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Abstract
Unfamiliar or esoteric visual forms arise in many areas of visualization. While such forms can be intriguing, it can be unclear
how to make effective use of them without long periods of practice or costly user studies. In this work we analyze the table
cartogram—a graphic which visualizes tabular data by bringing the areas of a grid of quadrilaterals into correspondence with
the input data, like a heat map that has been “area-ed” rather than colored. Despite having existed for several years, little is
known about its appropriate usage. We mend this gap by using Algebraic Visualization Design to show that they are best suited
to relatively small tables with ordinal axes for some comparison and outlier identification tasks. In doing so we demonstrate a
discount theory-based analysis that can be used to cheaply determine best practices for unknown visualizations.

CCS Concepts
• Human-centered computing → Visualization design and evaluation methods; Visualization theory, concepts and
paradigms;

1. Introduction

Understanding whether a chart has been used effectively is an im-
portant problem in the practice of data visualization. Possessing a
clear notion of what is “good” or “bad” usage is critical, as it can
guide designers towards impactful information-rich graphics and
away from deceptive displays [CH17]. Yet even for those familiar
with visualization best practices, it can be difficult to know if an
unfamiliar chart type has been used effectively.

There are at least a dozen decades of advice [Wic13] on how
to best use extant chart forms for known data types, yet this ad-
vice rarely applies to novel charts. This lack of guidance can im-
pede effective usage by practitioners, can cause domain experts to
question a design’s validity [VDBBC∗18], and can impede auto-
mated analyses from making relevant suggestions [MCC20]. De-
veloping a technical understanding of effective usage for a novel
chart can be a quagmire of disentangling aesthetic and novelty re-
sponses [CM07] through often slow or costly user studies [AL20].

A potential salve is to utilize a theory-based analysis to gener-
ate guidelines. This would enable users without expertise or ac-
cess to specialized analysis software to generate best practices
for themselves. This is similar in spirit to discount usability stud-
ies [ZSN∗06], which succinctly characterize a system’s usability
through evaluation of heuristics by a small number of analysts.
Prior efforts to apply theory in this way have focused on guiding de-
sign processes already situated in their task and context, rather than
on understanding usage of a particular chart form [KS14, ZC06].

We demonstrate the potential of such an analysis by investigating
the properties of an uncommon visualization—the table cartogram
(TACO)— through a lens informed by Kindlmann and Scheideg-
ger’s Algebraic Visualization Design (AVD) [KS14]. We study
TACOs because, despite having existed for several years [EFK∗13],
appropriate usage is still unknown [MK20]. We focus on AVD
because—in contrast to other frameworks—it provides concrete as-
sertions about visualization quality which are human-operable and
interpretable. Further, its methods are removed from the embodied
response to visualizations, reducing the novelty effect that might be
brought on by unusual visual forms.

We contribute an example of how AVD might be used to de-
rive guidelines for novel visual forms, by considering what data
(Sec. 3.1) and tasks (Sec. 3.2) are appropriate for one such form.
While not every question can be answered using these tools (those
related to perceptual quality are typically out of reach), we are able
to construct cogent guidelines for most basic usage questions. This
allows us to contribute recommendations on how TACOs might be
effectively used. We argue that they are well suited to some com-
parison and outlier identification tasks for flat tables that have or-
dinal rows and columns. We suggest that they may be effective in
contexts in which analytical insight is not the primary goal, as well
as in discrete representations of time—such as month calendars.
While not every property will be surprising to those familiar with
similar graphics, our investigation offers a full picture of TACOs
that explains their usage and helps form an agenda for their future
study.
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2. Related Work

Our work constructs a theory-driven analysis of an uncommon
graphic, the table cartogram. We now ground this analysis by de-
scribing TACO’s history and known properties, then prior theory-
based evaluations, and finally our theory of interest, AVD.

2.1. Table Cartograms

Table cartograms (TACOs) are a specialized variation of value-by-
area maps (cartograms) that shows tabular data rather than solely
geographic data [EFK∗13]. They depict a table of positive numbers
as a grid of quadrilaterals, constrained to a rectangle, whose areas
are brought into correspondence with the input data. The visual ef-
fect is that of a shaded matrix that has been “area-ed” rather than
colored. They can be characterized as having Planar Grid Topology
(none of the cells overlap) and an Accurate Data Embedding (data
is represented accurately as area) [MK20]. While color is a con-
sonant secondary encoding, its use is not definitionally required.
Inoue and Li [IL20] refer to TACOs not constrained to a contain-
ing rectangle as deformed table cartograms. Although these are of
interest, we instead focus on undeformed table cartograms as con-
straining the chart unambiguously defines the meaning of area and
usefully limits the domain of our analysis.

TACOs were first described by Evans et al. [EFK∗13]. They use a
computational geometry-based algorithm to constructively demon-
strate that all tables of positive numbers admit a TACO. Subse-
quent work [LI19, IL20, MK20] found that more expressive graph-
ics could be produced with optimization-based techniques, utiliz-
ing the fact the problem is under-constrained [IL20]. This allows
for multiple outputs for a single input, as in Fig. 1.

Prior studies primarily focus on TACO’s construction without
providing substantial considerations on how they might be usefully
employed. Evans et al. [EFK∗13] explore a series of designs, but
provide no usage guidance. Inoue and Li [IL20] briefly touch on
usage (which informs our discussion of data types in Sec. 3.1),
however they do not consider task effectiveness or appropriate data
domains. Confounding the development of usage guidelines is the
common identification of TACOs as a form of geographic car-
togram [AKV15, NK16]. While they can be used for such data,
few geographies have topologies that can be mapped to a grid
without substantial adjacency distortion (grid mapping schemes
[EvKSS15] can reduce these distortions [NK16]). We focus instead
on tabular data as it covers tabularized geographic data and is rarely
supported among familiar chart forms (tables and shaded-matrices
being the best-known exceptions). Despite these prior studies, little
is known about effective TACO usage.

In this paper we seek to rectify this gap in understanding by an-
swering the question: What are table cartograms good for anyway?

2.2. Visualization Analysis

A number of theories have been developed to analyze visualization
quality or effectiveness, variously seeking to explain specific phe-
nomena or enable particular applications. Here we review a set of
evaluatory theories so as to inform our choice to focus on AVD.

2 3 2 4

3 9 3 7

2 3 4 9

3 2 2 3
(b) An optimization-based approach(a) Evans et al. ’s geometry-based approach

Figure 1: Table cartograms admit multiple equally-accurate lay-
outs for a given input. This is a Hallucinator: the multiplicity of
correct solutions may yield varying interpretations.

α

Hallucinator

Confuser

Invariant Representation

Unambiguous Visualization

Obvious None or illegible

Insignificant

SignificantD
at

a 
C

ha
ng

e

Visual Change ω 

Figure 2: The primary success and failure modes in AVD.

Some theories metricize quality, which enables the use of com-
putational measurement as a way to automatically evaluate visu-
alizations. Behrisch et al. [BBK∗18] describe the state of the art
for metric-based qualitative evaluation of visualizations, however
each of these metrics is associated with particular visual forms.
Mackinlay [Mac86] describes notions of effectiveness and expres-
siveness which informs the design of some recommendation sys-
tems [Lee20]. However, over-reliance on these notions can impede
richer designs [BCF20]. Chen et al.’s [CJ10, CG15] work on us-
ing Information Theory to reason about visualization quality yields
certain desirable properties—such as generating Shneiderman’s
mantra [Shn96] as an emergent property. Yet, these techniques are
intractable to unassisted humans. Demiralp et al. [DSK∗14] de-
scribe a visual embedding-based assertion system, however it re-
quires substantial experimental data tuned to a particular chart.
While metric-based analyses can yield useful insights, they can be
non-trivial to deploy, are often tuned to specific chart types (for-
going novel forms), and can lack clear interpretation. We focus on
AVD because its assertions are interpretable and can be evaluated
without specialized software (i.e. it is human operable).

At the other end of the human-computer agency spectrum are
theories that provide human-centered evaluation tools based on
heuristic or critical under-pinnings. Some of these are predicated
on personal or philosophical reflection [DFCC13, BBD20, DK16,
VFR12, BZJ∗20] which provide useful means for prompting the
design process, but do not include testable assertions by which to
judge quality. Adar and Lee [AL20] utilize learning objectives as
a way to evaluate communicative visualizations, which while pro-
viding a definite heuristic by which to evaluate, does not help the
designer actually conduct that evaluation. Wall et al. [WAM∗18]
build a set of evaluatory heuristics, however their approach requires
several domain-experts and that task be pre-established. Zuk and
Carpendale [ZC06] conduct heuristic analyses of uncertainty vi-
sualizations through the works of Bertin, Tufte, and Ware. While
potentially informative, these theories are piecemeal: they do not
provide a holistic description of quality. Our aims are aligned with
these human-operable theories in that we wish to furnish analysts
with easy-to-apply tools for analyzing visualizations. AVD circum-
vents these issues by providing a systematic framework made up of
concrete assertions whose structure helps mitigate potentially bi-
ased analyses.

© 2021 The Author(s)
Computer Graphics Forum © 2021 The Eurographics Association and John Wiley & Sons Ltd.

62



A. McNutt / What are Table Cartograms Good for Anyway? An Algebraic Analysis

2.3. Algebraic Visualization Design

At the core of our analysis is Kindlmann and Scheidegger’s Al-
gebraic Visualization Design [KS14] (AVD). AVD is a framework
for reasoning about the design of data visualizations through their
intrinsic symmetries. Similar to how one may understand the prop-
erties of a triangle by identifying which rotations and reflections
yield symmetries or asymmetries, AVD understands a visualization
by exploring the effect of changes in data (referred to as Us) and the
corresponding changes in the resulting image (ls). This is mecha-
nized by asserting that every U should have a corresponding l, that
is, these changes should commute:

D1
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D2 R2
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(1)vω 1r◦ ◦=α2r◦ ◦v
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ωα

Change in representation 

Data Representation Output Image

Visualization process

Hallucinators and Confusers, two important failure modes (or
asymmetries), occur when this commutativity assertion is not ful-
filled (Fig. 2). If the image changes significantly as a result of
only a small or superficial data change, then it has a Hallucina-
tor: non-data is depicted in a way that risks appearing meaning-
ful. Merely reordering columns of a radar chart can dramatically
change its enclosed area and visual appearance, a Hallucinator. If
the image does not appear to change with a significant data change,
then it has a Confuser: a way in which the viewer will be blind
to the data. Standard summary statistics (e.g. mean and variance)
for Anscombe’s quartet [Ans73] yield Confusers across column
changes (Us). Visualizations are probed for these states by adver-
sarially selecting Us and ls that might surface them.

All visualizations have Hallucinators and Confusers. Just as no
chart is perfect for all occasions, no graphic is a panacea under al-
gebraic analysis. Instead, Confusers must be chosen according to
task, and Hallucinators generally minimized. These asymmetries
help identify properties of the visualizations under consideration in
a manner that is only minimally reliant on the observer’s experi-
ence; thereby providing distance from the human responses which
might otherwise cloud an analysis of a novel graphic.

3. Algebraic Visualization Analysis of the Table Cartogram

We now carry out our algebraic analysis of the table cartogram.
We organize our discussion by noting, per Hu et al. [HGH∗19],
that every visualization can be viewed as a triplet of (data, visual
form, task). Only by correctly matching all three components will a
particular visualization have value. A dataset and visual form might
be well matched, but if their combination lacks details necessary to
complete the task, then the resulting graphic will be ineffective.

As we are interested in a particular chart form (TACOs), we
are left with two elements of this triplet to consider: data and
task. Thus, we form our study around two corresponding ques-
tions: What data can be used in this chart? (Sec. 3.1) and Which
tasks are appropriate? (Sec. 3.2). These questions capture many
possible usage concerns, informing when and how TACOs might
be used—although, as we discuss, there are properties that cannot
be understood with this approach.

Triplet Model of Visualization:

Representative Question Relevant Area or WorkFix Vary Observe

What can be done with this data? Exploratory Data Analysis

Visual Form

Sec 3.2Which tasks are appropriate for this encoding?

Task

Does this visual form show the data clearly? AVD Confusers, Lineups

Data

Does this visual form work for this data? Unknown

What data can be used in this chart? Sec 3.1

Does this visual form show non-data? AVD Hallucinators
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Figure 3: Many questions can be answered about visualization
quality by taking a variational view of Hu et al.’s [HGH∗19] triplet
model. We focus on one of the many analysis families in this formu-
lation by deriving properties of TACOs by varying task and data.

Methods. We perform this analysis by using a reframing of AVD.
In past work AVD has usually been employed to guide the design
process, wherein designs are invalidated for a fixed task by vari-
ation of data [KS14, WKD18]. We invert this procedure by using
AVD as a way to guide data selection and task design for a given
visual form, which we refer to as Algebraic Visualization Analysis.

We illustrate this variational scheme in Fig. 3. This locates our
work among both that of AVD as well as Exploratory Data Analysis
(which fits into this framing by viewing it as a process in which data
is fixed and encoding is varied to see what tasks can be fulfilled).
Wickham et al.’s [WCHB10] lineup protocol is closely related to
past usage of AVD, fixing task and varying data to invalidate a de-
sign (though it can only be used once per dataset). Just as in the
original AVD study, we select adversarial Us and ls, potentially
yielding one of the states in Fig. 2. We diverge from past usage by
employing these methods not as a design tool, but as a way to better
understand a chart form. Not all questions need to be answered by
explicit variation: some failure modes can be identified by simply
applying definitions. We forgo questions of interactivity as AVD is
unable to reason about it, which, while unfortunate for real world
applicability, usefully limits the scope of our discussion.

Warm up: A Hallucinator. As a warm up, we consider a prominent
TACO Hallucinator. The under-constrained nature of the TACO al-
lows there to be multiple equally accurate TACO layouts from the
same data. Fig. 1 shows an example, garnered from changing al-
gorithms, however significant variance can result from seemingly-
innocuous parameter changes [MK20]. This multiplicity is a Hal-
lucinator. While selecting Fig. 1(b) over Fig. 1(a) may be percep-
tually motivated (as it is easier to compare rectangular shapes), the
value of selecting a particular starting condition in an optimization
algorithm can be unpredictable and ambiguous. This contrasts tree
maps, where algorithm design is well understood, predictable, and
usually has meaningful design implications [SLD20].

One way to address this failure mode is to impose additional
constraints—such as by minimizing bearing angle differences—
which causes there to be a single “correct” layout [IL20]. While
these criteria can yield more rectangular displays, their selection is
arbitrary and an artifact only of designers’ preferences, an ambi-
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Figure 4: The tabular form of TACO input data gives way to seven
transpose unique axial data types.

guity which may in turn hold another Hallucinator. A reader com-
paring TACOs for different datasets prepared according to different
heuristics (but who is unaware of this selection) may be deceived.

This flexibility is both a blight and a boon. The multiplicity of
outputs creates space for uncertainty: how can the reader know
their interpretation of the chart is correct? Yet this same property
offers a great measure of freedom to chart designers to create visu-
ally interesting effects. The tension found between designer free-
dom and potential reader mistrust suggests that TACOs should not
be used in decision-making contexts. Just as geographic cartograms
are typically used to give big-picture summaries [NK16] rather than
in data analysis, we argue that TACOs are best applied in situations
where the task involves the readers awareness of the presentation
medium itself (in what might be called autotelic visualizations) or
in casual consumption contexts (such as in enjoy tasks [BM13]).

3.1. What Data Can Be Used?

Understanding TACOs’ potential utility starts with identifying their
valid data inputs. Here we begin our discussion in earnest by ana-
lyzing the space of possible data types, values, and sizes.

3.1.1. Data Type

We first focus on understanding the types of inputs that can be ap-
propriately visualized by TACOs. Definitionally a TACO can only
be meaningfully computed on a 2D-table of scalars. Yet this still
leaves a large space of potentially allowable tables.

We argue that the scalars that make up such tables must share a
single unit of measurement. Inputs with heterogeneous units would
multiply define the meaning of area, and hence undermine the in-
terpretability of the output. In particular, by changing the relative
definition of the potentially unrelated units, arbitrary changes to the
visualization would be induced; a Hallucinator. A similar Hallu-
cinator is found in dual-y-axis charts [MKC20], which correlate
unrelated units by an arbitrary choice of normalization [Ros18].

Next, to better understand this remaining space of inputs we or-
ganize it into a typology defined by row and column data (Fig. 4).
We form this space by taking all pairwise combinations of elements
in a slight expansion of Stevens’ discrete types [Ste46]: nominal,
sorted nominal (per Inoue and Li [IL20]), and ordinal. Beyond
these simple types, tables afford a large space of hierarchical or-
ganizations [Hur06, BKM13], such as nested-pivot tables. We sim-
plify these higher-order types by classifying them as nominal or
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Figure 5: TACOs intermingle data with layout. Here 2016 US re-
gional migration [Uni16] is permuted across axial orderings. Each
ordering gives the bolded columns visually different layouts, yet
these transformations (Us) are not meaningful: a Hallucinator.

ordinal by whether their hierarchical order is nominal or ordinal.
This yields six transpose unique axial combinations. Finally there
are non-axial orderings, which use a layout algorithm to mold non-
tabular data into a grid, such as in a waffle plot (see Appendix).
While this case merits further study, we focus on the more com-
mon case of tables whose meaning is described by their axes.

With this model in mind, we argue that tables featuring either
an intrinsic bidirectional ordering (as in calendars) or those that
are sorted are preferable to those with nominal axes. In Fig. 5 we
show region to region migration in the US across row and column
permutations (AVD Us), each of which have equal accuracy. Each
ordering is equally valid, as this data does not have an intrinsic or-
der. However, the visual form of the cells and highlighted columns
is inconsistent across these options which reveals that this data type
is a Hallucinator. This implies that only tables with non-nominal
orderings should be used. This excludes, for instance, data found
in CSVs or tidy tables whose row order is usually intended to be
non-meaningful, as well as data that can be coherently expressed
under multiple table projections (such as tidyr’s pivot_long
and pivot_wide [WAB∗19]). Further, we suggest that flat tables
should be preferred as tabular hierarchies are often non-ordinal.

Slingsby et al. [SDW09] describe a set of guidelines for orga-
nizing hierarchical datasets in tree maps, arguing that nominal data
should be treated with a consistent ordering to facilitate legibility.
This agrees with our assertions that non-nominal data is preferable,
as well Inoue and Li’s [IL20] notion that sorted-by-similarity axes
are more effective for TACOs. To this latter point: the validity of
sorted nominals is complicated by the arbitrariness of choice of
sorting algorithm —while possibly motivated by the maintenance
of particular metrics or aesthetics, may yield a Hallucinator.

3.1.2. Data Value

Next, we continue to limit the space of possible inputs by consid-
ering appropriate cell values. A natural question to ask is whether
TACOs support cell values beyond the positive scalars ascribed to
them in our definition. Consider an U in which a particular value
is negated. Our definition of TACOs does not provide meaning for
a negative area, and as such this is undefined behavior. The result
will be implementation dependent, perhaps being treated as a posi-
tive value (yielding a Confuser) or collapsing the planar topology.
Next, consider an U in which a value is set to zero. The collapsed
grid topology would then present non-adjacent cells next to each
other. These collapses break our premise that we are keeping the
visual form fixed. This leaves us with positive scalars.
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(a) Celsius 8.71 32 (b) Fahrenheit 47.7 89.5

15.9 19.9 22.9 19.3 17.1 24.8 10.4 10.2
16.4 19.5 22.2 19.1 17.2 24.6 10 9.9
17.5 19.2 21.5 18.9 18.8 24.5 9.5 9.5
18.9 19.1 21 18.8 19.1 24.7 9.1 9.3
19.6 18.9 20.4 18.8 19.4 24.6 8.9 9
20 19 19.9 18.8 18.4 24.2 11 8.9

20.3 18.9 19.4 18.7 19.5 23.6 11.7 8.7

19.7 20 18.7 17 18.9 22.3 12.1 9.5

21.4 22.6 21.7 17.8 19.7 23.1 13.7 14.3

22.5 25.5 23.7 19.4 20.8 22.6 14.5 16

24 28 25.2 21.3 23.4 23.3 15.4 17.6

26 29.1 26.3 23.1 27.5 22.5 15.8 18.8

27.6 28.6 27 24.6 30.7 21.7 16.6 19.8

28.3 29.7 27.4 25.5 31.4 21.4 17.1 20.7

28.8 30.1 27.7 26 31.8 20.9 17.4 21.3

29.1 30.3 26.2 26 32 20.3 17.5 21.5
29 30.2 25.3 25.7 31.7 19.6 17.3 21.3

28.7 29.9 25.2 25.5 31 18.3 16.7 20.6
27.8 29.4 24.7 24.4 29.8 16.9 15.5 19
25.2 27.6 22.8 21.2 28.2 14.8 12.9 15
23.3 26.5 21.6 19.4 27.1 13.1 11.7 13.1
21.9 25.7 21 18.4 26.4 11.9 11 12.1
21 24.8 20.3 17.6 25.9 11.2 10.5 11.6

20.5 23.8 19.7 17.3 25.4 10.9 10.3 11.5
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60.7 67.8 73.3 66.8 62.7 76.7 50.8 50.4
61.5 67 71.9 66.4 62.9 76.2 50 49.8
63.5 66.6 70.8 66.1 65.8 76 49.1 49.1
66.1 66.5 69.7 65.8 66.3 76.5 48.4 48.7
67.3 66.1 68.8 65.9 67 76.3 48.1 48.3
68 66.2 67.8 65.8 65.1 75.6 51.7 48

68.6 65.9 67 65.6 67.2 74.4 53.1 47.7

67.5 68 65.7 62.6 66 72.1 53.7 49.1

70.5 72.7 71.1 64.1 67.5 73.6 56.6 57.8

72.5 77.9 74.7 66.8 69.5 72.7 58.2 60.7

75.3 82.3 77.3 70.4 74.1 73.9 59.7 63.6

78.9 84.3 79.3 73.7 81.5 72.4 60.5 65.9

81.7 83.4 80.5 76.2 87.3 71.1 61.9 67.7

83 85.5 81.3 78 88.5 70.4 62.8 69.2

83.9 86.2 81.8 78.8 89.3 69.6 63.4 70.3

84.3 86.5 79.2 78.8 89.5 68.6 63.5 70.6

84.2 86.4 77.5 78.4 89 67.3 63.1 70.3

83.7 85.9 77.3 77.9 87.7 65 62.1 69.1

82.1 84.9 76.4 75.9 85.6 62.4 59.9 66.1

77.3 81.6 73 70.1 82.8 58.7 55.3 58.9
73.9 79.8 70.9 67 80.8 55.6 53.1 55.6
71.4 78.3 69.8 65.1 79.6 53.4 51.8 53.8
69.9 76.7 68.5 63.6 78.7 52.1 50.9 52.9
68.8 74.9 67.5 63.1 77.7 51.6 50.6 52.7
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Figure 6: Temperature at O’Hare Airport Sept. 16-23, 2018 [Met].
Despite the underlying data equality, these TACOs are visually dif-
ferent: (a) shows the changes more dramatically. This is a Halluci-
nator, but can be tamed to serve particular tasks.

Within positive scalars there are two possible Stevens’ data types
[Ste46]: ratio and interval. Area encoding has a natural root of zero
(zero area indicating zero value), which pairs well with ratio encod-
ings (which are defined by having a meaningful zero). The TACOs
pliability to interval data on the other hand is less clear. Data for
which an affine transform, such as Ĝ → <G + 1, is merely a re-
representation (such as changing between Celsius and Fahrenheit)
belongs to the interval scale. That is, interval data are defined by
having a zero whose meaning is not intrinsic to the type.

The incongruity between interval data’s non-meaningful zero
and TACOs’ rooted zero would seem to indicate that TACOs should
not be used with interval data. Yet, we suggest that a TACO of in-
terval data can nonetheless be informative, depending on the task.
Fig. 6 shows a set of temperatures as TACOs in different units. The
differences between these charts is due to the (arbitrary) choice of
unit selection. For interval data, this choice can yield a Hallucina-
tor (if units are chosen to overly magnify differences in value) or
a Confuser (as might be the case if Kelvin had been represented
as well). Yet, what could be considered a critical failure mode for
TACOs can also be wielded as an intentional design choice. If the
goal is to detect extrema or trends, the Celsius units may be a bet-
ter design choice, because this data is mapped to a wider variety
of areas, even though there is nothing essential about areas being
proportional to degrees Celsius. More extreme variations (to sub-
freezing temperatures) would require a different affine transform to
map the values to legible area variations, analogous to intentionally
setting the axes bounds of scatter plots in a data-dependent way.

3.1.3. Data Size

All visualizations have limitations in the volume and range of val-
ues they can support while remaining comprehensible [Mun14].
Many guidelines place limits on these ranges, however there are
typically exceptions or special cases to such bounds. We suggest
that broadly applicable guidelines are defined with a measure of
malleability or ambiguity. In this vein we construct a loose bound
on appropriate data range and size.

We first look at range. Consider a table of values G8 9 ∈ R+ with
sum f =

∑
8 9 G8 9 . We induce a normalizing transform Ĝ8 9 = G8 9f

−1.
The area of a cell with no error is 08 9 = FℎG8 9f−1 = FℎĜ8 9 , where

100

1

0.001 10

100

1

0.002 10

Categorical coloring Difference (labels removed)

Figure 7: TACOs containing data ranges with magnitudes of 105.
Despite doubling of the smallest value in this toy dataset (an U),
the images appear nearly identical: a Confuser. The visual subtly
of the difference might cause it to be overlooked.

F and ℎ are the graphic’s height and width. We select a minimum
legible area for a cell to be 1 pixel, as sizes below this are hypothet-
ically not-representable in a pixel based system. Other reasonable
values might be informed by notions such as area JND [RTAA20],
however this simplistic choice serves our simplistic goals. We iden-
tify the minimum value, minG8 9 = G<8=, for which changes would
not be invisible (all Us yield a Confuser).

0<8= = 1 = Ĝ<8=Fℎ ⇒ Ĝ<8= = (Fℎ)−1 (2)

For a chart with F = 500 and ℎ = 500—as many TACOs in this pa-
per are—then Ĝ<8= = 2.5×10−5. That is, TACOs with a range wider
than 105 will possess a Confuser as any changes to its smallest val-
ues will be illegible, as in Fig. 7. This bound is conservative, as it
describes the ratio between min and sum, and not the min and max
(which would be tighter). However, as we sought a rough bound,
this is sufficient. In practice we find that it is usually better to use a
range smaller than 103, however we do not argue that wider ranges
(but < 105) are unsound. Such ranges may be legible if the data
has a regular structure (as in Appendix Fig. ??) and the task is not
dependent on individual values.

Appropriate row and column cardinality is more intertwined
with task for TACOs than range. For instance, a table consisting
of a small number of rows and columns are preferable when those
individual values have relevance to the task under-consideration
(such as RETRIEVE VALUE, cf. Sec. 3.2.1). Again, larger tables
can be shown if the goal relates to aggregate relationships or
smoothly varying distributions, since their interpretation involves
trends rather than individual values. A rudimentary assertion would
hold that each column or row should possess at least one pixel;
suggesting a naive upper bound of |A>FB | ≤ ℎ and |2>;D<=B | ≤ F.
Yet, even this simple guideline has holes: adjacent cells of a com-
mon color with partial pixel areas can be understood as constituting
larger units, allowing comparison of aggregates.

These approximations highlight a weakness in our approach: not
every question can be answered by these analytic means. However,
we believe that these approximations are sufficient to aid effective
usage. These guidelines could be more closely examined (and made
more precise) through a user study.
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Figure 8: The TACO’s performance on a low-level task typology [AES05] guided by whether those tasks exhibit Confusers for relevant Us.

3.2. What Tasks Can Be Used?

Next we conduct an algebraic task analysis by utilizing Amar et
al.’s task typology [AES05], organized into four themes (Fig. 8).
This typology describes a set of low-level functions which users
might perform on visualizations. We focus on this typology (among
others [BCF20, BM13]) because of its simplicity and ubiquity. We
use this general typology—rather than one focused specifically on
cartograms [NK15]—because it is domain agnostic, which enables
comparison with non-geographic charts.

Fig. 8 summarizes this analysis, categorizing each task by
whether a relevant U yields a Confuser. We focus here on Con-
fusers as they are more closely related to task than Hallucina-
tors [KS16]. To ground this analysis we include a specific task for
Fig. 12, which is discussed in greater length in Sec. 3.3.

3.2.1. Getting Values

Tasks: RETRIEVE VALUE, COMPUTE DERIVED VALUE

Discussion: TACOs, like unadjusted tables, appear to be well-
suited to the RETRIEVE VALUE, but can exhibit a Confuser if
not labeled appropriately or if the relevant value is too small to
visually resolve. The TACO’s tabular structure allows looking val-
ues up by rows and columns, even in the presence of distortion—
although this may be impeded by layouts that are highly dissimi-
lar to grids. Changes to these values might be invisible (yielding a
Confuser) if the change is small or the cells are not labeled with
their corresponding value. This suggests that, like both geographic
cartograms [NK16] and tree maps [Fri94], TACOs are more effec-
tive when used in conjunction with a secondary visual encoding,
such as color or text, as it facilitates easier value retrieval than sim-
ply using area alone [IL20]. We argue that, given the low accuracy
of the perceptual system for understanding numeric values through
area [Mac86], that value retrieval hinges on the presence of sec-
ondary annotations, and possesses a Confuser otherwise. Beyond
identifying their necessity, AVD’s coarse-grained assertions offer
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Figure 9: Visitorship to Zion National Park [Nat] across Us. (b)
demonstrates that TACOs accurately maintain data order across an
order inverting transformation, while (c) highlights a Confuser:
changes to scale are invisible.

little insight into the perceptual role that secondary encodings play.
Subsequent work should investigate the effect that secondary en-
codings have on the completion of rudimentary visualization tasks.

Less dependent on the specifics of secondary encodings is COM-
PUTE DERIVED VALUE which involves the visual addition of cells
to form an aggregate value. There are a variety of statistics that
may be evaluated, however only those involving relative values are
supported by TACOs, as those related to absolute magnitudes will
possess a Confuser (per Fig. 9c rescalings are invisible). This pref-
erence for relative comparison in conjunction with the availability
of visual addition suggests that they support part-to-whole and part-
to-part relationships, just as in pie charts. We suggest that—also
similarly to pie charts [Kos10]—TACOs only support the visual
summation of adjacent parts, however this is beyond the scope of
AVD’s simple assertions, so we do not verify it.

3.2.2. Making Comparisons

Tasks: FIND EXTREMUM, SORT, DETERMINE RANGE

Discussion: As we have seen, areas in TACOs are proportional to
data values relative to the sum of all values. This enables some
types of comparisons—although those dependent on non-relative
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Figure 10: Strong correlations between axes can be apparent,
however it may be impaired by the multi-layout Hallucinator:
which can suggest non-existent correlations (as in (c)’s top and
bottom rows). (a)’s axes are correlated, while in (b) and (c) that
correlation is removed (an U) by making the x distribution uniform.

comparison exhibit Confusers. The relative nature of area com-
parison enables identification of a consistent visual ordering of the
data values, as it is typically easy to identify which of two shapes is
larger [CM84], though the irregular shapes of some cells can affect
this ordering, as can small differences in areas [MD73, KRK01].
It is notable that area perception of blobs (as these quadrilaterals
might be interpreted) yield more accurate comparison than area
comparisons in circles [CM86], which suggests that TACOs may
be preferable to those encodings in some contexts.

When per-cell data values are replaced by their reciprocals (an
U) all relative orderings are reversed in a consistent way, as in
Fig. 9(b). This suggests that TACOs are consonant with ordinal
comparisons as the rendered visual ordering of the entire visualiza-
tion is consistent across transformation, and thus pliable to SORT

and FIND EXTREMUM, which both rely on relative comparisons
(e.g which of two cells is bigger). Yet, not all comparisons are sup-
ported. Fig. 9 (c) shows that a uniform scaling (another U) is invis-
ible, and hence a Confuser for DETERMINE RANGE, which asks
viewers to find absolute values of extrema. This is consistent with
familiar graphics such as tree maps or pie charts, which have Con-
fusers for tasks depending on absolute scale [KS14].

3.2.3. Understanding Distributions

Tasks: CHARACTERIZE DISTRIBUTION, CORRELATE

Discussion: Displays which privilege individual values (e.g. cells
in TACOs) prompt questions about those value’s distribution. De-
spite their un-aggregated form TACOs may have little value in this
context, as they may exhibit Confusers (depending on distribution).

We can probe CHARACTERIZE DISTRIBUTION with an U that
changes the distribution. Changes will only be visible if they are
in-phase with the partitions of the rows and columns. For instance,
shifting all visits to a park (such as in Fig. 9) to happen at night
will be invisible on a month calendar, but changing the number of
visitors on a particular day (such as by inducing a holiday) will
be visible. For interval data, CHARACTERIZE DISTRIBUTION can
yield a Hallucinator or a Confuser, depending on the selection of
units (Sec. 3.1.2).

To investigate CORRELATE we can employ an U that removes
an extant correlation, such as by shifting to a uniform distribution,
as in Fig. 10. Again, the legibility of correlations is contingent on
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Figure 11: TACOs highlight outliers by distorting the grid around
those cells. Here frequency of speed camera violations in Chicago
during Jan. 2016 [Chi] is altered (an U) to explore this property.

their relationship being visible under the selected row and column
partitions. This task also involves consideration of correlation mag-
nitude; for which the TACO is poorly tuned, as it’s variable layouts
can hallucinate weak or non-existent correlations. For instance, the
top and bottom rows of Fig. 10(c) appear to be marginally larger
than the rest of the rows; implying a non-uniform relationship
between value and vertical position. Beyond correlation between
axes, TACOs can present correlation between size and secondary
encoding (such as color). We forgo considering this property as it
necessitates more precise tools than are available in AVD.

3.2.4. Finding Subgroups

Tasks: FIND ANOMALIES, CLUSTER, FILTER

Discussion: The TACO’s layout forms contiguous paths in rows
and columns which can aid investigation of subsets of interest. The
fabric of the table itself is distorted in a coherent manner across
contiguous paths for all rows and columns. We suggest that this
distortion facilitates identification of anomalous extrema (FIND

ANOMALIES), while impeding identification of similarly valued
cells or groups of cells—as FILTER and CLUSTER require.

We can observe TACOs handling of FIND ANOMALIES in
Fig. 11, which removes outliers from smoothly distributed data
(an U) by setting them to the weekly average. The visibility of
this change indicates TACOs are not ineffective for tasks involving
identifying outliers. Those now-average values are more difficult to
differentiate from their neighbors. This can thus impede both FIL-
TER and CLUSTER for narrow distributions. This is in agreement
with prior work [MD73, KRK01] which notes that very different
comparisons are easier to make than similar ones.

A notable caveat: the TACOs’ irregularity can cause false pos-
itives when trying to detect outliers as cells which may have the
same value can be represented as quadrilaterals with greatly dif-
fering shapes. Yet, under an appropriate parameter configuration
outliers can be clearly seen (Fig. 11). Unlike FIND ANOMALIES,
the ease of FILTER or CLUSTER seems to be a function of both the
separability of subclasses within the distribution, as well as the se-
lection of axis units or partitions. As in other cases, this suggests
that there is a Confuser when the distribution is narrow, or if the
statistic that FILTER is predicated upon possesses a Confuser.
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Figure 12: Bicycle crossings of the Fremont Bridge in Seattle in 2018 [McN19]. Months of the year are arranged by quarter in a slice-dice
tree map, while days of the month are shown as TACOs such that each day is sized and colored according to the crossing volume.

3.3. Case Study

We conclude our analysis with a discussion of a larger example
TACO [McN19], reproduced in Fig. 12. We focus on this design
because it exemplifies a more complex composition than the ex-
amples we have seen so far, thereby showing more of the TACO’s
strengths, as well as its weaknesses. It shows the bicycle crossings
on a particular bridge in 2018 annotated with daily weather. The
TACO is used here, not just as a graphic unto itself, but as an in-
gredient in a larger composition, showing each of the months as an
independent TACO arranged in a slice-dice tree map. Crossing vol-
ume is doubly encoded through area and color. The area encoding
provides a ratio representation of the value (zero area correspond-
ing to zero crossings), while color shows that quantity through an
interval rendering, facilitating ordinal readings—like that yellow
cells have a greater number of crossings than others. This design
highlights the TACO’s ability to blend with other chart forms, such
as tree maps. In the appendix we discuss another real-world exam-
ple [pie], which combines TACOs and word clouds.

Some tasks are eased by the visual structures of this graphic.
As might be expected from our discussion of FIND ANOMALIES,
some outliers are readily visible, such as near American Thanks-
giving (Nov. 22), as well as seasonal and monthly trends (which
are imparted by the containing tree map). Some correlations are

more readily apparent than others. Weather condition appears to be
loosely correlated with increases in ridership (as in the third week
of October)—although as we noted in Sec. 3.2.3 magnitude of cor-
relation is hard to judge with TACOs. In contrast, while it is clear
that more crossings occur during weekdays than on weekends, it is
completely invisible that more crossings occur during the middle
of the day on the weekends, as well as before and after business
hours on weekdays (suggesting commuters). This graphic values
ordinal comparisons over magnitude judgments: while values can
be looked up, doing so requires utilizing color, as magnitude is il-
legible as area, and text is used to describe the date and weather.
This is inline with our comments about the data, the types that can
be appropriately described (ratio), and the tasks facilitated therein.

The purposes of this graphic might be equally well served by
a number of alternatives. For instance, the TACOs could be sim-
ply replaced by shaded calendars, rather than being dual-encoded
with area, the entire plot might be replaced with a line series, or
with something specifically tuned to calendar displays [VWVS99,
Har08]. Yet the novelty, and hence possibly the visual appeal, im-
parted to this graphic by the use of an unusual and somewhat per-
ceptually difficult chart form may be diminished through the use of
more pedestrian graphics. This is emblematic of the TACOs general
use case: as a mechanism for supporting entertainment and engage-
ment, and not as a tool for decision making.
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4. Discussion

We now synthesize our findings, discuss our methodology, high-
light limitations, and note opportunities for future work.

4.1. What are Table Cartograms Good For?

TACOs offer an intriguing combination of affordances. We argued
that they support SORT and FIND EXTREMUM tasks, as well as
FIND ANOMALIES and distribution tasks under some conditions.
We saw that they can be effective for RETRIEVE VALUE tasks,
which can be obscured if the cardinality of rows and columns is
too large (suggesting that tables with a small axial cardinality are
preferable). We claimed that they are best suited to tables with or-
dinal axes with a limited range and typically with ratio data. While
not every insight in our analysis will be surprising to those famil-
iar with geographic cartograms or tree maps, the way in which we
arrived at them (through the consideration of the TACO’s symme-
tries) facilitated a broad and self-consistent description of those
conclusions, as well as a pragmatically-organized account of rel-
evant guidelines. Yet, as we saw, TACOs are not without deficits.

Weaknesses. TACOs possess a prominent collection of weaknesses,
which when coupled with their unusual and inconsistent visual
form, severely limits their applicability. Their primary method of
encoding data (as area) is far from the most accurate perceptual
channel for encoding quantitative information [Mac86]. They face
all of the same troubles as geographic cartograms, including that
they are difficult to interpret, and possess area perception chal-
lenges [Nus17]. TACOs add further perceptual difficulties as they
allow convex quadrilaterals just as readily as concave ones, such
that cells that have a common area may not appear to be identical.
While their Hallucinators allow a great degree of aesthetic con-
trol, they do not provide a consistent visual bedrock upon which to
conduct analysis, suggesting that they are ineffective for exploring
data. They are unsuitable for many tasks and datasets, such as com-
parisons of absolute values and datasets with wide value ranges.
In most contexts, there are an array of alternatives which may be
more effective, such as tables, shaded matrices, mosaics, and tree
maps. These forms often offer preferable variations of the TACO’s
strengths. For instance, TACOs support FIND ANOMALIES, yet
tree maps facilitate this task as well [Mun14] while affording the
easier area comparisons. This suggests that effective usage may in-
volve leveraging TACOs’ more unusual maintenance of adjacency.
However, in most contexts adjacency is not an important property
to preserve at the expense of legibility.

Potential Opportunities. Despite these weaknesses, TACOs may
yet be useful in an appropriate context. Visual complexity can in-
crease viewer engagement or enjoyment [Lim11,HRC15]. Hullman
et al. [HAS11] argue that graphics that are visually difficult can
be usefully deployed as a design element to prompt engagement.
Kosara [Kos16] suggests that presentation-only tasks can leverage
aesthetic appeal for reader engagement, as with pie charts. The
atypical shapes assumed by TACOs may help capture readers’ at-
tention, although further study is required to evaluate this assertion.
To this end, they may be effective at capturing enjoy tasks [BM13],
which is inline with the advocacy and education applications that
geographic cartograms typically serve [NK16, Tob04].

The naturally bidirectional ordinal domain of many displays of
time offers a compelling application for TACOs. In Sec. 3.1 we
argued that only flat tables with ordinal data should be used as
inputs to TACOs, which are well matched displays of time, just
as in calendars. The ordered nature of calendars allows TACOs to
highlight temporal anomalies and trends, such as in Fig. 11 and
Sec. 3.3. This is inline with Drucker’s call for “graphical displays
that emphasize the relational and co-dependent quality of temporal
events” [Dru11], as TACOs intermingle the structure of space with
data. However, even this algebraically-sound application should be
handled with care, as month calendars have a small Hallucinator
due to the ambiguity of which day of the week is first.

Future work. Several questions remain about TACOs, including the
human response to them and how our recommendations perform in
real contexts, each of which would benefit from a user study. We ig-
nored questions of interactivity (a limitation imposed by AVD), but
future work might explore how animation and interactivity expand
the design space—an active area or research for geographic car-
tograms [DTPG21]. Many of the geographic cartogram’s ills can
be addressed through “good design choices” [NK16], such as leg-
ends and annotations. The same may be true for TACOs, although
further design exploration is necessary to understand the role these
components could play.

4.2. How Might We Examine Unknown Visual Forms?

Understanding appropriate usage for novel visualizations is an in-
trinsically difficult, yet important task. Previous works [ZC06] ar-
gued for theory-based analysis methods which would allow for the
discount evaluation of graphics that have not become sufficiently
developed or well-known to prompt user studies. Such economi-
cal methods have been shown to have great value in other contexts,
such as usability testing [BKM09] or evaluation [Gre89].

In this work we exemplified one such method of abstract eval-
uation based on the language of Algebraic Visualization Design,
and, in doing so, we showed that practical guidelines can be gener-
ated through application of theory. AVD provided particular value
in this pursuit, as it offered a systematic way to ask and answer
questions about the visual form of interest. While not able to ad-
dress every concern—most matters related to perceptual quality
being too subtle for the coarse way in which we applied AVD—
it was able to help us build a coherent set of usage suggestions.
This approach inverts AVD’s typical usage as guide in the de-
sign process, wherein designs are invalidated for a particular task
[CLKS18, CC21, PK20, WKD18]. Similar analyses to ours have
been used to consider novel graphics [CH16, WD08], although in
an ad hoc and implicit way. We formalize this approach as Alge-
braic Visualization Analysis (AVA).

AVA addresses two key questions (Fig. 3). The first—What data
can be used?—is answered by developing a model of possible in-
puts (across type, structure, and size), then pruning that space via
adversarial examples, whose effects were considered through the
lens of AVD’s Confusers and Hallucinators. Our model of pos-
sible inputs was dictated by the form of data that TACOs accept.
Analysis of another graphic, such as a pie chart, would require
a model incorporating input data, aggregation, and other relevant
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parameters. We used a variety of tools in this trimming (includ-
ing Stevens’ data types [Ste46] and JNDs), which were selected
to probe the TACO’s particular properties. Analysis of a different
graphic may necessitate a different selection of tools. For instance,
analysis of a pie chart may involve a calculation of the minimum
perceptible arc area, as well as consideration of the effect of affine-
versus-ratio value transformations.

The second question—What tasks can be performed?— is ad-
dressed by again segmenting a possibility space, this time using
Amar et al.’s [AES05] task taxonomy and then constructing rele-
vant Us for each task. AVA is composed of various interlocking the-
ories, many of which could be swapped, should the need arise. For
instance, this taxonomy could be exchanged for another—although
we favor this one for its brevity. Analysis of a different chart form
would involve identifying relevant Us for each task and visually
evaluating them. Future work might develop tools that given a for-
mal specification of allowed data derive Us pre-matched to tasks.

Following Hu et al.’s [HGH∗19] triplet model of visualization
a third potential question might ask What visualization is appro-
priate? However, as selection of a visual form is prior to AVA, this
question might be refined to How do this visual form’s non-data pa-
rameters affect its usage? This arises in our discussion of TACO’s
multiplicity of solutions for a given dataset. Such issues can be an-
swered with AVD, such as in Correll et al.’s [CLKS18] study of the
effect that bin-widths have on histograms. These matters are prior
to AVA’s key questions, as developing an understanding of what
forms a chart might take on is vital to probing its usage.

The goal of answering these questions (providing chart making
guidance) is one shared by a variety of mediums, such as guide-
lines [DKA∗20], validations [MK18, HCS20], prompts for intro-
spection [DFCC13, WKD18], and recommendations [Lee20]. We
believe that advances in any of these interwoven modalities should
lead to advances in the others, and that AVD is an opportune foun-
dation on which to unify them, as it is both human and machine
[CC21, VC19] operable. Yet, such research directions should be
followed with caution as both AVA and AVD have limitations.

AVA Limitations. As with any theory, AVA has a set of limitations
and imprecisions. Any investigation conducted by a single individ-
ual will likely exhibit bias. While this is problematic, the nature of
our approach is somewhat self-regulating. This approach does not
verify that a given visual form is good for a certain task: rather,
it only invalidates particular tasks or inputs for that form. We be-
lieve that AVA’s non-existence proofs offer a valuable picture of the
graphic under consideration while usefully limiting the scope of
claims that can be made. These assertions can be checked by sim-
ply comparing outputs across Us. AVA’s iterated partitioning can
inadvertently ignore errors outside of it’s framing. However we do
not claim this analysis to be total, instead we claim that it upper
bounds performance. Evocatively: we see a graphic as being as bad
as AVA describes it to be, or worse. In addition to the Confusers
and Hallucinators, AVD has two further failure modes: Jumblers
and Misleaders, which test whether an U appropriately corresponds
to an l. While they can provide useful insights, they rely on more
observer-dependent judgements than the modes we considered.

Visualizations are situated in their context and their value is de-

pendent on how they perform at tasks in those situations. In our
analysis we considered a visual form devoid of such a context and
reduced it to its most elementary components. Our hope is that by
considering the form in the abstract, that the rendered guidelines
will be generally applicable. Yet, this reductive approach may cause
our suggestions to be invalid in some contexts. In future work we
will compare it with other analysis methods for graphics whose
properties are already well known, so as to develop a deeper under-
standing of what can and cannot be achieved with AVA.

We encountered phenomena in our analysis that could not be ad-
dressed through our limited set of tools. As noted in Sec. 3.1, while
coherent guidelines can be produced using this framing, the pre-
cision of such recommendations may be limited. Echoing Chen et
al. [CJ10], we believe that user studies are necessary for the rigor-
ous study of visualizations (and therein construction of guidance),
and that theory cannot stand alone. The dual of this statement—
that user studies must be built atop theory—does not hold, as valid
experiments can be conducted without an overarching theoretical
foundation. That said, we believe that theory-based analysis has
value. Beyond its demonstrated value for discount evaluations, it
can, for instance, support hypothesis generation, the result of which
can be used as the basis for experiments.

AVD Limitations. While AVD can be an advantageous frame-
work on which to base analyses, its structural limitations can im-
pede some analyses. The assertions it makes are coarse-grained,
which—while being readily interpretable—can fail to provide an
explanation for subtler phenomena (such as dual encodings). It can
demonstrate that tasks can be achieved, yet it does not offer any
explanation on how easily those tasks might be under-taken. This
is analogous to how heuristic evaluation can highlight problems,
but cannot suggest repairs [NM90]. It is unable to validate inter-
active or time varying graphics (such as HOP plots [KNKH18]). It
cannot reason about design components that are not purely graph-
ical, such as embodied affect [DK16] (as in chartjunk [BMG∗10])
or value-sensitivity. Schwabish and Feng describe how a line chart
for a race-based COVID chart gave way to deficiency framings of
those races most affected [SF20]. While AVD might consider such
an issue by generating Us related to race, judgement of the rendered
change is not limited purely to the visual spectrum as other Us tend
to be; instead it relies on the composition of biases in the viewer
for validation. This may prevent the analyst from having sufficient
distance to judge the sensitivity of their construction. Constructing
analysis frameworks that are value-sensitive is an important task,
and should be a component of future work. While there has been
some examination of the connection between AVD’s failure modes
and human perception [CLKS18], questions remain. To accept a
theory as a basis of analysis it is important to demonstrate that it has
a clear connection with the real world. AVD’s explanatory power
seen here and elsewhere, suggests it can validly answer questions,
although experimental data is still outstanding.
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