. The implementation of this optimization is in function
findOptimalCentres of the Exp1_MCMC_analysis.ipynb file.

The exact level locations calculated appear in a spreadsheet named
Exp1_results_splits_with_converted_values.xlsx in the Sup-
plementary materials. The values of the optimal levels are provided
both in normalized and denormalized scales.
14We use an iterative calculation of the most densely populated n-dimensional hyper-
cube of the parameter space (where n is the number of parameters for that model—3 or
4 in the case of the cubic model), although the differences with independently taking
medians of each parameter are very small.

D.6 Additional Result Materials
D.6.1 Bayes Factors. The decisions regarding which is the best
model for each parameter are made based on Bayes Factors, which
indicate the probability of a given model with respect to the other
models involved in the comparison. The best model is simply the
most likely. However, it can be informative to see the probability
that the MCMC algorithm assigns to the different models for each
parameter. Table 5 presents that table. Some parameters show much
more clear decisions than others, but the results were stable across
multiple runs of the algorithm.

Table 5. Bayes Factors for Experiment 1. Values (in %) indicate probability
of a given model being the underlying model that produces the data against
the other alternatives (for each typographic parameter).

Quadratic Sigmoid Inv. Sigm. Cubic
Slant 9.6 16.7 43.6 30.1
Weight 56.2 <0.1 0.2 43.6
Width 65.0 4.0 <0.1 31.0
xHeight 2.9 97.1 <0.1 <0.1
Contrast 43.0 1.5 <0.1 54.3
Aperture 17.3 50.8 27.2 4.7
Serifs 38.2 40.0 1.3 20.6

E EXPERIMENT 2 ANALYSIS

E.1 Data Filtering and Participants
Data filtering for Experiment 2 is similar to that of Experiment 1
(described in section D.1). The main difference is that we tested a
much larger set of constraints (e.g., a high probability of random
clicks, or always clicking on the same side), too long to list here
(see details in the EXP2_Read_and_Clean.ipynb script). Because
the battery of tests is much larger, the threshold of number of tests
to fail is larger (9 or more).

48 data sets were excluded because they did not comply with 9 or
more of the pre-established filtering criteria. Participants received a
compensation of between £2.04 and £2.72 for each set, based on a
duration of study approximated through pilot testing (24 minutes
for aperture and slants, 18 minutes for weight, 21 minutes for the
rest). The median time to complete a single trial was 3.38 seconds.
Only one participant had experience designing fonts.

Table 6. Participant data set numbers for Experiment 2.
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Completed 30 31 34 33 33 35 36 53 285
Compliant 30 31 30 32 32 31 31 20 237

E.2 Estimation of JND Threshold and Slope
Experiment 2 is based on a two alternative forced choice paradigm.
At each step of a staircase, the participant has to decide which of
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E.2 Estimation of JND Threshold and Slope
Experiment 2 is based on a two alternative forced choice paradigm.
At each step of a staircase, the participant has to decide which of
two rendered words is the one with the higher value of a particular
parameter. Which rendering appears to the left or to the right is
random, but the distance in the parameter space between the stimuli
varies so that the threshold at which participants cannot see a dif-
ference can be found. The algorithm that determines which stimuli
are shown to the participant and in which order is adaptive, which
means that it chooses different stimuli depending on previous an-
swers. A variety of staircase procedures have been proposed; most
try to minimize the number of steps that it takes to reach an stable
measurement of the JND. For example, typical staircase procedures
start by showing rendering pairs that are very different to each other,
and progressively reduces this difference until it approximates the
point at which the participant is simply guessing.

We use a staircase procedure proposed by Kontsevich et al., which
uses a calculation of entropy at each step to decide which distance
between stimuli is most likely to add new information to the cal-
culation of the JND [Kontsevich and Tyler 1999]. We use an imple-
mentation created by Joseph J. Glavan which is distributed with a
GNU license and included in the Supplementary Materials in the
./analysis/exp2_JND/adaptive/psy.py script. This implemen-
tation is used from the StaircaseProcedure.py script, which also
contains the exact parameters of the staircase configuration.

The procedure output is, for each staircase, the estimated level of
the parameter where the participant’s probability of making a mis-
take is 25%. This is what we use as an estimation of the Just Notice-
able Difference (JND). This is a common choice in psychophysical
studies, since it is midway from random performance (50% chance
of being correct), and perfect performance (100% chance of being
correct). This JND value is the level at which the psychometric func-
tion (probability of successful discrimination as a function of the
magnitude of the difference between presented stimuli) crosses the
75% probability threshold. This function, which is often modeled as
a sigmoid, can also vary in shape; i.e., the transition between low dif-
ferentiability and high differentiability around the level that crosses
the 75% threshold can be steep, or flat. This is what is referred to as
the slope calculation.
Our procedure also enables calculation of the slope, which is a

secondary output (besides the JND). The slope outputs are included
in the data. However, we used staircases with 35 steps which turned
out to be not sufficient to provide an accurate enough estimation
of the slope. An estimated sufficient number of steps to provide
a reasonable estimation of the slope is 300, which was out of the
scope for testing in this experiment. Since the slope measurement
was too noisy we do not report results about the slope.

E.3 Modeling
In Experiment 2 the main input data for the analysis is the estimated
Just Noticeable Difference (JND) of the procedure, as described
above. The main analysis aims to model how the JND varies along
the scale of each paramters. As described in Section 8.4 of the paper,
we did not try to do a model comparison, since the five levels at
which we measure, and the added complication of levels that are

approached from above and below would probably have made the
often subtle distinctions between models difficult.

E.4 Truncating vs. Censoring in Experiment 2
As in Experiment 1, the nature of the measured data points requires
that we apply censoring (see Section C.3). The thresholds at which to
censor for Experiment 2 are, however, harder to determine because
they depend on the staircase procedure. There are two different
censoring levels in this experiment. On the upper end, we use cen-
soring to indicate to the MCMC procedures that JND values above
a certain level are not to be considered as estimations of the shape
of the Normal distribution, since they are the result of the process
of random answers to the staircase decisions, which would intro-
duce bias to the fitting of the LogNormal noise distribution. The
location of the threshold is also influenced by the magnitude of
the maximum difference that a staircase can span (e.g., a staircase
for the largest level—+0.5—approaching from below can display
differences of up to 1.0 in parameter range magnitude, whereas a
downward-approaching staircase for the second to highest level
maximum stimuli difference magnitude is 0.25 units.
We therefore calculate upper thresholds of the JND estimations

by simulating many random staircases and averaging the JNDs
produced. The censoring procedure uses those thresholds to censor
any data that is larger. This is done separately for each staircase.
Censoring levels are in ./analysis/calculated_parameters/

of the Supplementary Materials (in Python pickle format). The cal-
culation procedure is in the EXP2_MCMC_Read_and_Clean.ipynb
Python script in the ./analysis/exp2_JND/ folder.
Censoring is also necessary for the lower bounds because par-

ticipants might be able to discern differences that go beyond the
granularity available in our configuration of the font. Not censoring
these values at the lower level would also skew the noise distribu-
tion fitting, since the LogNormal distribution of the noise makes it
particularly sensitive at low levels.

The censoring levels that we calculated are displayed in Figure 11
with hollow triangles. Downward pointing triangles indicate upper
censoring thresholds and upward facing triangles indicate lower
censoring thresholds. When small numbers appear—for each of the
five levels—at the bottom (for each of the parameters) or top of the
scale, these indicate the number of datapoints that were censored
(no numbers means no censoring). These numbers are generally
small in all parameters. Some upper thresholds are not indicated
in the figure because they are above the vertical scale of the figure
(i.e., larger than 0.5 units in each parameter). Red triangles are for
staircases coming from above and blue triangles are for staircases
coming from below.

E.5 Optimal Stimuli Analysis
To estimate reasonable locations for levels of the parameters in a dis-
crete scale we calculated sets of levels without overlapping estimated
JNDs. The estimated JND is calculated using the fitted cubic function.
The algorithm also has to take into account that each level has JNDs
that approach from above and below and might be different, which
means that the best set of levels might be calculated by starting from
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the top, going down or from the bottom, going up. The full algo-
rithm is in the findBestRangeOfNonOverlappingJND() function
of the Multi-parameter-results-and-graphs.ipynb file in the
./analysis/exp2_JND/ folder of the Supplementary Materials.
Unlike in Experiment 1 we cannot estimate locations of levels

that would result in different levels of error. This would have been
possible with a reliable estimation of the slope of the psychometric
function, which we could not get (see Section E.2 above).

F PARAMETERS OF REPRESENTATIVE AND
PARAMETRIC FONTS

./additional_materials/parameter_values.pdf in the Supple-
mentary materials contains a table that characterizes common and
relevant fonts in terms of the infotypographic parameters that we
define in Section 3 of the paper.
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