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Figure 1: Examples of Embedded Time-Series visualizations. Left: map showing two years of temperature data for 16 locations,
using dot plots. Right: scatterplot with spiral colour charts showing two years of Covid-19 cases for each item.

ABSTRACT

Many visualizations use the X and Y dimensions to define a pri-
mary spatial layout, but also need to display additional attributes
associated with individual data elements — e.g., temperatures over
time for different locations on a map. Additional visualizations can
be embedded within the primary spatial representation, but little is
known about how to design these displays to maintain the goals
of both visualizations. We created a design-space framework to set
out visual and interaction dimensions for embedded time-series
visualizations. The framework helps designers understand different
methods for visually embedding a time-series, as well as constraints
imposed by the primary spatial representation. We then carried out
a crowdsourced study to test the effects of three of the framework’s
visual factors: shape (spiral vs. rectangle), size (areas of ~1000, ~2700,
~5200 pixels), and encoding (dot, colour, and dot+colour) on user
performance when interpreting embedded time-series in three dif-
ferent primary spatial representations.

CCS CONCEPTS

+ Human-centered computing — HCI.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

GI 26, June 2026, Waterloo, Canada

© 2026 Association for Computing Machinery.

ACM ISBN 978-1-4503-XXXX-X/18/06...$15.00
https://doi.org/10.1145/1122445.1122456

KEYWORDS

time-series visualization, embedded visualizations

ACM Reference Format:

Katherine Jackman, Fanny Chevalier, and Carl Gutwin. 2026. A Design
Framework for Visualization of Embedded Time-Series. In The Conference
on Graphics Interface. , 18 pages. https://doi.org/10.1145/1122445.1122456

1 INTRODUCTION

There are many visualization scenarios in which a 2D representa-
tion such as a map, a scatterplot, or a network diagram consumes
all available spatial coordinates, preventing the use of position for
encoding other data dimensions. For example, locations on a map
may have associated temperature data over time. When it is im-
portant for users to inspect these data as well, designers must find
alternative ways to visualize additional temporal and quantitative
dimensions. One option is to display temperature data in a separate
panel when the user selects a location. However, this requires active
user interaction to access the data, partially removes the context
provided by the map, limits comparisons and assessments of trends
because only a few temperature views can be displayed at once,
and reduces the space available for the map itself.

An alternate approach is to embed a visualization of this data into
the map itself (Figure 1). We call this technique Embedded Time-
Series (ETS): a method for integrating time-series data directly
within a visualization substrate that already occupies the full display
space (the base visualization). By embedding temporal data directly
into the base visualization, ETS support investigation of time-series
patterns while preserving the surrounding spatial context.

ETS are a subclass of approaches that embed multivariate vi-
sualizations into a base visualization, commonly referred to as
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nested views45 or embedded plots35). Examples include scat-
terpies [79, scatterplots within parallel-coordinates plot8(], or
adjacency matrices within matrix cell2[]. ETS are embedded
plots that focus speci cally on time-series data. They are uniquely
challenging because they must preserve temporal reasoning i.e.
order (before/after), continuity (trends and cycles), and temporal
alignment (synchronous events) within the spatial and perceptual
constraints of the base visualization.

Jackman, Chevalier, and Gutwin

divide a standard line-and-area chart into vertical bands that are
overlaid on one another with di erent colour coding [30, 43]. Sun
and colleagues extend the idea of the time axis by embedding tem-
poral data onto routes in a map (called ‘route-zooming') [62].

Other approaches have been designed to represent periodic data.
Calendar-basetepresentations cluster temporal data into days,
weeks, or months 70, and can be reduced in size to become grid-
style tile maps, usually with colour encoding the valu [ 1. Other

Researchers have explored ways of embedding time-series datarepresentations have been explored to support comparison across

within another visualization, using animation (e.g., thematic maps
with a slider control 4Q), or the third spatial dimension (e.g., colour-
coded pillars in a 2.5D perspective view of a m&3[65); by adding
information to the mark that represents the item (e.g., growth rings
that show time-series data in concentric circle®); or by adding
time-series subplots within the base visualization (e.g., Sparklines
that show miniature line charts [53]).

Despite these previous explorations, designers lack guidance for
embedding time-series data within an existing visualization. We
address this gap with an ETS design-space framework that identi es
visual constraints imposed by the base visualization, supporting the
understanding, comparison, and generation of ETS. The framework
is both descriptive and comparativ@][in that it can be used to
populate a research agenda for evaluating the e ects of di erent
design decisions on perceptibility, usability, and performance.

We evaluated selected dimensions of the ETS framework in a
crowdsourced study (n=398) to provide designers with initial evi-
dence on how varying ETS designs (shape, encoding, size) a ects
user performance and perceived e ort across several analytical
tasks. We found that spiral ETS shapes were slower than rectangles,
but did not nd di erences between the sizes that we tested, and did
not see substantial di erences between the manipulated encodings.

Our work makes two main contributions: (i) our design-space
framework (Y3) identi es main visual and interactional dimensions
on which ETS representations can vary; (ii) our study of 18 di erent

similar time periods: stacked rectangles, concentric circ&$ 83,
spiral charts p6 73 82, and 3D helices§9 all lay out similar time
periods at the same part of the geometry.

The constraint of a rigid structure of linear or periodic time can
been relaxed when time is important to represent in the context of
other data dimensions. For instance, Time Curvés §onnected
scatterplots Bg, and TimeSplinesj4 bend the line that represents
time such that similar elements can be placed close together in 2D
space, are organized in a scatterplot, or follow a freeform user-
de ned layout. In these approaches, the oscillation, intersection,
and regularity patterns of the bent timeline can reveal complex
time- and feature-based relationships between the data items.

All of the techniques above visually represent time in space, but
itis also possible to use actual time to move through the time-series
dataset using animation (e.gl). This approach may be required
when the data to be displayed is large, and can be e ective for many
tasks B9; however, seeing only one data value at a time removes
the ability to consider and compare values at di erent time points.

2.2 Visualizations within Visualizations

Embedding visualizations as subplots is a popular method to reveal
complex relationships in multivariate data, in a space-e cient man-
ner [25 35 45. Early uses of this approach (Figure 2) include Mi-
nard's maps that used pie charts to show quantities of goods sent to

ETS representations (Y4) provides empirical results (Y5) that candi erent cities [58 p. 85], and Bertin's ‘cartogrammes' which embed

inform and inspire future explorations of our framework (Y6).

2 RELATED WORK
2.1 Visualizing Time-Series Data

diagrams [L1, p.118-119] or data-rich glyph41, p.394] within geo-
graphical maps. Cleveland and Terpenning's seasonal subsélks [
is another historical example where barplots representing seasonal
production patterns are placed within a scatterplot.

The general idea of embedded plo3j (or nested visualiza-

In a time-series, one or more variables are recorded at multiple tions [45 48 84) is to upgrade the visual marks that are placed in
points in time, often recorded as an ordered sequence of time- a map or chart to become self-contained visualizations that is,
value pairs. Time-series were one of the earliest data types to be subplots with their own axis system. This integration of subplots
visualized (e.g., Playfair's 1786 chart of England's trad@$| Since as marks in a base visualization shows local patterns as visualized
then, researchers have explored many methods for visualizing time- by the subplots at a micro level (e.g., deviations from the mean

series data, summarized below. A comprehensive review can be
found in surveys by Aigner et al. [2] and Bach et al. [4, 5].
Timeline-basedepresentations are structured around a main
time axis, the timeline, with events represented as marks and
intervals as lines. In use since the 1700§][ timelines are still a
dominant representation for information such as daily routinel,
medical recordsj5, or project plans (e.g., Gantt charts). Scalar
data has also been mapped along a time axis, for instance using
traditional dot plots or line charts, and istreamgraphsuch as
ThemeRiver 41, which are akin to stacked area charts showing

magnitude values for several thematic data sources over time. Space-

optimization techniques have been proposed as waltizon graphs

production for a given month in Figure 2-right), while maintaining
their global context within the axis system of the base visualization
at a macro level (e.g., mean production variations over the year).
Visualization idioms building on this approach include scatterplot
matrices, which show a scatterplot for each pair in a set of variables
[10 28 and tile maps (also called grid maps), which partition a map
into tiles that contain plots [61].

Others have explored the encapsulation of various types of vi-
sualizations within a base representation. Embedding traditional
plots such as dot plots, bar charts, line charts, and pie charts is now
standard practice in cartography and GIS systeri§ R1, 29 p.
164], and also in tabular systemS7. Multi-variate glyphs can be
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Figure 2: Examples of historical embedded plots: (a) pie charts [58,
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p. 85], (b) age pyramids [11, p.394], (c) multivariate glyphs

[11, p.119] embedded within a map base; (d) subseries barplots embedded within a scatterplot [21].

embedded into a base visualization: e.g., star plots within scatter-
plots [3] or maps [74, representations of data as petals in a ower
placed on the bars of a bar cha%3, or Cherno faces that repre-
sent di erent data elements as facial featuregd. Other creative

3 ETS VISUAL DESIGN FRAMEWORK

The ETS framework can guide designers who need to represent time-

series data within another existing visualization. The framework's
goal is not to provide instruction on the basics of visualizing time-

embeddings can extend beyond points to lines or areas: for example, series data these foundations are well covered by existing research

representing data on a map's contour line®]], on curves f], or
in the lines of line charts [14, p.138].

and surveys (e.g.1[4]) but rather to outline the issues that must
be considered when a time-series is visually embedded in another

For time-series data more speci cally, embedded subplots include yjsyalization. The framework focuses on the visual design of an

miniature line charts intended to be integrated into text, tables,

ETS, considering issues such as how much space is available, as well

images, or spreadsheets. To address perceptual issues caused bys the basic geometry and data-to-visual mapping. These design

miniaturization, Sparklinesimplify the line chart representation by
removing axes and legends, resulting in simpler trend liné4 67.
A variety of base visualizations have been explored for embed-

ding timeline-based visualizations. For instance, area charts embed-

ded in rectangular blocks of a treemap, to represent stock-market
changes 79: here, perceptual challenges arise, as the rectangular
blocks vary in size, making the subplots di cult to compare due

issues can be constrained by properties of the base visualization, but

the base visualization may also provide opportunities that might

not exist in a non-embedded context.

3.1 ETS Geometry and Shape
Designers must rst decide how a time-series will be represented

to varying aspect ratios. Gruendl et al. proposed an approach that within the base visualization, including overall geometry, shape,

utilizes perspective to represent time-series on a third dimension of
parallel-coordinate plots3§. Also leveraging a third spatial dimen-
sion, Tominski et al. showed case-rate information for locations
on a map as either stacked towers or helic&§[ In general, any
existing time-series visualization can be miniaturized and embed-
ded into other visualizations; Aigner et al] show examples of
thumbnail-sized ThemeRiver and TimeWheel charts within a map's
political divisions, and note the tradeo s that occur in embedded

and the mapping of ETS space to the time-series data.

3.1.1 Overall Geometifhere are three main representational
forms for ETS visualizations. First, the time-series can be shown
as a2D subplatThe subplot can use any of the representational
techniques for showing time-series data (see overview in section 2):
for example, if the data is scalar, the ETS could use a miniature
dotplot, radial line chart, ThemeRiver diagram, or horizon chart; if

representations (i.e., reduced size of the time-series representations,the data involves state snapshots or images, the subplot could be

potential occlusion of the map, nding a reasonable layout, and
o oading information such as legends to interaction).

A main concern with embedded visualizations is that there is
less space to show the data. The perceptual and analytical limita-
tions of compact visualizations have been considered in several
studies: for example, Heer et al. looked at interpretation accuracy
with horizon charts of di erent sizes #3; Gramazio et al. studied
the e ects of size on visual search tim&4]; and Demiralp et al.
investigated perceptual kernels that identify perceptual limits for
colour, shape, and siz§. Several researchers have also consid-
ered at-a-glance interpretation of small visual representations
(e.g., b3, [12). Further, aggregation and placement techniques
have been developed to reduce visual complexity and deal with
occlusion problems [37, 46, 51, 60].

shown as a miniature small-multiples diagram. The use of subplots
means that viewers can read the ETS visualizations at di erent
levels: at a macro level, viewers can contextualize the embedded
miniatures as marks within the base visualization, while at the micro
level, they can inspect the details of a particular ETS representation
or compare di erent ETSs [35].

The choice of which representation to use for 2D subplots is
discussed further below, but in general, there are constraints im-
posed by the amount of space available for the ETS (since di erent
subplot types have di erent thresholds for visibility) and the visual
characteristics of the base visualization. In addition, the amount
of data in the time-series may a ect whether 2D subplots can be
used: since numeric or event-based elements can be represented
compactly (e.g., as a single dot), more data can be included in a
miniature than for larger elements such as images.
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