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Fig. 1: Evaluating or comparing a visualization notation with others is typically an entirely qualitative, ad hoc process. Our metrics-
based approach provides a structured process that automatically produces quantitative data from a set of example specification-
visualization pairs to formalize and inform such activities.

Abstract—A visualization notation is a recurring pattern of symbols used to author specifications of visualizations, from data
transformation to visual mapping. Programmatic notations use symbols defined by grammars or domain-specific languages (e.g.
ggplot2, dplyr, Vega-Lite) or libraries (e.g. Matplotlib, Pandas). Designers and prospective users of grammars and libraries often
evaluate visualization notations by inspecting galleries of examples. While such collections demonstrate usage and expressiveness,
their construction and evaluation are usually ad hoc, making comparisons of different notations difficult. More rarely, experts analyze
notations via usability heuristics, such as the Cognitive Dimensions of Notations framework. These analyses, akin to structured close
readings of text, can reveal design deficiencies, but place a burden on the expert to simultaneously consider many facets of often
complex systems. To alleviate these issues, we introduce a metrics-based approach to usability evaluation and comparison of notations
in which metrics are computed for a gallery of examples across a suite of notations. While applicable to any visualization domain, we
explore the utility of our approach via a case study considering statistical graphics that explores 40 visualizations across 9 widely used
notations. We facilitate the computation of appropriate metrics and analysis via a new tool called NotaScope. We gathered feedback
via interviews with authors or maintainers of prominent charting libraries (n = 6). We find that this approach is a promising way to

formalize, externalize, and extend evaluations and comparisons of visualization notations.

Index Terms—Notation, Usability, Evaluation, Language design, API design, Domain-specific languages.

1 INTRODUCTION

A visualization notation is a recurring pattern of symbols used to author
specifications of complete visualization pipelines [8], covering data
transformation to visual mapping. Programmatic notations use symbols
defined by grammars or domain-specific languages (e.g. ggplot2 [80],
dplyr [83], Vega-Lite [63]) or libraries (e.g. Matplotlib [18], Pandas
[34]). A grammar or library can often be used to achieve a given task
in multiple ways, giving rise to multiple alternative notations!. For
instance, in Python, an analyst might produce an equivalent figure using
Matplotlib or by using higher-level tools such as Seaborn [79]—the
difference between the two being essentially notational.
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'We use the term “notation” after the Cognitive Dimensions of Notations
(CDN) framework [16] and to signal our focus on the syntactic form and structure
of specifications rather than their semantic content.

New visualization grammars or libraries inevitably prompt new
usage patterns that give way to new visualization notations and con-
ventions [6, 20,26, 31,39,46]. While such innovations provide new
functionality and means of expression, evaluating them is a significant
challenge [52]—despite the variety of available methods. Empirical
evaluations (such as those that ask novices to recreate extant charts)
can measure notational usability or learnability, but their usage can be
prohibitively expensive or arduous to execute effectively. Theoretical
evaluation frameworks or discount usability studies [95] (such as the
Cognitive Dimensions of Notations [16] or CDN) are sometimes used
to guide close readings of usability [6,39,63]. However, these heuristic
methods require considerable skill and can be inordinately subjective.

A prominent [6,28,31,32,46,63] way to evaluate notations is through
gallery-based expressiveness demonstrations. These consist of a suite of
examples, where each instance is a (specification, rendered graphic) pair.
These galleries are meant to demonstrate the expressivity of a notation
by presenting the breadth and diversity of visualizations it can specify.
However such presentations are often unsystematic in their organization,
making more-than-superficial comparisons between notations difficult.
Some practitioners try to facilitate inter-notation comparison through
one-off blog posts [44, 59] or by developing Rosetta-stone-like gal-
leries [17,68] that consist of a small set of charts expressed in multiple
notations. These usually provide little analysis and few affordances for
multi-specification comparisons. New means of evaluating notations
are of high potential value as the audience for programmatic visual-
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Fig. 2: Multi-notation galleries consist of a set of notations, each
of which implements a shared set of examples or specification and
visualization pairs—here a single example of a stacked bar chart.

ization notations is large and impactful—matplotlib is downloaded
>35M/month [14] and is used in >15% of arXiv papers [57].

To address these issues, we introduce a metrics-based approach
to evaluating and comparing the usability of visualization notations
(Sec. 3). As outlined in Fig. 1, this approach involves forming a gallery
of examples (such as from Fig. 2) to create a common point of compar-
ison, computing metrics about that gallery, and then analyzing those
measurements as a way to reflect on the properties of a given nota-
tion. These metrics do not carry a normative view of notation design
(e.g. that they should always be minimized)—rather, they support an
externalized way to examine the notations in question. This approach
enables what McNutt et al. [37] would refer to as a near-by reading of
parallel notations for a common task: a close reading of a familiar text
aided by a computational measurement (and hence distanced reading).

We introduce two supporting constructs. First, we propose multi-
notation galleries that contain a set of examples for a given dataset
expressed over a set of notations (Sec. 3.1). Second, we propose a
notion of metrics that can be computed over these structured galleries
and provide an initial set of example metrics (Sec. 4). These proposed
metrics capture aspects of notational viscosity [16] (how difficult it is
to change specifications), economy [19] (how many elements and rules
a user must keep in mind when using the notation), and rerseness (how
much can be expressed in a small space), however other notationally-
important properties could be metricized as well 2.

To demonstrate our approach and evaluate its efficacy, we conducted
a case study in the context of conventional statistical graphics (Sec. 5).
We constructed a gallery covering nine notations (including ggplot2,
Vega-Lite, and matplotlib) across 40 visual forms and computed a
variety of metrics as a way to exemplify the types of findings that our
approach can yield, for instance, highlighting the tradeoff between
notational remoteness and vocabulary size. While applicable to any
domain that supports galleries of specification-and-output example
pairs, we focus on static statistical graphics because of its familiarity
and the number of similarly-purposed notations. We presented this
study to (n=6) authors or maintainers of the notations studied as a way
to elicit feedback on our approach via semi-structured interviews. We
find that it is a promising way to formalize, externalize, and extend
expert assessments of notations by providing reproducible examples
and comparisons upon which to base judgments and explanations.

Our main contribution is our metrics-driven evaluation method. This
is aided by two minor contributions: multi-notation galleries and met-
rics computable from such galleries. This work seeks to show the value
and viability of our metrics-based approach, rather than to enumerate
all useful metrics or to verify the utility of multi-notation galleries
outside of evaluation. We seek to enrich the ways in which notation
authors and users understand and evaluate families of notation designs.

2We indicate attributes of notations (such as those of CDN) like viscosity
and notations themselves like matplotlib.

2 RELATED WORK

Our work draws upon prior studies that evaluate notations in other
domains, and those that focus on visualization specifically.

2.1 Measuring Notations

Evaluating programmatic notations requires a measurement method,
which may involve theoretically-minded or metric-based approaches.

A variety of different framings for evaluating notations have been de-
veloped. Most prominent among these is the Cognitive Dimensions of
Notations (CDN) framework for analytically evaluating usability [16].
CDN includes 14 dimensions, among them viscosity (how easy it is to
make changes to specifications), abstraction (how easy it is to extend
the notation), closeness of mapping (how similar the notation is to the
target domain), progressive evaluation (how easy it is to check work
done to date), and hard mental operations (how demanding the notation
is to working memory). Similarly, Iverson [19] laid out five character-
istics of good notations, including the ease of expression (informally
referred to as expressiveness), ability to hide detail (or terseness), and
economy (i.e. small vocabulary). While providing a useful common
language for comparison and analysis, their definitions make it difficult
to employ them in concrete practice (e.g. with quantitative measure-
ment) or may leave too much open to subjective judgment (so that an
inexperienced practitioner might not be able to realize their value). We
draw on these framings to inform our selection of metrics, however
other metrics could be formed to support dimensions not investigated.

The usability of programmatic notations has been studied through the
lens of domain-specific languages (DSLs) [49] and libraries’ application
programmer interfaces (APIs) [55]. Survey-style instruments have been
proposed for quantifying this usability in terms of CDN [1, 9], but
these are measures of expert judgments and can not be computed
automatically. The API Concepts framework [64] enables automated
computation of some metrics, however it is not language-agnostic
and requires a machine-readable API definition as input—an issue that
motivates our pragmatics-minded use of metrics over galleries approach.
More generally, the field of empirical software engineering [13,67] is
replete with metrics for automatically measuring code [11]. A common
type of measurement computes the size and relative complexity of a
piece of code, such as cyclomatic complexity, which measures the
possible number of execution paths [13]. Source-code differencing
algorithms (such as Gumtree [15]) are also prominent, which compute
edit distances between the abstract syntax trees represented (AST) by
strings. We draw on these works in the design and selection of our
metrics. Also related to our work are studies that use metrics-driven
methods to help practitioners in other domains select libraries [10,25].
However, the metrics used are typically based on metadata (such as
popularity) rather than the cognitive usability of those notations.

It has been noted that automatically-computed software metrics
often do not directly measure real-world quantities, such as usability
or complexity [13]. Our work does not seek to overcome this issue.
Instead, we use such measures to augment the close reading of notations
that occurs when users interact with galleries of notations. This strategy
is closely related to near-by reading [37]—a form of analysis that
draws on the digital humanities notion of distant reading [42] (in which
computational measurement is used to replace manual text examination)
but situated as an augmentation to the practice of close reading [3].

2.2 Measuring and Evaluating Visualization Notations

Visualization notations are evaluated in various ways. Most common
among these is to judge the expressive or generative power of a notation
with a gallery of examples specified in that notation. Expressive power
is taken to vary with gallery content size and diversity, while generative
power is taken to be the presence of novel examples [6,28,31,32,46].
The size and diversity of galleries are sometimes compared directly
to discuss relative expressive power [31,56]. While such galleries are
useful, they provide limited help to readers seeking to compare the
properties of different notations for a given task, as gallery construction
is typically informal and varies between notations. Our work provides
a systematic way to construct and analyze galleries across notations.



Notations have also been analyzed with theory-based heuristics.
CDN has been used to evaluate visualization notations including d3 [6],
protovis [5], Lyra [61], Vega-Lite [63], and visualization domain-
specific languages more generally [39]. Furthermore, Pu and Kay [50]
explicitly linked viscosity to the size of the textual edit distance between
specifications, an observation which we draw upon in formulating our
remoteness metric. Closely related to our work, Sarma et al. [60]
conducted a comparative study of notations for multiverse analysis
mediated by CDN. Whereas they augment this analysis with a lab study,
we explore how quantitative metrics can support such analyses. In
each of these studies, the structure provided by CDN is critical as it
provides a common language for this style of analysis. However, these
dimensions are often applied in an ad hoc manner, leaving the authors
to decide which parts are relevant and complicating comparisons across
authors. Other theory-based systematic approaches to analyzing fami-
lies of visualization have also been explored, such as those based on
Algebraic Visualization Design [35,50]. While valuable, these forms
of analyses have little to say about usability as they can only reason
about graphical-semantic properties. Satyanarayan et al. [62] introduce
a critical reflections methodology to precipitate higher-level takeaways
from shared experiences developing different sorts of tools—such as
in Zong et al.’s [94] analysis of their animation extension to Vega-Lite.
We draw on this approach to evaluate the results of our case study
by consulting experts who have experience building and maintaining
popular charting libraries.

Measured distances between visualization specifications have been
used for various purposes. For instance, several systems use Vega-Lite
specifications as the basis for complex systems of reasoning [89,93].
GraphScape [22] models the edit-distance between two points in the
Vega-Lite design space for the purposes of sequencing visualizations in
the presentation of analyses. Chart Constellations [91] is a tool for navi-
gating the design space spanned by Vega-Lite and models distance as an
aggregate of GraphScape’s distance, shared data fields in the specifica-
tion, and keyword tags. ChartSeer [93] measures distances through an
auto-encoder [24] trained on Vega-Lite specs. GoTreeScape [29] also
uses the same encoder to explore distances in the GoTree [28] notation.
Comparisons between the visual manifestation of visualizations have
also been explored, such as in semantic chart diffing in notebooks [78]
or as the basis of a recommender for responsive visualizations [21]. Our
work is related to these, but focused on analyzing the textual differences
between notations as interfaces rather than on using differences to drive
recommendations.

3 MEASURING MULTI-NOTATION GALLERIES

Our work centers on giving examiners of galleries computational tools
to enrich their evaluations and thereby provide a measure of distance to
their otherwise close readings of programmatic visualization notations.
We aid this goal by introducing multi-notation galleries (Fig. 2), which
consists of a set of example specifications (or specs) written in notations
that might vary between programming languages. We can then measure
aspects of these notations via metrics that take these galleries as inputs.

Computing metrics over multi-notation galleries (Fig. 1) can surface
revealing quantities about the notations under inspection that might
not be obvious from closely examining each notation individually—as
we explore in our case study Sec. 5. In semiotic terms [77], we are
analyzing the representamen (the textual input), rather than the object
(the system or its output), or the interpretant (the user’s understanding).
While these elements are closely related, they are not identical. Thus,
when we write Vega-Lite or ggplot2, we refer to the notation rather
than the implementation.

These measures cannot (and are not intended to) capture the full
range of the user experience of the notations under study. Instead, they
are meant to provide an externalized foundation for heuristic evalua-
tions of and critical reflection about notation design. This approach
has potential utility for notation designers (such as in explaining design
choices) and for notation users—who might use this approach to un-
derstand how notations relate to each other (for example, how a new
notation compares to a familiar one).

3.1

To enable systematic metrics-based comparison of notations, we extend
the idea of an example gallery to include multiple notations. Whereas a
typical example gallery is often built to demonstrate the expressiveness
of a single notation, we define a multi-notation gallery as one in which
each example is expressed in every notation. The intent of our galleries
is different from the opportunistic-programming-informed [7] data
exploration of the integrated galleries found in tools like GALVIS
[66] or Ivy [36]. Instead it is to help examiners consider notational
differences.

The set of specs should strive to span all common tasks for a given
visualization task domain in the same manner that a single notation
gallery might try to show all tasks that can be achieved with a given
library. A gallery might be constructed around a task domain such as an-
imation, interaction, graphs, scientific visualization, or, as we consider
in our case study (Sec. 5), conventional statistical graphics. Effective
examples should each address a given attribute of the domain of interes
(for instance, in statistical graphics, how heat maps or histograms are
produced) and should be expressed in idiomatic usage of each notation.

We add to this definition the constraint that only a single dataset be
used throughout. This dataset should be typical to the task domain while
also supporting as much variation as possible to allow for a maximally
large set of examples. Single-notation galleries (such as those of Vega-
Lite or plotly.go) tend to demonstrate various visual forms or properties
of the system by including specs made with multiple (often differently-
processed) datasets. These galleries display both data variation and
design variation. As we are interested in the notation itself (rather than
the data or the documentation value of a gallery), we instead focus on
observing variation within the notation by fixing other factors.

We therefore require that each spec include appropriate data pro-
cessing, as notations often interweave their functionality with those of
their surroundings. For instance, Vega-Lite includes its own data trans-
formation system (because the host language, JSON, does not include
any such tools). In contrast, matplotlib does not include such elements
as it can rely on Pandas for preprocessing. Including data transforms
as part of the visualization notation aligns with many visualization
reference models [8, 38, 84]. Further, Pu et al. [51] found that analysts
who use a grammar-style [84] notation (ggplot2) do so in a way that
is tightly coupled to the use of data-transformation grammars (dplyr).
This underscores the need to include all relevant visualization pipeline
stages as they capture typical notation usage

Finally, we note that the visualizations for a given example need not
be perfectly identical at the pixel level across notations. Rather, we
require a semantic isomorphism in which the mapping of attributes to
properties under study is shared. Homogenizing the rich default styling
that is typically present in visualization systems into a single image
type does not capture important parts of how semantic properties are
specified—instead it lets the implementation context leak into evalu-
ation of the notation. For instance, how difficult it is to change the
default bar color does have bearing on analyses of data transformation
and visual mapping notations for statistical graphics.

Multi-notation visualization galleries

3.2 Gallery Reading Guided by Metrics

We can measure properties of the notations in our multi-notation gal-
leries by computing the metrics on the specs. Metrics allow an examiner
to ask and answer questions that might be difficult to surface via single-
notation galleries alone. To wit, offering structured ways to contrast
with other notations—how does this notation compare to others ?—as
well as means to examine the notation itself—what are the outliers or
unusual cases for this notation? The metrics can reveal patterns and
outliers which can be investigated via close reading of specs.

We define a metric for a given notation, N, as a function taking
at least one spec from that notation, Sy, and returning a number
(8n := (...Sy) = Number). To be useful, dy should credibly correlate
with some notational property of interest—such as the CDN proper-
ties as we explore in Sec. 4. The measurements can be used either
individually (such as our vocabulary size, Sec. 4.2) or in aggregate
(such as our median specification length, Sec. 4.1). This intentionally
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broad definition allow us to relate specs within a notation as well as to
characterize the differences in distributions between notations.

Between notations, we can compare the distributions of metrics
to contrast various design strategies. For instance, pairs of notations
can be compared by plotting the aggregate measures against each
other and looking for broad patterns or outliers as in Fig. 6 and Fig. 7.
Patterns among outliers can be understood by looking for common
notation fragments among the underlying specs, so as to draw high-level
conclusions about the similarities and differences between notations.
We demonstrate such analyses in our case study in Sec. 5.1.

For comparisons of more than two notations, plotting the aggre-
gated metrics (such as vocabulary size) against each other can reveal
high-level patterns. However, as many notations support the creation
of a given chart in multiple equivalent ways, constructing univariate
aggregates may be hallucinatory [38] as the gallery may be biased by
an analyst’s coding style or preferred idioms. The effect of such biases
can be identified by quantifying uncertainty latent to aggregate mea-
sures, such as by having a second analyst reconstruct part of the gallery
(which would support a 8, term that could be propagated through
any aggregates) or via statistical procedures (such as bootstrapping
within y’s arguments). In Fig. 3 (and our case study), we express the
uncertainty in our gallery by bootstrapping the arguments for several
metrics Oy (within each notation). This allows us to explore the rela-
tionship between notations via aggregate measures without potentially
self-deceiving (solely) based on our construction methods.

Within a notation, metrics that accept pairs of specs can be used
to form a distance matrix, which can be used to inform subsequent
analyses. For instance, we identify which specs are closest to each
other in the metric space—such as highlighting the connection between
pie charts and univariate stacked bar charts in grammar-style notations
(e.g. ggplot2). We can use the columns of this matrix as the basis
for analyses, such as via dimensionality reduction (e.g. MDS [40]
or UMAP [33]) or agglomerative clustering (e.g. dendrograms) as in
Fig. 9. The study of these patterns of distance can give us insight into
how the notation structures the visualization design space spanned by
the gallery.

3.3 NotaScope

To facilitate this analysis process and to support our case study (Sec. 5),
we developed a web-based tool called NotaScope. It provides modular
and extensible support for multi-notation galleries whose notations
may range across Python, R, JavaScript (JS), and JSON—with parsing
and tokenizing provided by the language-agnostic Tree Sitter [72]. It
processes specs and computes an extensible set of metrics. It stan-
dardizes textual representations of the galleries (to reduce the effect
of coding style on computed metrics) through standard reformatters
such as jq [12] for JSON, black [53] for Python, and styler [43] and
formattr [90] for R. The web-based front-end supports multiple visu-
alization modes for comparing pairs of specs, visualizing single- and
multi-notation galleries, as well as the relationship between notation
distance matrices. See supplement for a demo, source code, and video
walk-through.

4 NOTATION METRICS

We now describe a set of example metrics that measure various
notationally-important quantities from multi-notation galleries. We
introduce metrics that measure ferseness [16], economy [19], and vis-
cosity [16]. These dimensions are of interest to us as they characterize
prominent aspects of the experience of using these notations to author
visualizations, and allow us to make structured comparisons between
specifications and notations more generally. Crucially, these metrics do
not encode normative preferences but rather provide their users with
conceptual scaffolding on which to form analyses of notations. We
stress that our intent is to demonstrate the feasibility and usefulness
of the metrics-based approach, rather than provide a comprehensive
accounting of all useful metrics.
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Fig. 3: To mitigate the effects of factors like outliers or experimenter
bias, we computed 1k bootstrapped variations for each metric in our
case study, which we show here via a Kernel Density Estimation (KDE).
The size, proximity, and overlap between regions supports reasoning
about the uncertainty inherent in metrics-based analyses of galleries.

4.1 Terseness: Specification Length

We begin by defining a measure of rerseness [16] that considers the
aggregate specification length. This measure enables analysis of the
volume of symbols required to produce a result in different notations.

A natural first measure of any program’s source code is its length.
In empirical software engineering, measures of length (such as source
lines of code or SLOC) are often used as a crude measure of com-
plexity [13] (as longer code is more complex to modify). While im-
perfect [69], it is able to highlight the variation in syntactic ferseness.
A variety of related measures—such as the cyclomatic complexity or
AST-based measures (e.g. breadth or depth) [13]—are readily available.
Unfortunately, these do not fit our context as we study the variance
between different languages. For instance, comparing Vega-Lite’s nest-
ing JSON-style with ggplot2’s additive R-style structure will likely
only reveal properties related to the conventions of their host languages,
rather than the notations.

Instead, we define the specification length of a specification S as the
size of S in bytes of UTF-8-encoded text. This circumvents common
issues with SLOC [69], such as the definition of a line. Within a
notation, per-specification lengths capture a measure of the relative
specification verbosity in a way that is not wholly tied to the context
of the host language. We use the median specification length for a
notation N across a gallery as a noisy-but-consistent measure of N’s
terseness. As discussed in Sec. 5.2, experts reviewing our case study
seemed to use size as a proxy for complexity.

4.2 Economy: Vocabulary Size

Next, we examine notational economy [19] through the lens of vocab-
ulary size. This measure allows us to consider the tensions between
adding terms and grammatical rules in a notation.

When adding new functionality to a notation, designers must either
add new ways to combine existing terms or to add new terms to the
vocabulary. For instance, a visualization notation might introduce
low-level primitives that can combine to create particular chart types
(such as in ggplot2), whereas another might introduce terms to denote
those specific chart types (such as in plotly.express). Both approaches
typically add new tokens, such as keywords, operators, or functions.
Yet, in their limits, neither option is ideal as they would yield hard
mental operations: a huge vocabulary would tax memory, and keeping



track of the interactions between many similar tokens would lead to
a high cognitive load. This highlights a tradeoff between rerseness
and the vocabulary size associated with a notation, which is akin to
Iverson’s [19]’s notational economy.

To explore these issues, we define the vocabulary size of a notation
as the number of unique tokens it uses to specify the examples in the
gallery—analogous to Halstead’s measure of vocabulary [13]. We
measure this quantity by counting the number of unique tokens across
all specs in a gallery—which, in the case of our prototype, is done
via the language-agnostic Tree Sitter [72]. While most galleries do
not enumerate the entire breadth of a notational design space, we can
assume that they capture a representative sample as they are meant to
familiarize users with the scope of the available functionality. This
metric captures both the effects of the design of the libraries used in
the notation and those of any host language, such as Python or JSON,
by counting tokens such as import and punctuation marks.

This metric has limitations: it does not directly measure the number
of high-level concepts that a user must learn to use a notation (the
actual cognitive burden to address in notational economy), but it is
an easy-to-compute approximation of this quantity. A more complete
way to measure the vocabulary size of a notation would be to identify
all the individual tokens it can admit through source-code analysis
of the underlying system. This can be prohibitively complicated as
although some notations (e.g. plotly.go and Vega-Lite) include explicit
representations of their language (as JSON Schemas [47]), the majority
do not have such a computationally tractable API definition—a gap
which informs our use of metrics over examples. Further, notations are
often cultural conventions that exist outside of the formal definition of
a language, and so such attempts may not capture important aspects
of usage—such as the un-required but common connection between
matplotlib and Pandas.

4.3 Viscosity: Distance, Remoteness, and Sprawl

Finally, we consider notational viscosity [16], or the cost of changing
one spec into another, which we define as the distance between specs.
This supports measurements of how much a spec would need to change
to become another and allows us to analyze the size of the notation
through properties like remoteness and sprawl.

A common first choice for the distance between programs (and
strings more generally) is the Levenshtein edit distance (LD), which
measures the number of changes required to make two strings equal.
However, LD has several drawbacks for our use case. LD is high for
semantically small changes, for instance changing f (x=a, y=b) into
f(y=b, x=a) yields a large edit distance for a meaningless rearrange-
ment in Python. Furthermore, it is very sensitive to the tokenization
process, as every pair of tokens is considered equally different. This
fails to capture patterns that are easily recognized by humans: for
example, the ggplot2 tokens geom_point and geom_line are more
similar to each other than geom_point and facet_wrap. Similarly,
humans’ tendency to chunk information leads us to perceive a se-
quence of 6 tokens such as seaborn.objects’s so.Agg("mean") as
quite similar in size and complexity to the 3 tokens of plotly.express’s
histfunc="mean", making cross-notation comparisons of LD values
more challenging. Finally, certain notations have complex tokenization
rules: Vega-Lite cannot be completely tokenized at a JSON level, as
some strings are JS fragments. Related issues arise in any token or edit
distance-based measures, including those that operate on ASTs [15].

To address these issues, we draw on Li et al.’s [30] “universal similar-
ity metric” from algorithmic information theory. This metric takes into
account all possible computable similarities between strings, without
requiring any assumptions about the data or operations. They intro-
duce a practical version of their idealized metric by using a standard
compression algorithm (e.g. gzip or 1zma) to separately compress two
strings, A and B, as well as their concatenation, AB, which they refer to
as Compression Distance. They define it as

CD(A,B) = C(AB) min(C(A),C(B))

where C(X) is the compressed length in bytes of X. While it is more
challenging to interpret, CD succeeds where LD falls short by cap-
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Fig. 4: The 40 examples used in our case study gallery. In selecting
this set we sought charts that span common statistical graphics tasks.

rendered via plotly.express

turing intra- and inter-token regularities and requiring no tokeniza-
tion (allowing it to be easily applied to any textual notation). For ex-
ample, LD ("geom_point", "geom_line") = LD("geom_point",
"facet_wrap") =1 for these single tokens. In contrast, with zlib as a
compressor, CD("geom_point", "geom_line") =7 which is less
than CD ("geom_point", "facet_wrap") = 10, as intuition would
suggest. We normalize the inputs to this computation as a preprocessing
step by applying standard code formatting tools (e.g. code prettification
and key sorting). Beyond being more expressive and less sensitive to
non-meaningful aspects of the specs, CD is able to act as a drop-in
replacement for LD in our case, as they were closely correlated for
distances in our case study gallery (Sec. 5), with a Pearson’s R of
0.977 (p < 0.001). Examination of outliers led us to believe CD is a
better measure of viscosity. Thus, we define the distance in notation N
between specs Sy and Syz to be CD(Sy1,Sn2)-

Given this distance metric, we can describe several other notational
properties. We define the sprawl of a notation N across a gallery as
the median distance between all pairs of specifications in N. Next,
we define the remoteness of a specification Sy within a gallery as the
median distance between Sy and every other specification in the same
notation. Specs with comparatively low remoteness relative to sprawl
are considered central to the gallery, as they require fewer changes to
become other specs. Conversely, those with relatively high remoteness
are comparatively hard to get to from the others, and so may be outliers.

4.4 Further Metrics

Beyond the metrics described above, various others might usefully be
considered to capture other notational qualities of interest. A useful
metric might measure the distance between domain effect and textual
control or closeness of mapping [16] in CDN terms. Further metricizing
the rest of CDN [16] or Iverson’s heuristics [19] would complement
these efforts. Metrics that are sensitive to programmatic usage context
(such as extensibility or maintainability) would be useful. McNutt [39]
argued for a CDN-style evaluation mechanism tuned to the specifics of
visualization domain-specific language design. Such a suite of heuris-
tics, if metricized, would be a natural point of comparison between
notations. Other domain-specific metrics would also be useful (such as
expressivity of elements like legends, annotations [39], or accessibility
features). We note that this approach is not bound to statistical graphics
and could be applied to other domains (e.g. graphs, maps, or diagrams).

5 DEMONSTRATION: A STATISTICAL GRAPHICS GALLERY

Having described our approach and practical metrics to drive it, we now
present a case study to demonstrate the application of these tools to
evaluate and compare popular notations used for specifying statistical
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Fig. 5: Left: The per-notation distribution of remoteness shows a clear
“core and tail” pattern. Right: The decomposition of unique tokens per
notation, broken down by how often the tokens are used in the gallery,
suggests a direct relationship between vocabulary size and sprawl.

graphics. We begin by describing an example multi-notation visualiza-
tion gallery covering this task domain, on which we compute relevant
metrics using NotaScope. We provide an example of the style of analy-
sis in Sec. 5.1. To evaluate our analyses and approach, we interviewed
authors or maintainers of the systems we considered in Sec. 5.2.

Notations. Our gallery covers nine notations: ggplot2 in R, Vega-
Lite in JSON and Python (as Altair), as well as two variations each of
Matplotlib (matplotlib and pandas.plot), Seaborn (seaborn.objects
and seaborn), and Plotly (plotly.express and plotly.go) in Python.

We focused on these notations as they are widely used among
data science practitioners [41], have differing relationships with data
and graphic, and are commonly used for typical statistical statistical
graphics tasks [58]. We exclude notations focused on other informa-
tion visualization tasks (e.g. building interactive or animated visual-
izations, visualizing networks, making maps or tables, or rendering
three-dimensional data) as they possess idioms which are disjoint from
those of basic charting—although similar analyses could be usefully
conducted to identify and understand those notations using different
galleries. We include the pandas.plot visualization notation as dis-
tinct from matplotlib due to the popularity of pandas and to study
the effects of a minor variant of a notation. Similarly, we include the
recent seaborn.objects (a new, composable alternative API within the
Seaborn library) to study the differences between it the more estab-
lished seaborn notation, as they share many design decisions. Beyond
these criteria, we were guided by notations for which we were able to
solicit expert feedback to evaluate our analyses, which we describe in
Sec. 5.2. We further describe these notations and detail our inclusion
criteria in the appendix.

Examples and Dataset. To study these notations, we built a suite of
40 examples (Fig. 4) based on the frequently-used tidy [81] movies
dataset [75]. We focused on this dataset because it has good cover-
age of variable types—including continuous, ordinal, and temporal
variables—allowing us to create a wide variety of chart forms. These
visualizations cover a variety of conventional chart types (e.g. bar
charts, line charts, scatter plots, and heatmaps) as well as tasks (e.g. dis-
tributions of variables and the relationships between them). Moreover,
they demonstrate a representative sample of statistical graphics tasks
and techniques, ranging across mapping of continuous and categorical
variables to spatial or color axes, the use of grouping, stacking, bin-
ning, aggregation, small multiples, regression, and error bars. A subset
of expert interviewees (Sec. 5.2) iteratively reviewed and guided the
curation of this list as a way to achieve ecological validity.

We strove to create idiomatic versions of each chart—such as a
typical spec author might write given the constraints of a typical
environment—by following the documentation wherever possible and
falling back to strategies espoused in well-rated StackOverflow posts
otherwise. We describe our per-notation construction process in the
appendix. We further seek to limit these biases by visualizing the
uncertainty in our metric values, as in Fig. 3.

matplotlib Remoteness
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pandas.plot Remoteness seaborn Remoteness

plotly.go Remoteness

Fig. 6: pandas.plot (left plot, horizontal axis) and plotly.go (middle)
display similar remoteness distributions compared to matplotlib (verti-
cal axes), with a small core (A) of less-remote specifications and a tail
(B) of more-remote ones. seaborn (right) has lower remoteness for all
but one spec (C) and a lower sprawl as a result.

5.1 Analysis

We now demonstrate a metrics-based analysis of a multi-notation
gallery. We do so by exemplifying this style of analysis by considering
the question what is typical for notations in this context? at a series of
granularities starting from high-level relationships and zooming into a
single notation. At each level of analysis, we identify patterns that we
confirm and explain via spec-by-spec analysis to gain insight into these
notations—thereby performing a near-by reading of the gallery.

High-level observations. We begin by considering the high-level
relationships among the notations revealed by the metrics. Fig. 5
highlights the presence of long tails in the remoteness distributions and
the large number of tokens used only once in certain notations, suggests
that any conclusions we draw may be sensitive to outliers (and hence to
our selection of examples and our implementation choices). We used
bootstrapping to understand the relationship between our metrics while
taking into account this uncertainty: Fig. 3 shows the contours of the
resulting distributions.

We relate these high-level patterns to Wongsuphasawat’s ranking of
programmatic approaches [85, 86]—which span from graphics library,
low-level composition, grammars, high-level composition, to chart
templates (ordered by level of abstraction). Our measurements of this
gallery in Fig. 3 show one major outlying cluster consisting of those
with high sprawl and large vocabularies (e.g. matplotlib, pandas.plot,
plotly.go). These share features with the high-level composition ap-
proach, based on specifying how multiple series should be drawn. Next,
those with small sprawl or vocabularies (Vega-Lite, Altair, ggplot2)
resemble the grammar approach. The remaining notations (seaborn,
plotly.express, and seaborn.objects) most closely resemble the low
effort and expressiveness chart templates. Our results contrast with
Wongsuphasawat’s ranking (which assumed decreasing effort and ex-
pressiveness with increasing abstraction) as all notations were equally-
able to express our gallery. Notably, we did not observe a fundamental
difference between DSL-based notations (Vega-Lite) and those based
in general-purpose languages.

Based on Iverson’s arguments about economy, we expected to see
an inverse relationship between sprawl and vocabulary size. However,
the results complicate the picture: larger vocabularies seem associated
with higher, not lower sprawls, and we see a range of median spec
lengths associated with large vocabularies. Part of the increase in
vocabulary size for matplotlib, pandas.plot, and plotly.go consists
primarily of tokens not explicitly used for visualization but for general-
purpose imperative Python tokens. The other notations leverage more
declarative constructs, which appear to require fewer unique tokens.
Next, these notations rely less upon inference of default values and
more on explicit specification of behaviour, which requires more unique
tokens. Finally, the additional tokens may permit the specification of a
larger range of computations beyond visualization than the smaller set
of visualization-focused tokens used in the other notations.

A more subtle challenge to the expected ferseness-economy tradeoff
concerns the other two clusters. The template-like notations have larger
vocabularies without having lower sprawls or spec lengths, which is
explained by their heavier reliance on a general-purpose data transfor-
mation library than the grammar-like ones. seaborn, seaborn.objects,
and plotly.express have limited ability to express aggregations implic-
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Fig. 7: Altair has identical semantics and output to Vega-Lite. Yet,
Altair has a lower remoteness, likely caused by its ability to infer
data types. Vega-Lite, ggplot2, and plotly.express have comparable
remotenesses for most specs, but diverge for connected scatterplots (A,
more remote in ggplot2), aggregated line-charts (B, more remote in
plotly.express), and regression lines (C, more remote in Vega-Lite).

itly along with visual mapping and so must explicitly leverage Pandas
for these operations. This same effect impacts ggplot2, which leverages
dplyr for the same reason but does so less often, as dplyr appears to be
less verbose than Pandas (although similar analysis of data transforma-
tion notations is important future work). This suggests that the expected
terseness benefits of enumerating chart types (as plotly.express does)
may well be erased by the length of the additional code required to
transform data into the required shape first.

Pairwise comparisons of notations. While evaluation of these nota-
tions as an ensemble is useful, consideration of them in pairs also offers
interesting insights. Figs. 6-8 show several such comparisons in which
specs of similar remoteness between notations fall along the diagonal
line, with patterns of diverging remoteness above or below it.

Consider the differences between pandas.plot and matplotlib
shown in Fig. 6. pandas.plot leverages Pandas’ rerse but incomplete
statistical graphics wrapper around certain matplotlib functions. As a
result, some portion of our gallery could be expressed in shorter specs
with lower remoteness (to the left of the diagonal) and a smaller vocabu-
lary. In contrast, the rest could only be expressed using matplotlib-style
notation. Although identical to the specs in matplotlib, this latter set
displays higher remoteness (to the right of the diagonal) in pandas.plot
because they are so different from the former set. From this, we con-
clude that while providing "shortcuts" for common operations can
increase the rerseness of some parts of a notation, it can also increase
its overall viscosity. seaborn’s statistical graphics functionality more
thoroughly covers the set of examples in our gallery, yielding smaller
remoteness (and spec length) than matplotlib across the gallery. This
shows that a holistic approach to controlling rerseness can also control
viscosity, with or without a compositional, grammar-like design.

Fig. 8 supports this conclusion when comparing Altair to ggplot2.
Most ggplot2 specs are smaller than their equivalent in Altair, but the
Altair specs have lower remoteness. In terms of the usability of these
notations as experienced by a specification author, an initial ggplot2
spec might be quicker or easier to produce than the equivalent Altair
one (because both ggplot2 and dplyr are highly rerse), but iteration
might be easier in Altair than in ggplot2 (because Altair/Vega-Lite
handle most data transformations internally and implicitly).

Evaluating a single notation. Finally, variation within a notation
offers a useful perspective for analysis. For instance, Fig. 9 shows the
design space implied by our distance function for seaborn.objects.
seaborn.objects uses a new and partially-implemented grammar-
oriented API within seaborn, the bounds of the new API are immedi-
ately apparent, such as how seaborn.objects must fall back to seaborn
in Fig. 9B. Finer-grained structures are also visible. To wit, the ex-
amples seem to be clustered by chart type (scatterplots vs. bar charts)
rather than by data column or metadata.

Such patterns can be compared against design goals for a notation,
user intuitions about the design space, or observed or anticipated usages.
For example, a notation designer may anticipate that authors will want
to easily switch between certain visual forms during analysis, or may
want to encourage such behaviour. Charts like Fig. 9 can be used to
confirm that the representative specs are indeed clustered together.
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Fig. 8: Due to their common ancestry as grammars of graphics [84],
Altair and ggplot?2 are closely related yet have rather different sprawls
and vocabulary lengths.
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5.2 Expert Interviews

We gathered feedback on our approach (and its case study instantiation)
by conducting semi-structured expert interviews (n = 6) with the au-
thors or maintainers of ggplot2, Vega-Lite, Seaborn, Matplotlib, Altair,
and Plotly. The interviews consisted of predefined open-ended ques-
tions that sought to elicit attitudes about notation design (see the osf
for instrument), followed by a discussion of our case study. Interviews
lasted about an hour. They were conducted remotely and automatically
transcribed, with consent. Experts were invited to participate if it was
possible to identify them as playing key roles in a prominent charting
library. Participation was not compensated. Interviews were analyzed
by the first author, the results of which were refined via discussion with
the rest of the project team.>

On the Approach. All participants offered positive attitudes towards
our metrics-enhanced approach to analyzing notations exemplified in
Sec. 5.1. For instance, E; expressed their enthusiasm for the approach
noting that “anyone who’s designing an API wants to make it easy and
this gives information about what’s easy and where exactly the deeper
parts of the API have to be brought in.” Similarly, E, noted that the
types of questions surfaced by this approach are “absolutely something
that I think about,” going on to observe that this approach “feels like
it’s formalizing intuitions that I have.” While difficult to validate a
method generally, E5 observed that “I think this captures my mental
model in a quantitative way” and went on to note that “the fact that this
confirms my priors gives me faith that this is actually measuring what
you say it’s measuring.” E3 found the approach to be*“an interesting
lens to think about things,” but Fig. 3 was “not super-compelling” in
that it did not challenge his expectations as it did ours, suggesting that
the metrics successfully create grounds for comparing mental models
among experts. Further, participants felt that the analysis captured
something important about their systems and goals. For instance, E3,
E,, and E, identified the remoteness vs. vocabulary size graph (Fig. 3
lower-right) as reflecting concerns that occurred in their notational
design experiences. E; and E4 mapped their normative stance onto the
metrics, with E4 noting, “Bottom-left is good, number of tokens is low,
less things to learn.”

Beyond their overall reactions, participants came up with some
additional ways to use our metrics-based approach. For example, E;
wanted to use the multi-notation gallery to “learn from outliers” and
figure out which “things that are easier in other” notations. Others
observed that these metrics could facilitate conversations within or
across team boundaries or with students. “It’s a nice prompt for think-
ing about some of these design principles that are not even written
down anywhere, don’t consciously think about them...this helps ad-
vance that conversation” (E4) and specifically around novices or new
team members: “If there’s a way to get these shared assumptions into
new people’s heads faster that’s great” (Es). E¢ felt it “could be useful
for me to motivate our students. You know, why do we pick a high
level language versus a low level one? Just that separation seems re-
ally clear.” Such desired usages underscore the value of our method’s
explicit surfacing of measures as a way to extend shared mental models
and re-see familiar notations in new lights.

Turning to our choice of metrics, experts were similarly enthusiastic.
Interviewees used a variety of spatial language to describe their reason-
ing about API design, noting the desirability of “being able to move
to near-by plots, which clearly does imply some distance” (E3) and
“exploring the neighborhood” (E4) around a chart. This suggests that
measures like our sprawl (that describe the notational connectedness)
are valid measures of its usability. Similarly, some experts seemed to
use specification length as a proxy for complexity, therein supporting
our choice of metric. For instance, E4 noted that he tried to design his
notation such that “common things that seem simple should be simple
and uncommon things complex.” This suggests that the family of met-
rics we selected aligned with participants’ concerns. That said, several

3Participants were randomly assigned ids (e.g. Ey) and are quoted “like so”.

participants also evoked concerns related to progressive evaluation. Es
asserted “you want to be able to navigate from one part of the space to
another...in a sequence of small steps”, while E4 noted that they aspired
to enable “Incremental, atomic change equals new chart.”

Participants also had reservations about our analysis method. Every
expert had suggestions for additional notations to be included in the
analysis, and for the inclusion of interaction, styling, or layout features
in the current ones. Some participants echoed E4’s “So many other
concerns to think about when choosing a language that this doesn’t cap-
ture,” such as documentation, consistency, and progressive evaluation.
Further, E3 noted that this approach is “more useful at the overarching
scale, not driving decisions.” and E, observed that “This doesn’t help
you find the breaking point,” i.e. the boundaries of the subspace beyond
which a high-level notation no longer provides terseness beyond its
lower-level constituent parts. E5 echoed this concern .

On Notation Design. Participants expressed various views about effec-
tive notation design, however these views were typically not based on
formal foundations. Certain projects have made some of their principles
explicit [70,76], but most experts indicated that they relied strongly on
intuition or conversation with trusted users to make decisions. Further,
none of them referred to any evaluation frameworks as guiding their de-
signs (such as CDN [16]), underscoring the potential utility of making
such measurements easily usable.

Participants were cognizant of their ability to shape users’ experience
of visualization and how they perform analysis. For instance, E5 noted
“APIs encode a set of assumptions, be careful about the assumptions
you’re making, what will you prevent.” Some experts saw their work as
“an opportunity to use these languages to teach about what visualiza-
tions are”(E4) or to guide users “You definitely don’t want everything
to be equidistant because you want to help guide people’s choices”(E3).
In some cases, the experts evoked the notion of an exogenous design
space, which the notation makes easier or harder to reach, rather than
the notation imposing those distances directly. E3 argued that there
should be “bits that are easier to get to and others that you have to climb
up a hill” to reach.

Next, participants’ approaches to economy were generally in agree-
ment, even if they diverged on the importance of rerseness. For instance,
E; described their approach as “not being too concerned with how terse
the representation is but how descriptive,” with Es agreeing. This
contrasts with Ej’s observation that “I definitely aim for terseness’
to support rapid iteration, echoed by E¢ and E4. E3 took a position
between these, observing that “You want to strive to keep the core
vocabulary as small as possible” while balancing “between breadth of
vocabulary and the terseness.”.He summarized his position: “If you
keep adding functions, the cost is someone learning the API and if it
just dissolves into 100s of special cases then you’ve lost the benefit of
having a compositional API”. This key tension in visualization notation
design is readily exposed by our approach and would seem to suggest
its potential value for future analyses.

s

Finally, experts espoused concordant views around the point-in-time,
work-in-progress nature of the notations defined by their systems and
the importance of consistency. Every interview also touched on the
importance of backward-compatibility. This was sometimes framed in
terms of consistency with the existing API, even if it embodies what
are now considered mistakes: “You’re going to make mistakes... Are
you going to choose to be consistent with the mistake you made previ-
ously, or are you going to choose to be consistent with the underlying
principle?” (E3). E; and Ej also spoke of forward-compatibility—for
instance, E; observed that “I try to think through not just the actual fea-
ture but what are the possible extensions of the feature that might come
up in the future.” Every expert expected to continue to evolve their
notation, and some appreciated seeing comparisons between old and
new notations, e.g. seaborn and seaborn.objects. Further, this suggests
that forming metrics to measure consistency would be especially useful.



6 CONCLUSION AND FUTURE WORK

In this work, we demonstrated how metrics computed from a multi-
notation gallery can provide fertile grounds on which to analyze and
compare visualization notations. In doing so, we demonstrated how
designers of such notations can use this style of reading to re-see the
context of their work, findings which we evaluated through interviews
with domain experts. We now reflect on each aspect of our work, with
a focus on limitations and opportunities for future work.

Approach. Our metrics-based approach to reading visualization nota-
tions offers new tools with which to evaluate and compare visualization
notations. Using this approach, authors of new notations might evaluate
whether they have successfully achieved their design goals and navi-
gated design tradeoffs, or they might point to quantitative remoteness
comparisons when discussing relative notational expressiveness.

Our approach is based on a metrics-enhanced close reading [3],
known as a near-by reading [37]. In line with this, we stress again
that the computed metrics (like sprawl or vocabulary size) are not
normative evaluation measures to be minimized at all costs. Rather
our intention is that the data from which they are derived can help
inform more nuanced evaluations than are common in research or
practice today. We suggest that this approach enables users without
a background in cognitive usability evaluation to apply those ideas
by re-framing them in a more familiar data analysis-style context (as
exemplified by NotaScope). The goal of this paper was to document and
demonstrate our method. In future work, we intend to compare it with
other methods—such as unassisted CDN [16], critical reflections [62],
or algebraic analyses [35,50].

A limitation of our work is that it treats computable metrics as prox-
ies for usability-oriented qualities [16,19]. Future work should consider
the relationships between our metrics and such quantities empirically.
For instance, the relationship between compression distance and the
cognitive effort required to navigate the design space should be ex-
plored. In addition, notation usability may be impacted by factors not
contained within the text of the specs. These include the intuitiveness
of the terms used, which are likely guided by cultural conceptions of
data [54]. It is also likely guided by sociotechnical factors [10], such
as popularity, tool support, or documentation quality—which was also
noted by E4. Further, analyses using our method may be biased by
our choice, design, implementation of example metrics, as well as the
selection and construction of gallery examples. However, such issues
are also endemic to single-notation gallery-based evaluation. Our ap-
proach improves on current practice by encouraging more structured
comparisons, but it does not address all issues.

Finally, there has been an explosion of interest in the visualization
community [39,52] around creating systematic descriptions of vari-
ous practices through grammars or DSLs (which we capture via the
more general notion of notation). While the power of such designs
should not be understated, without a way to systematically examine
new notations, the success of such efforts cannot be reliably evalu-
ated [51]. This work takes steps towards providing structured means
for notational comparison that does not rely on costly user studies or
having substantial system-building experience [62]. Future work might
explore standardized task- or domain-oriented benchmarks galleries
(analogous to benchmark suites from other fields [71]), providing even
more structure. In addition, future work might extend our approach
by introducing an interrogatory antagonist or creating more structured
prompts for reflection (a la LitVis [88]) as a companion to the metrics.

Multi-notation Galleries. We introduce the idea of task- or domain-
focused multi-notation galleries (which extend single-notation galleries)
as a way to make systematic comparisons of notations possible. Our
metrics augment this process by helping to identify patterns and out-
liers, however even without metrics, multi-notation galleries can help
examiners compare notations (a la close reading).

While able to answer many questions, multi-notation galleries can
not bound the expressive power of a notation. That is, galleries cannot
demonstrate that a given chart is impossible in a particular notation.
For instance, to the surprise of its designers, an earlier version of Vega-
Lite without arc marks was shown to be able express pie charts [87]

through its geographic projection system. We suggest then that ex-
pressive power might be recast as an arbitrary bound on a metric like
specification length or remoteness instead: what our experts referred
to as the notational “breaking point.” For instance, Eg observed that he
avoids showing novices certain valid specifications because they are
too complex (i.e. too long) or differ too much from other semantically
similar specs (i.e. too remote). Future work should explore how such
extrema might be automatically exposed to the designer.

Our galleries have a number of limitations. Each notation must
produce all of the examples, which causes them to be limited to the
greatest common feature set among the notations, although, as noted
above, this set can be quite large. However, the existence of a common
problem domain (e.g. charting) suggests that notations are designed to
fit a set of tasks that users realistically seek to accomplish. If a nota-
tion possesses features that are so unlike others as to be incomparable,
then the user may be pursuing a more nuanced task (e.g. ECharts [27]
streaming data). Requiring the gallery to be centered on a single dataset
may bias the analyses based on the types of examples producible with
that dataset, however given that data tends to flow through visualiza-
tions rather than be expressed as part of their notation, we believe this
effect is limited. Our use of metrics over galleries measures notational
samples rather than the notation itself. Direct measurement would be
preferable, but it is impeded by most notations lacking formal defini-
tions. Approaches like grammar-ware [23] may facilitate higher order
comparison, however the lack of adoption of this style of work in the
last 20 years suggests that this is unlikely. The labor intensive process
of producing galleries might be reduced by employing a generative
Al-based assistant [74], although that invites the tradeoffs endemic to
such systems [65].

Case study. Our case study, and its evaluation, demonstrated that our
metrics-based approach can produce findings that experts in statistical
graphics notation design find interesting. As these experts have neces-
sarily done the closest reading of their libraries, we suggest their finding
value in our approach indicates that our metrics provide useful purchase
for analysis. While not able to draw conclusions about matters like
which notation is best, this study provided empirical evidence for vari-
ous patterns latent to this family of notations—such as the difference
between High-Level Composition and Visualization Grammar-style
approaches [85]. Further, the distances and token-counts reveal other
types of variation between notations, such as in their viscosity, terse-
ness, and economy. In future work, we intend to validate our findings
by replicating our study with another gallery for a different dataset.

The selection of notations considered in our case study was mo-
tivated by the twin criteria of trying to select the most widely-used
libraries and those for which we could solicit evaluation by experts, the
resolution of which may have biased our results. This study might be
usefully extended to include other common statistical graphics notations
(and experts therein) such as D3 [6], base-R, Bokeh [4], Holoviz [92],
AntV [2], or ECharts [27]. Other visualization domains could be use-
fully considered—e.g. thematic mapping, interaction, or animation—as
might those outside of it—e.g. diagrams [68], data manipulation (SQL
vs. dplyr vs. Pandas), or ML models (Torch vs. Tensorflow).

While the interviewed experts were enthusiastic about our approach
and analysis, E3 and E4 felt that our case study (rooted in NotaS-
cope) was too high-level for individual design decisions. However, the
metrics-based approach could be applied on a much finer-grained level:
instead of just quantifying the distance between two specifications,
NotaScope could be extended to automatically enumerate and display
plausible step-wise paths through the design space. The presence of
multiple paths with small steps would speak to progressive evaluation,
which is an important (E3, E4) design goal that can be hard for design-
ers to reason about. Our study design limits these results, which may
have yielded different findings with more users or if we had elicited
structured Likert-style ratings. In future work, we intend to take such
measures as we further explore our approach’s usability.

We are optimistic that, based on these lessons, we can add to our
suite of metrics and continue to improve our approach and tool so that
they can become useful parts of the notation designer’s toolkit.



7 SUPPLEMENTAL MATERIAL

Additional material related to this paper can be found at osf.i0/8924y.
This part of the supplemental material includes the source code for our
tool (NotaScope), the study instrument, and the specifications used to
form the basis of the gallery in our case study. Further supplemental
material, which can be found on PCS, contains a video walk-through of
our system, and an appendix with additional written materials. Finally,
a demo of our tool NotaScope is available at app.notascope.io, where
the case study materials can be browsed and analyzed interactively.
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