
On Defining Chart Type Boundaries

Chang Han , Andrew M. McNutt , and Katherine E. Isaacs

Abstract—What makes a Gantt chart? This question proved unexpectedly difficult to answer when we set out to build a design space
for Gantt charts. Existing definitions, each shaped by their respective research goals, made different scope choices that we could not
directly reconcile. We reasoned about what should and should not count as a Gantt chart, developing concepts and tools along the way.
We distinguish features that are essential to a chart type’s identity from those that can vary, and use these distinctions to map how
chart types relate through what they share and lack. Applying these ideas to Gantt charts, radar charts, and table cartograms, we
produce key insights on what boundary work reveals: definitions diverge for functional reasons, drawing boundaries exposes hidden
structure in descriptive vocabulary such as feature entanglements, and scope choices shape how far findings can generalize. We
came to understand that there is not a definitive answer, but that working through the question produced a functional definition that
guided the design space we originally set out to build. Additionally, we present vocabulary and tools for reasoning about chart type
boundaries and surfacing these boundary decisions, alongside a documented Gantt chart design space. Our broader reflection is that
scope choices in chart-type-centered research—which determine what design spaces include, what grammars generate, and what
perceptual studies measure—are research decisions worth making visible.

Index Terms—Chart Definitions, Design Space, Hasse Diagram

1 INTRODUCTION

When we set out to build a design space for Gantt charts, we expected
the question of “what makes a Gantt chart?” to have a ready answer,
or at least one we could converge on quickly. This question mattered
because design spaces need boundaries: they determine which exam-
ples to gather, which features to catalog, and which design alternatives
to consider. But as we collected examples from academic papers and
practitioner tools, the boundary proved elusive. Existing definitions
each reflected their own study’s goals. For example, one scoped for
perceptual comparison emphasizes fixed mark order and color [69],
while another for task taxonomy emphasizes event dependencies [59].
But we could not directly reconcile them for our usage. What began as
a practical matter of scope became a sustained investigation into how
chart-type boundaries work and what decisions they carry.

That question, we came to realize, was not specific to Gantt charts.
Chart types serve as organizing concepts across a wide range of vi-
sualization research: perceptual studies measure how people read
specific chart forms [40, 54], design spaces enumerate their varia-
tions [9, 15, 49, 63], grammars and authoring tools specify how they are
constructed [28, 61, 78, 80].

Each of these activities depends on a scope, a commitment to what
counts as an instance of the chart type under discussion. That boundary
defines the object of the study: it clarifies which cases belong, which
variations matter, and how a familiar label such as “Gantt chart” or
“word cloud” are being used for the purpose at hand. Scope is therefore
not just a matter of terminology, but part of how chart-type-centered
research becomes interpretable and connectable across contexts.

To approach this question, we assembled concepts and tools to help
structure our reasoning—some existing and others adapted for this
context. We developed a distinction between features essential to a
chart type’s identity and features that can vary across its instances, and
adapted Hasse diagrams [11, 23] from order theory as a way to map
how chart types relate through shared and absent features, turning the
question of “what makes a chart?” into a structure that could be chal-
lenged and revised via iteration. These tools did not replace subjective
judgment; they enabled us to externalize, to see the consequences of
each definitional choice and to trace the reasoning behind it.
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We explore this question in detail through Gantt charts (Sec. 3), fol-
lowing an iterative process of proposing, testing, and revising candidate
definitional features. We then apply the same tools to radar charts,
which surfaced complementary boundary decisions, and to table car-
tograms, to explore a different use: situating an unfamiliar type among
neighboring charts (Sec. 4). Together, these cases show that defining
chart type boundaries involves a range of decisions: which features
depend on another, at what granularity to decompose them, and how
precisely to describe them. Chart types that look different can share
most of their features, such as radar charts and parallel coordinates
differ only by axis arrangement, while charts that look similar or share
a name can still encode data differently, as with radar charts and radial
line charts. These contrasts made clear that chart type boundaries are
not settled by visual resemblance alone, but by which structural dis-
tinctions a definition treats as consequential. The definitions we started
from turned out not to be competing attempts at the same answer, but
different purpose-built definitions shaped by their respective purposes.

We did not arrive at the definition of Gantt chart. Over the course of
the investigation, we came to understand that no such definition exists
independently of the purpose it serves—a conclusion anticipated by
the very definitions we started from, each functional within its own
study but none universal. Chart types do not exist in nature the way
molecules do, waiting to be discovered; they are human constructions
whose boundaries are shaped by use. The investigation produced a
working definition, but, more importantly, it surfaced the boundary
decisions that any such definition requires; decisions that chart-type
research often leaves implicit. This paper traces that investigation,
answering calls [2] to make the epistemological commitments visible.

From our investigation of defining chart type boundaries, we find
that definitions diverge for functional reasons rather than by error, that
drawing boundaries surfaces hidden structure in how chart types relate:
feature entanglements, misleading visual similarities, and insufficient
descriptive granularity, and that scope choices shape how far findings
can generalize. We also contribute vocabulary and tools for distinguish-
ing, describing, and mapping chart type boundaries, as well as a Gantt
chart design space. Our broader reflection is that scope decisions in
chart-type-centered research are worth making visible.

2 RELATED WORK

We situate our work in three areas: chart types as research objects,
notions of essentialism, and set of related methodological traditions.

2.1 Chart Types and Design Spaces
We discuss how chart types function as organizing concepts in visualiza-
tion and how design spaces, the most closely related research tradition,
rest on scoping choices that are rarely examined.
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Chart Types as Organizing Concepts. Chart types—named visual
forms such as bar charts, treemaps, and scatterplots—serve as organiz-
ing concepts across a wide range of visualization activities. Perceptual
studies measure how people read specific chart forms [40, 54], design
spaces enumerate their variations [15, 71], grammars specify how they
are constructed [61, 80], and authoring tools implement them [46, 78].
Chart types also anchor practitioner-facing resources such as chart
galleries [55, 83], making them a primary vocabulary through which a
great deal of visualization knowledge is communicated.

The Grammar of Graphics [82] influentially argues for decomposing
visualizations into constituent marks, scales, and encodings rather than
treating chart types as atomic units. This decomposition is powerful:
it enables flexible chart construction and underlies systems such as
ggplot2 [80] and Vega-Lite [61]. Yet, named chart types continue to be
useful cognitive shortcuts: they chunk complex visual specifications
into memorable, communicable units that practitioners and researchers
can reason about without enumerating low-level encodings.

When conducting chart-type-centered research, such as building a
design space or conduct perceptual studies, investigators must decide
what counts as an instance of the chart type under study. This is a form
of operationalization [1]—the translation of an abstract concept into
specific, workable terms. In chart-type-centered research, operational-
ization means deciding which visual designs count as instances of the
type under study, for example, whether “bar charts” includes stacked,
grouped, or diverging variants.

Design Spaces and Chart Modeling. Among prior work that cen-
ters specific chart types, our work is closely related to design spaces.
Design spaces in visualization range from specific chart types like time-
lines [15] to visualizations in particular domains [22] or with certain
data types [71]. Munzner [49] reviews design spaces in visualization
and describes lessons learned from developing several. Tennekes and
Chen [71] connect design spaces with related models of knowledge
including taxonomy and ontology, arguing that design spaces facilitate
comparison by listing alternatives as parameters. Design spaces are
also a subject of study in software engineering [66, 67], where Shaw
argues they help organize design alternatives and make decision ratio-
nale explicit. Sedlmair et al.’s [65] design study methodology, similarly
to our work, emerged from reflecting on repeated practice, distilling
structure from experience conducting design studies.

Visualization taxonomy work also involves scoping commitments.
Chen et al. [20] describe how developing a bottom-up typology of
visualization images required resolving ambiguity and repeated refine-
ments to category definitions. VisTaxa [85] similarly treats taxonomy
development as an empirical coding protocol, including decisions about
definition formatting and boundary cases such as the distinction be-
tween visualizations and maps.

Prior work has likewise treated named chart types as members
of broader visualization families. Wickham and Hofmann’s product
plots [81] show that many area-based visualizations, such as bar charts
and treemaps, can be described through shared constraints and recur-
sive partitioning primitives. Schulz and Hadlak [64] extend this view
through parametric visualization designs and preset-based blending,
allowing designers to interpolate between existing techniques; they
similarly constructed a Hasse diagram for product plots, to illustrate
how feature combinations can organize neighboring designs. Li et
al. [42] use feature vectors and phylogenetic trees to model visualiza-
tion designs. Together, these works show that feature choice, family
resemblance, and neighbor relations are recurring concerns in visual-
ization design spaces rather than peculiarities of Gantt charts.

Our work complements the design space and chart modeling work by
making the scoping step explicit. Where design spaces often organize
or generate chart families after relevant features have been selected, our
work focuses on the boundary itself: what belongs in the space, what
does not, and how those boundaries relate to neighboring chart types.

2.2 Concepts and Definitions
We discuss prior work that examines foundational concepts in Visual-
ization and HCI, then introduce the philosophical traditions we draw
on to reason about chart-type definitions.

Definitional and Conceptual Work. The Visualization and HCI re-
search communities have (re)examined some familiar concepts in the
field. Hornbæk and Oulasvirta [36] ask “What is interaction?”, a
concept central to HCI yet lacking a settled definition, and show that ex-
amining it carefully reveals hidden assumptions and productive distinc-
tions. Beaudouin-Lafon et al. [6, 7] similarly interrogate foundational
concepts in interaction design, developing theoretical frameworks that
reframe how the field understands its own terms. Bowker and Star [12]
study how classification systems shape what is visible and what is tacit,
arguing that the categories we use have real consequences for practice.
Brehmer and Munzner [16] address fragmented characterizations of
visualization tasks by constructing a multi-level typology that distin-
guishes tasks as why, how, and what, showing how principled structure
applied to a concept space enables richer analysis and cross-domain
comparison. Our paper joins this conversation: chart-type names are
categories that visualization research relies on, and examining their
boundaries reveals decisions worth making visible.

Burns et al. [17] document a parallel case for audience categories:
the label “novice” is used broadly, yet papers rarely make explicit what
the term means or who it includes, leading to narrow operationalizations
that are difficult to compare or generalize. Our argument asks for the
same explicitness about chart-type names.

Essentialism and Chart Types. To reason about scope, we draw on
the philosophical tradition of essentialism [56], which distinguishes
between properties an object must have (essential properties) and prop-
erties it could have but does not need (accidental properties). We adapt
this distinction as a lens for chart types: which features must a chart
have to count as a given type (essential features), and which can vary
across instances (variable features)? For example, a bar chart must use
length along a common axis to encode quantitative values, this is essen-
tial to its identity. But the specific color of the bars, their orientation,
or whether they are sorted is variable: changing these does not make it
stop being a bar chart.

Essentialism has long been the subject of philosophical debate [56],
and fully engaging that debate is beyond our scope; nor do we take a
strong essentialist position. We make no claim that chart types have
context-independent essences; rather, we use the essential–variable
distinction pragmatically to structure boundary decisions, as we further
discuss in Sec. 6.

2.3 Reasoning Frameworks and Methods

We discuss methodological traditions our work intersects: structured
reasoning frameworks, qualitative methods, and sensemaking models.

Structured Reasoning in HCI and Visualization. Our work aligns
with structured reasoning approaches such as QOC [43] by externaliz-
ing definitional and scoping choices, making assumptions about what
counts as an instance visible for comparison, reflection, and critique.
Meyer and Dykes [47] propose six criteria for rigor in visualization
design study, including transparent reporting of activities, evidence,
and analysis, thereby enabling readers to scrutinize how knowledge is
constructed. In a related spirit, our work likewise seeks to make an
often-implicit aspect of research practice more explicit. Though we do
not offer prescriptive criteria, we treat structured scope reasoning as
an exploratory and reflective practice for surfacing assumptions and
revealing definitional distinctions.

Sensemaking Models and Qualitative Methodology. Our work also
connects to sensemaking models [8,31,58] in that it provides conceptual
scaffolding for a specific set of sensemaking tasks. Among these, Berret
and Munzner’s Iceberg model [8] bears structural similarity, with its
iterative cycles of adding material and refining understanding. Indeed,
the iterative definitional process we describe produces something akin
to a schema, a structured framework for understanding what a chart type
is, but our focus is on the boundary decisions within that framework:
the boundary choices about what counts as an instance, which propagate
into downstream research. Where sensemaking models address general
data analysis, our tools target the specific task of reasoning about what
a chart type means in service of a functional goal.



Fig. 1: Examples from our Gantt-chart collection, (A) showing events with
explicit arrows [59], (B) modeling schedule adjustments as the compres-
sion and stretching of a spring (represented by triangle waves) [73], and
(C) a bar-based production schedule organized by order and time with
categorical color encoding [70]. Their contrast in marks and relational
structure illustrates the challenge of forming a single definition.

The iterative process of proposing, testing, and refining essential
features that we describe draws on established qualitative methods.
Braun and Clarke’s [13] thematic analysis provides a foundation for
coding examples and identifying patterns. We extend this descriptive
orientation with definitional reasoning by asking not only which themes
recur across examples, but also which features are necessary for the
concept to hold.

3 WHAT MAKES A GANTT CHART?
A design space needs a boundary: it depends on a workable answer to
what belongs and what does not. On the way to build a design space
for Gantt charts, a critical question we encountered was “Just what
is a Gantt chart?” This section traces how we worked through that
question—what we started from (Sec. 3.1), how we come up with our
own definitional structure (Sec. 3.2), how we refined the definition iter-
atively (Sec. 3.3 and Sec. 3.4), what we arrived at (Sec. 3.5), and how
we applied to definition to build the design space (Sec. 3.6). Across this
process, we gathered 84 examples from academic papers and practi-
tioner tools (we provide a complete list in supplemental materials), and
used them to propose, test, and revise candidate features. The collec-
tion began with examples from papers and practitioner tools and was
expanded iteratively as additional cases emerged during the exploration.
It was also informed by candidate chart forms and examples suggested
by a co-author with over a decade of experience working with Gantt
charts. Along the way, we assembled a set of techniques, some drawn
from existing methods, others adapted for this context, that we use to
form and assess features used for definition.

3.1 The definitions we started from
We started by revisiting how prior work defines Gantt charts. Several
recent works define or implicitly characterize Gantt charts. We expected
these accounts to converge on a workable scope for our design space,
but they did not.

The following examples illustrate this divergence: each study scopes
“Gantt chart” differently in ways that reflect its particular research goals.
Tang et al. [69], in a comparative perceptual study, define Gantt charts
as: visual representations using fixed orders of rectangles or lines to de-
note events, with categorical color encoding for event types (e.g., Fig. 1
(C)). This scope is tuned for perceptual comparison, where the visual
form of marks matters directly. Sakin and Isaacs [59], constructing a
task taxonomy, take a different view: their Gantt charts feature depen-
dencies between events rather than fixed ordering (e.g., Fig. 1 (A))—a
choice that meaningfully extends the task space they can describe. Jo et
al. [38], building interactive Gantt charts for manufacturing scheduling,

implicitly adopt yet another scope: their drag-to-reschedule interac-
tion implies constraints between bars, and their use of aggregated bars
suggests hierarchical data structure.

These differences have practical consequences. A chart with depen-
dency arrows between tracks would fall outside Tang et al.’s definition
but is central to Sakin and Isaacs’. The same visualization can be
included or excluded depending on which definition is adopted—and
these scope choices propagate into what a design space contains, what
features are cataloged, and what findings are produced.

This divergence, we came to realize, was not an oversight by prior
authors. It reflected something about how chart-type boundaries work
in practice: they are not fixed properties of a visual form but functional
commitments shaped by what the definition is being used to do. The
same chart-type name can carry different scopes across different studies,
and those differences are rarely surfaced or examined. We initially
hoped that one sufficiently broad definition of Gantt charts could serve
as a common foundation. But as we assembled examples, we found
that maximal coverage was not the right goal for our purposes. Instead,
we needed a scope whose cases shared enough design vocabulary for
feature comparisons to remain meaningful. Some prior definitions were
too narrow for that purpose, excluding cases whose variation we wanted
to capture; a maximally broad definition would have been too loose,
collapsing together forms whose features did not transfer meaningfully.
The task, then, was not to recover the one true scope of “Gantt chart,”
but to construct a scope suited to one coherent design space.

Each definition was functional within its own study, none was wrong.
But each would accommodate different chart instances. Even the three
examples in Fig. 1 already pull the boundary in different directions:
Fig. 1 (A) foregrounds dependencies between tracks, Fig. 1 (B) departs
from the familiar bar-based appearance through a spring notation to
model schedule adjustments, and Fig. 1 (C) presents a bar-based pro-
duction schedule with categorical color encoding. Together, they made
clear that no single prior definition cleanly captured the range of cases
we wanted to reason about. We then iteratively proposed, tested, and
revised candidate features, refining our definition of Gantt charts and
clarifying our understanding of chart-type definition.

3.2 What must a Gantt chart have? Separating essential
from variable features.

When we conducted open coding [14] on the curated examples, the
list grew quickly: bar color, mark shape, timeline orientation, discrete
tracks, dependency arrows, among others. But these features were
clearly not all playing the same role. Some felt definitional—remove
the timeline axis from a Gantt chart and it stops being a Gantt chart.
Others felt like design choices—remove the border thickness variation
among the bars and it is still recognizably a Gantt chart, just a less
informative one. We needed a principled way to separate these features.

Drawing on essentialism (Sec. 2), we call a feature essential if re-
moving it changes what the chart fundamentally is, and variable if the
chart remains recognizable without it. The practical test is an algebraic-
inspired [39, 45] removal criterion: if a feature can be removed and the
result is still understandable as that chart type, the feature is variable;
if removing it fundamentally changes what the chart is, it is essential.
For Gantt charts, this test quickly sorted some features: removing color
encoding leaves a Gantt chart that is still a Gantt chart; removing the
timeline axis yields something that is not. But the test is less me-
chanical than it sounds. The answer to “is it still a Gantt chart after
removing this feature?” is itself a subjective judgment, one that differ-
ent researchers might answer differently based on their prior experience
and prototypical examples. In our case, three researchers had to reach
agreement on each call, and these agreements were themselves scope
decisions: deliberate commitments rather than discovered facts. The
removal criterion does not eliminate subjectivity; it structures it, by
giving us a specific question to disagree about. The reasoning also
naturally extends to “what-if” checks that allow us to discuss what
would happen if a judgment went the other way. For example, treating
categorical colors as essential would exclude charts like Fig. 1 (A).

These iterative discussions drew on expert review, à la heuristic
evaluation [72, 77] or critical reflection [60], where prior knowledge



and experience are used to propose and critique essences, alongside
the coding. One co-author has over a decade of experience with Gantt
charts; the others brought visualization design and theory expertise.

With this framing in hand, the first author then conducted the open
coding, and the group refined the results through expert discussion,
arriving at an initial set of four candidates:
1. RECTANGLES / LINES ENCODE DURATION
2. TIMELINE AXIS
3. TRACKS (ROWS) PRESENT
4. DEPENDENCY BETWEEN MARKS

3.3 Probing the boundaries
With candidate essences in hand, we began testing them against our
collected examples. As we assembled and expanded (à la purposeful
sampling [51]) the collection, we deliberately included edge cases, such
as spring-based Gantts and icicle plots, alongside clear-cut positive ex-
amples, such as conventional bar-based Gantt charts. Some of these
edge cases turned out to be counterexamples: charts that share surface
features with Gantt charts but are not, on reflection, members of the
family. Rather than discarding them, we retained these counterexam-
ples because they expose unexamined assumptions and provide useful
friction when testing candidate essences.

In practice, probing and refining essences involved repeated revision,
reconsideration, and false starts; here we highlight a few episodes that
illustrate the kinds of revisions it produced.

Generalizing mark descriptions. Early on, we described Gantt chart
marks as rectangles or lines, following the visual forms most common
in practice. But we encountered valid Gantt charts using alternative
representations, such as springs [73] ((B) in Fig. 1), which broke this
characterization without changing the chart’s identity. We generalized
to data marks, which is a broader term that captured the essential role
(encoding scheduled events) without over-committing to a specific
visual form.

Refining duration encoding and track specifications. With that
revision, we had DATA MARKS ENCODE DURATION as a candi-
date essential feature. But one example from Isaacs et al. [37]
used uniform-length bars
where all events occu-
pied a single time unit
(right). Was this still a
Gantt chart? We thought
so—the bars were clearly
meant to represent time spans, even though they happened to be uniform.
We refined the feature to DATA MARKS CAN ENCODE DURATION: the
marks must have the capacity for variable length, even if a particular
instance does not use it. In this sense, duration encoding requires a
semantic mapping between mark extent and temporal duration, not nec-
essarily visible length variation in every displayed instance. This kept
uniform-duration Gantt charts within scope while excluding temporal
network diagrams, where nodes cannot meaningfully encode length.
We had considered broader mark types as well, but when marks could
not meaningfully lengthen or shorten with duration, those representa-
tions were better understood as neighboring forms, such as node-link
diagrams or dynamic graph visualizations, than as Gantt charts.

Another counterexample exposed an ambiguity in the vertical lay-
out. We initially described the feature simply as TRACKS PRESENT.
But one chart [24] (right)
placed events against a y-
axis representing some-
thing like resource quan-
tity, and the bars flowed
across that axis more like
layers in a streamgraph
than items assigned to fixed rows. We did not regard this as a Gantt
chart: although the chart had a track-like vertical structure, its positions
were continuous rather than stable lanes. To distinguish such cases
more clearly, we revised TRACKS PRESENT to DISCRETE TRACKS.

Resolving concept collisions. In many Gantt charts, arrows or
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Fig. 2: The flexibility check examines each essence along two axes—
visual design and data abstraction—to reveal how much latitude a given
phrasing permits. The arrow traces how a Gantt dependency essence
shifted from a visually constrained phrasing to a data-focused one.

other connectors are used to show that one depends on another,
for example, “task B cannot start until task A finishes.” Our
initial formulation treated these dependencies as a single feature.
But when we considered icicle plots or flame graphs (below),
which also show hierarchical relationships pro-
gressing from top to bottom, we realized that
not all dependencies are the same. In Gantt
charts, dependencies indicate cross-track con-
straints between events on different lanes; in
icicle plots, they represent hierarchical contain-
ment within a tree structure. We introduced
the term cross-track dependencies to capture this distinction, making
the feature more precise.

When the words themselves are the problem. Counterexamples test
whether the right charts fall inside and outside the definition. But we
discovered a different kind of issue: even an essence that survived coun-
terexample testing could harbor unintended ambiguity in its language.
Features are expressed in natural language, and natural language is
inherently ambiguous—but not uniformly so. Different word choices
govern different degrees of flexibility when describing chart features:
“regular convex polygon” pins down a visual form while leaving the
data entirely open; “multivariate data” constrains the data while saying
nothing about appearance. A description that seems clear to its author
can quietly admit interpretations they never intended.

To handle these latent ambiguities, we treated each candidate essen-
tial features as a small design exercise that we came to call a flexibility
check (Fig. 2). For each phrasing, we asked two simple questions:
how much does it lock down the visual form, and how much does it
lock down the underlying data abstraction? At one extreme, “a fully
designed concrete instance of a chart” leave little flexibility on either
axis; at the other, “circular visualizations” commit only to a visual
motif. Most useful essences lie somewhere between those poles. The
positions in Fig. 2 should therefore be read as comparative sketches,
not precise measurements.

That wording exercise directly reshaped our Gantt essences. For
dependencies, we initially wrote “lines connecting marks,” which qui-
etly privileged one visual solution: a dependency shown as a connector.
But some of the examples we collected expressed the same dependency
without any line at all, simply by placing one bar after another in se-
quence. Rephrasing the essence as DEPENDENCY BETWEEN MARKS
kept the relationship and released the visual form, which better matched
what we considered essential.

The check does not enforce a particular level of precision; broader
or narrower phrasings can both be appropriate. What matters is that the
choice is deliberate rather than an accident of wording.
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Fig. 3: The Hasse diagram for Gantt charts from our analysis. In addition
to the root node (Gantt charts), two other nodes were reviewed for
developing the design space.

3.4 Mapping chart-type relationships

The revisions above refined individual features. But once we had a
candidate set of essential features, a natural question arose: how do
these features interact with one another, and what chart types sit nearby
that share some features but not all?

Not every chart satisfies all of our essential features. Some share
many of them, placing them close to Gantt charts without being one,
while others share only a few and sit further away. We wanted a way to
see this entire landscape at a glance—which chart types are neighbors
(differing by a single feature) and which are far apart.

Hasse diagrams [11, 23] offered exactly this. Originally developed
to visualize partial orders in mathematics, a Hasse diagram repre-
sents elements as nodes and draws edges only between immediate
neighbors, omitting redundant connections (most closely related to
our usage is Hibbard et al.’s [35] lattice model for data display).

{a, b}
{a} {b}

{}

We adapted them by letting each node repre-
sent a combination of essential features: the
top node is the chart type itself (all features
present), the bottom node shares none, and the
nodes in between represent chart types that sat-
isfy some subset. In settings with many features, alternative set-based
visualizations such as UpSet plots [41] may be more appropriate, but
Hasse diagrams suit the smaller feature sets here. Fig. 3 shows the
resulting diagram for Gantt charts.

Merging dependent essential features. Building the Hasse diagram
also prompted us to consolidate our essential features. We had proposed
four, two of which were DATA MARKS CAN ENCODE DURATION
(Duration) and (THE CHART HAS A) TIMELINE AXIS (Timeline). The
Hasse diagram required us to populate a node where Duration was
present but Timeline was absent: a chart whose marks encode duration,
but that has no timeline axis. We tried to find or imagine such a chart,
but encoding duration with data mark lengths inherently requires a
temporal reference—you cannot express “how long” without some
axis against which length is measured. The node was unpopulable:
Duration functionally depends on Timeline. This led us to consolidate
the two into one: DATA MARKS CAN ENCODE DURATION ALONG
TIMELINES.

Fig. 4: An overview of our process for defining chart type boundaries.
Curated examples feed an iterative loop of forming candidate features
and assessing which are essential, yielding functional definitions and an
understanding of topological chart relations.

3.5 A purpose-built definition
We moved among prior definitions, example-based probes, and Hasse
diagram reasoning across multiple rounds of iteration, using each to
address different kinds of definitional uncertainty and gradually arriving
at a workable definition of Gantt charts. We summarize this in Fig. 4.
After iterating, we arrived at three essential features for Gantt charts:
1. DATA MARKS CAN ENCODE DURATION ALONG TIMELINES
2. DISCRETE TRACKS
3. CROSS-TRACK DEPENDENCIES
Each was shaped through encounter with specific examples that chal-
lenged earlier formulations, and each survived both linguistic refine-
ment and structural scrutiny. Together, they define the boundary of the
Gantt chart as operationalized for our design space. With that boundary
in place, we could turn from the question of what a Gantt chart is to
the question of how Gantt charts can vary within that boundary.

3.6 From definition to design space
With that working definition in hand, we could return to our original
goal: building a design space for Gantt charts. The essential features
now marked the boundary, so the next question concerned the interior:
what are all the ways a chart can vary while still being a Gantt chart?

Essential features as scaffold. In Sec. 3.2 we discussed how essential
features define the boundary of the design space while variable features
fill its interior. Building the design space made this relationship con-
crete: each essential feature simultaneously constrains and generates.
CROSS-TRACK DEPENDENCIES requires that a Gantt chart encode
dependencies between events on different tracks, but within that con-
straint, many design choices open up. Dependencies can be represented
as explicit lines between bars, as implicit ordering, or through color
encoding; lines can be directed (with arrows) or carry information via
thickness. Likewise, DISCRETE TRACKS constrains the chart to orga-
nize events into separate lanes, but leaves open how tracks are ordered,
grouped, nested, or labeled. DATA MARKS CAN ENCODE DURATION
ALONG TIMELINES requires temporal encoding, but leaves open the
orientation of the timeline, the scale (linear, logarithmic, or otherwise),
and the shape and style of the marks.

Scoping the design space with the Hasse diagram. The Hasse diagram
(Fig. 3) also served as a guide for deciding how far beyond the strict
definition to look. A strict reading would include only charts satisfying
all three features. But the first-level neighbors (charts missing exactly
one feature) share much of the same visual and structural vocabulary,
and examining them can enrich the design space.

We examined each neighbor and made a deliberate choice. Charts
missing CROSS-TRACK DEPENDENCIES—such as simple timelines



and scheduling displays without inter-event constraints—share enough
variable features with Gantt charts to be informative. Their encodings
of duration, tracks, and temporal layout transfer directly, and many
practitioners would recognize them as Gantt-like. Charts missing DIS-
CRETE TRACKS, such as continuous temporal visualizations, similarly
offered transferable design choices, so we included them. By contrast,
charts lacking DURATION ENCODING—such as certain temporal net-
work diagrams—shared fewer transferable features with Gantt charts:
design choices such as node shape, edge routing, and network layout
did not meaningfully inform the Gantt design space. We therefore ex-
cluded them from it. Without the Hasse diagram, these decisions would
have been ad hoc. The diagram made them principled and traceable.

This decision was enabled by the Hasse diagram’s structure. Without
it, choosing which borderline charts to include would have been ad
hoc—a judgment call made in passing and left undocumented. The
diagram made the decision principled and traceable: include neighbors
whose variable features transfer, exclude those whose do not.

The resulting design space. Building on the collected exam-
ples, we populated the design space by identifying variable fea-
tures under each essential feature through iterative coding and dis-
cussion. The result is presented as an interactive website (hcon-
hisway.github.io/GanttDesignSpace. The browser uses a detail-on-
demand interface: users expand the design space tree to explore variable
features, and can select chart examples from a gallery to see how each
projects into the space. Charts satisfying all three essential features are
displayed as Gantt charts; nearby variants (those within one hop) are
distinguished by graying out the essential feature they lack.

The design space we set out to build was, in the end, shaped by the
definition process as much as by the examples themselves. The essential
features determined what the space could contain; the Hasse diagram
determined how far beyond the strict definition we should look; and
the iterative probing ensured that the boundary was drawn deliberately
rather than by default. This organization also provides a basis for a
grammar of Gantt charts: the essential features define constraints that
generated charts must satisfy, while the variable features identify the
choices such a grammar would need to express.

Drawing that boundary deliberately, however, is not the same as
validating it in the way one validates a classifier. This process does not
admit a train/test split, because the boundary of “Gantt chart” was itself
under construction rather than a fixed ground truth to recover. Our safe-
guards against overfitting were different in kind: a heterogeneous ex-
ample set that included deliberate edge cases, iterative counterexample-
driven revision, and consistency checks via the Hasse diagram, until
the definition reached conceptual saturation [62] where no new changes
emerge from the iteration. Defining a chart type is not a classification
task with a correct answer waiting to be approximated, it is an inher-
ently subjective process of constructing a boundary for a purpose, and
the relevant quality criterion is not accuracy but traceability.

4 BEYOND GANTTS: RADARS, TABLE CARTOGRAMS

The Gantt investigation suggested that chart-type boundaries are not
fixed definitions waiting to be found, but boundaries decisions: choices
about which features matter, how they relate, and whether and which
neighboring forms to treat as part of the type.

To explore what this approach could reveal beyond the Gantt case,
we turned to two additional chart types: radar charts, a well-known form
with a rich variety of visual variants; and table cartograms, an unusual
form whose relationship to more familiar charts is not immediately
clear. The radar case let us see whether defining a structurally different
chart type would surface similar kinds of hidden decisions. The table
cartogram case let us ask a different question: what happens when the
goal is not to build a definition from scratch, but to understand how an
unfamiliar chart type relates to familiar ones?

4.1 So, what makes a radar chart?
Radar charts offered a useful contrast to Gantt charts: visually distinc-
tive and structurally quite different. As in the Gantt case, we began by
assembling a collection of examples (Fig. 5) from research papers and
practitioner websites, deliberately including edge cases.

R1

R4

R7

R8

Charts decided to be Radars

R2

R5

R9

Charts decided not to be Radars

R3

R6

R10

Fig. 5: Representative examples of radar charts and related forms. All
share some radar-like features (radial axes, multivariate data), but each
differs in important ways. Sources: R1&R7 [3], R2 [48], R3 [19], R4 [79],
R5 [4], R6 [76], R8 [75], R9 [21], R10 [5].

Porter and Niksiar [52] define radar charts as a “plot [with] multiple
dimensions (N ≥ 3) on a single graphic in the form of closed polyg-
onal profiles.” Starting from this and from coding our examples, we
identified two candidate essential features: that DATA IS ENCODED VIA
POSITION on the axes, and that DATA MARKS ARE CONNECTED—the
lines that link data points into the characteristic polygonal shape. Fea-
tures like the number of data series, the use of color, shading, and grid
lines seemed variable: changing them does not remove the quality of
being a radar chart. Removing the connecting lines, on the other hand,
would—what remains looks more like a radial bar chart (R5).

A first surprise was R9, a parallel coordinates plot. It encodes data
via position on axes and connects data marks with lines, so by our
first two features it would count as a radar chart. It clearly should not.
The missing distinction was axis arrangement: radar charts use n(≥ 3)
EQUALLY SPACED AXES WITH A COMMON ORIGIN, whereas parallel
coordinates use parallel axes. Adding that feature separated the two.

Radial line charts (R3, R6) posed the opposite problem. They are
often called “radar charts” colloquially [19], and at a glance they seem
much closer to radar charts than parallel coordinates do: they share
the radial layout, the connected line, and often even the polygon-like
silhouette. But the important difference is not merely visual. In a radar
chart, each axis represents an independent attribute of multivariate data,
and the angular position between axes carries no meaning. In a radial
line chart, by contrast, angular position orders observations along a
single dimension, often time, much like the x-axis of a Cartesian line
chart. That distinction forced us to refine one of our candidate essences.
DATA ENCODED VIA POSITION was too permissive: it captured the
fact that position mattered, but not how that position was organized. We
therefore revised it to DATA ENCODED VIA POSITION ON STRAIGHT
AXES—meaning data points must lie directly on discrete axes, not
between them. This excluded radial line charts like R3 and R6, where
values are positioned along an ordered angular dimension rather than
on separate attribute axes.

Alongside these comparisons, we also revisited the wording of the
radar essences with the flexibility check introduced earlier (Fig. 2).
That view made clear that the essences were not equally specific. In
particular, DATA MARKS ARE CONNECTED was too loose on both axes:
it did not say whether the connection had to be drawn with lines, nor
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Fig. 6: A Hasse diagram for radar charts. Each node represents a
combination of essential features. Parallel coordinates, radial line charts,
and radial bar charts each sit one feature away—close neighbors that
differ in exactly one respect.

whether any marks or only neighboring ones should be linked. Tighten-
ing it to NEIGHBORING DATA MARKS ARE CONNECTED WITH LINES
made the intended commit-
ment explicit. The flexibility
check therefore helped not
only with deciding which
charts belonged, but also
with deciding how precisely
to describe why.

The Radar Hasse. Using the identified features, we constructed a
Hasse diagram for radar charts (Fig. 6). This made the radar chart’s
closest related chart types easy to see and, in doing so, clarified the
boundary of the type. At the top sits the radar chart, defined by all three
features. One hop away are parallel coordinates (missing the radial axis
arrangement), radial line charts (missing the discrete-axis constraint),
and radial bar charts (missing the connecting lines).

The diagram also helped us catch a feature that seemed essential but
was not. Early on, we considered whether DATA INSTANCES MUST
BE DENOTED WITH CATEGORICAL COLORS should be part of the
definition. Many real-world radar charts use color to distinguish data
series, so it felt natural. But R2 distinguishes series with dashed lines,
and R4 shows only a single instance. Considering them as radar charts,
then categorical color is variable, not essential. The Hasse diagram
made the consequence of including it concrete: an entire class of
legitimate radar charts would fall outside the definition.

4.2 Situating Table Cartograms
Introducing a new chart form is a com-
mon occurance in visualization. Table
cartograms (below) offer a useful exam-
ple of a related but different task: not
just understanding the chart type itself,
as its inventors typically do, but situat-
ing the new form among existing ones.
Here the goal is not to build a definition
from scratch, but to understand how an
unfamiliar chart type relates to more fa-
miliar ones. Broadly, table cartograms

Fig. 7: A Hasse diagram for table cartograms and its nearby relations.

are similar to heatmaps that have been “area-ed” in addition to shaded.
Evans et al. [26] introduced the form, Hasan et al. [32] improved its
construction, and McNutt [45] analyzed them via algebraic visualiza-
tion design. We took McNutt’s description as our starting point, namely
that table cartograms combine GRID-LIKE PLANAR TOPOLOGY (cells
do not overlap and their adjacencies are meaningful) with ACCURATE
DATA EMBEDDING (data is represented accurately as area).

More specifically, table cartograms differ from other cartograms in
requiring a connected grid, and they differ from heatmaps in using area
as an encoding channel. Using these definitional characteristics, we
drew a Hasse diagram to sketch this space of nearby relations.

In doing so, we found the initial groupings too coarse, by treat-
ing GRID-LIKE PLANAR TOPOLOGY as a single feature, it grouped
treemaps with table cartograms, even though treemaps share the planar
subdivision but not the connected grid of quadrilateral cells that table
cartograms require. We therefore split GRID-LIKE PLANAR TOPOL-
OGY into GRID-LIKE QUADRILATERALS and PLANAR TOPOLOGY.
The resulting diagram (Fig. 7) materializes that sketched definition and
makes explicit its relations to nearby forms.

McNutt [45] analyzes table cartograms using a generic visualization
task model, while noting that a cartogram-centric one, such as that of
Nusrat et al. [50], could also be useful. The Hasse diagram helps explain
why a generic model is defensible: many of the nearest neighbors are
generic information visualizations (e.g., treemaps and heatmaps) rather
than geography-laden cartograms. It can also help organize related
work, situating a reader’s mental model of the new chart form within
more familiar ones. This raises interesting questions. For instance,
table cartograms share grid-structured data with heatmaps but not with
geographic cartograms, suggesting that some guidelines may transfer
to the former but not the latter.

The table cartogram case led us to a complementary realization:
defining a chart-type boundary requires situating a chart among its
neighbors. In that sense, situating an unfamiliar form and defining a
familiar one are not fundamentally different activities, but differently
motivated versions of the same boundary work. It also highlighted a
question of granularity: a feature that is sufficient for describing a chart
may still be too coarse for reasoning about its nearby relations, and
once those relations are made explicit, it becomes clearer which task
models and design guidance are likely to transfer.
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