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Treemap
• Containment marks instead of connection 

marks—show hierarchy 
• Encodes some quantitative attribute of the 

items as the size of the rectangles 
• Not as easy to see the intermediate 

rectangles (hierarchy) 
• Scalability: millions of leaf nodes and links 

possible

2

[A. Cox and H. Fairfield, NYTimes, 2012]
D. Koop, CSCI 627/490, Spring 2026

http://www.nytimes.com/imagepages/2007/02/25/business/20070225_CHRYSLER_GRAPHIC.html
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Treemap Layouts: Slice & Dice
• Split at each level into strips 
• At each step, orientation of division 

(horizontal/vertical) changes 
• Better, but some rectangles still have 

bad aspect ratio
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[Notebook]
D. Koop, CSCI 627/490, Spring 2026

https://observablehq.com/@dakoop/treemap
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Treemap Layouts: Squarify
• Slice & Dice and Strip can lead to 

bad aspect ratios 
• Solution: Strip only uses rows, allow 

columns to be used, too 
• Choose divisions (x/y) based on the 

width/height of region in order to 
maintain good aspect ratios 
- Use left and right side 
- Process large rectangles first 

• Ordering not preserved which may 
cause issues if the data is updated

4
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(a) File system (b) Organization

Fig. 5. Squarified treemaps

(a) File system (b) Organization

Fig. 6. Squarified cushion treemaps

figure 7(a). This method has some disadvantages. Extra screen-space is used, and fur-
thermore, it gives rise to maze-like images, which can be puzzling for the viewer.

However, the second disadvantage can be remedied in a similar way as for the visual-
ization of the nodes.We fill in the borderswith grey-shades, based on a simple geometric
model (figure 8). The width in pixels of a border of level , with is given
by:

where is the width of the root level border, and a factor that can be used to decrease
the width for lower level borders. For the profile of the border we use a parabola:

with

Squarified + Cushioned Treemaps
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[Brus et al., 1999]
D. Koop, CSCI 627/490, Spring 2026



Variations: Marimekko Chart
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[J. Muyskens, Washington Post]
D. Koop, CSCI 627/490, Spring 2026

https://www.washingtonpost.com/climate-environment/2020/07/30/biden-calls-100-percent-clean-electricity-by-2035-heres-how-far-we-have-go/
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Nested Circles
• Looks more like cluster diagram, but 

shows hierarchy 
• Containment shown by the layering 

of semi-transparent circles 
• Labeling becomes more difficult
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[Bostock, 2012]
D. Koop, CSCI 627/490, Spring 2026



Compound Networks
• Add a hierarchy to the network (e.g. from clustering)  
• GrouseFlocks: uses nested circles with colors

8

[Archambault et al., 2008]
D. Koop, CSCI 627/490, Spring 2026

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. XX, NO. X, 200X 2

(a) Input Graph

Graph Hierarchy 1 Graph Hierarchy 2 Graph Hierarchy 3

(b) Graph Hierarchies

Fig. 3. Multiple graph hierarchies superimposed on the same graph. In (a), we see the input graph without any hierarchies superimposed on top of it. In (b),
we have a table of three of the many possible hierarchies which can be superimposed on (a). The first row of the table shows the three graph hierarchies. The
second row of the table shows these graph hierarchies superimposed on the same base graph. As a graph hierarchy defines the types of abstractions which
can be visualized by cuts, a single graph hierarchy is not suitable for all interesting views of the graph data.

(a) Hierarchy Graph (b) Edge Exists (c) Edge Does Not Exist

Fig. 4. Edge conservation. In (a) a metaedge exists between two metanodes at some level of the hierarchy. A valid input graph is shown in (b) where
there exist edges which connect leaf nodes which are descendants of both metanodes. An invalid input graph is shown in (c) where edges do not connect
descendants of the two metanodes.

(a) Hierarchy Graph (b) Metanode Connected (c) Metanode Not Connected

Fig. 5. Connectivity conservation. In (a), there is a cycle between three metanodes at some level of the hierarchy. A valid input graph for this hierarchy is
shown in (b) as there exists a cycle in the underlying graph. An invalid input graph is shown in (c) where there is not a cycle in the underlying graph. Thus,
subgraphs must be connected for our hierarchies to be topologically preserving.

hierarchy space which would allow users to see abstractions of

their graph data based on attributes. In our software engineering
example, it may prove useful to restructure the hierarchy to view

methods which are or are not involved with some cross-cutting

concern. A hierarchy based on this information would be better

than the one of packages and classes to investigate the concern as

significant parts of the graph can be abstracted away. Only a few
systems allow hierarchy editing and these systems are limited to

manual selection of nodes in the graph [7], [14] or provide limited

tools for exploring the created hierarchy [25].



Composite Visualization Techniques

9

[W. Javed and N. Elmqvist, 2012]
D. Koop, CSCI 627/490, Spring 2026

Technique Visualization A Visualization B Spatial Relation Data Relation

ComVis [24] (Figure 2) any any juxtapose none
Improvise [39] (Figure 3) any any juxtapose none
Jigsaw [36] any any juxtapose none
Snap-Together [30] any any juxtapose none
semantic substrates [34] (Figure 4) node-link node-link juxtapose item-item
VisLink [11] (Figure 5) radial graph node-link juxtapose item-item
Napoleon’s March on Moscow [37] time line view area visualization juxtapose item-item
Mapgets [38] (Figure 6) map text superimpose item-item
GeoSpace [22] (Figure 7) map bar graph superimpose item-item
3D GIS [8] map glyphs superimpose item-item
Scatter Plots in Parallel Coordinates [45] (Figure 8) parallel coordinate scatterplot overload item-dimension
Graph links on treemaps [14] (Figure 9) treemap node-link overload item-item
SparkClouds [21] tag cloud line graph overload item-item
ZAME [13] (Figure 10) matrix glyphs nested item-group
NodeTrix [17] (Figure 11) node-link matrix nested item-group
TimeMatrix [44] matrix glyphs nested item-group
GPUVis [25] Scatterplot glyphs nested item-group

Table 1: Classification of common composite visualization techniques using our design space.

(a) Juxtaposed views. (b) Integrated views. (c) Superimposed views. (d) Overloaded views. (e) Nested views.

Figure 12: Example of composing a scatterplot and bar graph using different methods.

datasets in the same space and using different visualizations, but
also highlights the relational linking between the two datasets.

Nested views provide an efficient approach to link each of the
data values, visualized through the host visualization, to its related
dataset, visualized through client visualizations. This is achieved
by nesting clients inside the visual marks in the host.

• Benefits: Very compact representation, easy correlation.
• Drawbacks: Limited space for the client visualizations, clut-

ter is high, and visual design dependencies are high.
• Applications: Again, situations that call for augmenting a

particular visual representation with additional mapping.

Figure 12(e) shows an example composition of scatterplot and
bar graph visualizations based on this design patter. In the figure,
the scatterplot visualization is acting as a host and bar graph visu-
alizations are nested inside its visual marks.

There is probably not a clear winner among different design pat-
terns while designing an information visualization tool. The correct
choice of design pattern to use for a particular implementation de-
pends on different conditions, such as the available view space, user
knowledge, and the complexity of the underlying dataset. Ideally
speaking, designers should be able to combine any existing visual-
izations to generate a composite visualization view.

8.2 Delimitations

While our above CVV design patterns are general in nature, they
are based solely on the spatial layout of component visualizations.
However, it is possible to envision other ways to combine two or
more visualizations, for example using interaction or animation.
One such example is the use of interactive hyperlinking [6, 43] (or
wormholing) to navigate between different visualization views.

8.3 Discussion

There are several direct benefits to structuring the design space of
composite visualization views in this manner. Classifying existing
techniques into patterns not only helps in understanding these tech-
niques, but also in evaluating their strengths and weaknesses.

However, the design patterns presented in this paper are all based
on evidence from the literature of how existing visualization tools
and techniques use composite views. Therefore, our framework
is inherently limited to current designs, and more descriptive than
generative in nature. Furthermore, this list of patterns is not neces-
sarily exhaustive, and we certainly foresee additional design pat-
terns for composite views to emerge with progress in informa-
tion visualization. It is also not always straightforward to sepa-
rate what is a composite visualization and what is an “atomic” (or
component) visualization, particularly when the compositions on
the visual structures—which is the case for overloaded and nested
views—as opposed to merely on the views. Our approach in the
above text has been to treat as components any technique has been
presented in the literature as a standalone technique.

9 CONCLUSION

We have proposed a novel framework for specifying, designing, and
evaluating compositions of multiple visualizations in the same vi-
sual space that we call composite visualization views. The benefit
of the framework is not only to provide a way to unify a large col-
lection of existing work where visual representations are combined
in various ways, but also to suggest new combinations of visual
representations that may significantly advance the state of the art.

REFERENCES

[1] C. Ahlberg and B. Shneiderman. Visual information seeking: Tight
coupling of dynamic query filters with starfield displays. In Proceed-
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datasets in the same space and using different visualizations, but
also highlights the relational linking between the two datasets.

Nested views provide an efficient approach to link each of the
data values, visualized through the host visualization, to its related
dataset, visualized through client visualizations. This is achieved
by nesting clients inside the visual marks in the host.

• Benefits: Very compact representation, easy correlation.
• Drawbacks: Limited space for the client visualizations, clut-

ter is high, and visual design dependencies are high.
• Applications: Again, situations that call for augmenting a

particular visual representation with additional mapping.

Figure 12(e) shows an example composition of scatterplot and
bar graph visualizations based on this design patter. In the figure,
the scatterplot visualization is acting as a host and bar graph visu-
alizations are nested inside its visual marks.

There is probably not a clear winner among different design pat-
terns while designing an information visualization tool. The correct
choice of design pattern to use for a particular implementation de-
pends on different conditions, such as the available view space, user
knowledge, and the complexity of the underlying dataset. Ideally
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izations to generate a composite visualization view.

8.2 Delimitations
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However, it is possible to envision other ways to combine two or
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One such example is the use of interactive hyperlinking [6, 43] (or
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the visual structures—which is the case for overloaded and nested
views—as opposed to merely on the views. Our approach in the
above text has been to treat as components any technique has been
presented in the literature as a standalone technique.

9 CONCLUSION

We have proposed a novel framework for specifying, designing, and
evaluating compositions of multiple visualizations in the same vi-
sual space that we call composite visualization views. The benefit
of the framework is not only to provide a way to unify a large col-
lection of existing work where visual representations are combined
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REFERENCES

[1] C. Ahlberg and B. Shneiderman. Visual information seeking: Tight
coupling of dynamic query filters with starfield displays. In Proceed-



3.1 ComVis

ComVis [24] is a multidimensional visualization system support-
ing multiple coordinated views for exploring complex datasets (Fig-
ure 2). The dataset is shown in the form a table view at the bottom
of the main window. Beyond basic interactions, ComVis also sup-
port interactive brushing using both single and composite brushes.

Figure 2 shows a visual exploration of meteorology data using
ComVis. The user has created eight different views, each with a
different visualization. The analyst has then used a single brush to
select three bins in the histogram view, causing all the other views
to highlight the corresponding data items.

3.2 Improvise

Improvise [39, 40] is a visualization framework based on the jux-
taposed views design pattern. The framework allows users to build
and browse multiple visualizations while coordinating relational
linking among them. The system is highly extensible and modular-
ized, allowing it to be adapted for virtually any type of data and vi-
sual representation. To explore relational data in an interactive man-
ner, Improvise provides support for coordinated queries, a visual
abstraction language designed for relational databases. More re-
cent work on cross-filtered views [41] adds to the expressive power
of the framework for relation linking between different views.

Figure 3 shows a visual exploration of a simulated ion trajec-
tory in a cubic ion trap using Improvise. The tool allows user to
visualize different portions of the data set, selected using dynamic
queries [1]. All the visualizations are coordinated and data selection
in one view is projected in all others.

Figure 4: Semantic Substrates [34] (Integrated Views). Network

visualization of a dataset of court cases using semantic substrates.

4 INTEGRATION ! INTEGRATED VIEWS

The integrated views design pattern is also based on juxtaposing (or
tiling) the component visualizations (Figures 4, 5). For this reason,
the visual composition for integrated views is identical to that of
juxtaposed views. However, contrary to the implicit linking used in
juxtaposed views, integrated views use explicit linking, normally
in the form of graphical lines that relate data items in different
views another [11]. One prominent example of integrated views
is Charles Minard’s famous visualization of Napoleon’s march on
Moscow [37], where explicit linking shows the relations between
temperature and the number of surviving soldiers during the retreat.

Figure 5: VisLink [11] (Integrated Views). Radial and force-directed

graphs on separate visualization planes linked with visual edges.

The use of explicit linking in integrated views, compared to im-
plicit linking in juxtaposed views, allows for better relational cogni-
tion, but at the cost of added visual clutter. However, as the number
of data points increases in the visualizations, the visual clutter aris-
ing from the explicit links may become a major hindrance. Com-
monly used strategies to avoid this problem are to aggregate the
links, or to show relational links only for selected data values [11].

4.1 Semantic Substrates

Shneiderman and Aris [34] proposed a network visualization layout
based on a user-defined semantic substrate with node-links diagram
as an underlying visualization (Figure 4). Semantic substrates are
spatially non-overlapping regions that are built to hold nodes based
on some category present in the dataset. The individual regions
are sized proportionally to the number of data entries for the cate-
gory they visualize. This scheme allows users to get a quick idea
about the cardinality of different categories present in the under-
lying dataset. Their approach is in line with the integrated view
design pattern because the techniques add visual links to connect
the nodes in different substrates. To reduce clutter arising from the
links, the tool allows for toggling their visibility.

Figure 4 shows semantic substrates used for the exploration of
a subset of federal judicial cases on the legal issue of regulatory
takings from 1978 to 2005. The nodes in different views are placed
based on their chronological order along the horizontal axis and
links among the nodes highlight citation between different cases.

4.2 VisLink

VisLink [11] (Figure 5) creates multiple 2D planes, one for each
visualization, and shows relational linking between the different vi-
sualization planes. Visualization planes generated in VisLink are
interactive and users can re-position them in the view to explore
data relations. In contrast with semantic substrates, VisLink allows
the use of different visualizations while exploring the dataset.

As with semantic substrates, the VisLink relational linking is
done using visual lines that connect visual marks in one plane with
the corresponding mark in the other plane. To reduce the inher-
ent occlusion due to the explicit relational links between visualiza-
tions, the tool supports two kinds of edges: straight edges are used
to show one-to-one linking, while bundled curved edges are used
to highlight one to many linking. To reduce visual clutter the tool
shows relational links only between adjacent planes, and the planes
must be reordered for the user to see relations between other planes.
Figure 5 shows VisLink being used for exploring a dataset of En-
glish words based on the IS-A relation over synonym sets.

What is this technique?
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6 OVERLOADING ! OVERLOADED VIEWS

This design pattern characterizes compositions where one visual-
ization, called the client visualization, is rendered inside another
visualization, called the host, using the same spatial mapping as the
host [26]. Overloaded views (Figures 8 and 9) are similar to super-
imposed views, but with some important differences. Like super-
imposition, the client visualization in this design pattern is overlaid
on the host. However, unlike Superimposed Views, there exists no
one-to-one spatial linking between the two visualizations [12].

While previous design patterns have all operated on specific
views of component visualizations, overloaded views (and also the
next pattern, Nested Views) operate on the visual structure them-
selves. In other words, it is no longer possible to merely use vi-
sual layout operations to organize the views together, but the vi-
sual structures themselves must be modified to combine the com-
ponents. We will see examples of this below.

Figure 10: ZAME [13] (Nested Views). Visual exploration of a

protein-protein interaction dataset in ZAME.

6.1 Scatter Plots in Parallel Coordinates (SPPC)

Yuan et al. [45] presented a system that allows overloading of 2D
scatterplots on a parallel coordinates visualization [18] (Figure 8).
The technique is based on converting the space between pairs of
selected coordinate dimensions in a parallel coordinate plot into
scatterplots through multidimensional scaling [42]. The technique
takes advantage of the fact that parallel coordinate plots do not re-
ally use the space between the parallel dimensional axes, which
means that this space is open for being overloaded.

SPPC is also an example of combining two techniques to com-
pensate for their individual shortcomings. Parallel coordinates are
efficient for visualizing multiple dimensions in a compact 2D vi-
sual representation. However, they make it hard to correlate trends
across multiple dimensions due to their inherent visual clutter. Scat-
terplots, on the other hand, provide an effective way of correlating
trends in any dimension of a dataset [10]. Combining both tech-
niques allows for sharing their advantages.

6.2 Graph Links on Treemaps

Fekete et al. [14] proposed a technique for rendering graphs using a
treemap [20] with overloaded graph links. The idea is based on the
fact that it is possible to decompose a graph into a tree structure and
a set of remaining graph edges that are not included in the tree. This
graph decomposition allows for using a treemap to visualize the tree
structure, and then overload links corresponding to the remaining
graph edges on the treemap visualization. Even though Fekete et al.

call this “overlaying”, the technique is an example of overloading
in our terminology because the graph links are not just a separate
layer on top of the treemap, but they are embedded into the visual
structure of the treemap and use the node positions as anchors.

Figure 9 shows the technique being used to visualize a website.
Here, the directory structure, inherent in any website, is visualized
through an underlying treemap and external links are visualized
through overlaid edges. The overlaid edges are not straight lines,
but are curved to highlight source and target locations. The edges
are curved more near the source, hence making it easy to visually
recognize the direction of the link. The tool also supports con-
trolling the visibility of various edges to reduce visual clutter, and
coloring edges based on their attributes.

Figure 11: NodeTrix [17] (Nested Views). This example shows a

visualization of the InfoVis co-authorship network.

7 NESTING ! NESTED VIEWS

Nested views, like overloaded views, are also based on the notion of
host and client visualizations. However, in this design pattern, one
or more client visualizations are nested inside the visual marks of
the host visualizations, based on the relational linking between the
points. Most often, the nesting is performed simply by replacing
the visual marks in the host visualization by nested instances of the
client visualization (Figures 10 and 11). An example of this would
be a scatterplot where the individual marks are barchart glyphs [25].

The nested views pattern provides an effective way of relating
data points in the host visualization to the data visualized through
the client visualizations. Again the users need not divide their atten-
tion between multiple views, and the host visualization is allowed
to use the full available space. However, since the design pattern
embeds one or more visualizations inside a visual mark, the client
visualizations are allocated only a small portion of the host visual-
ization’s visual space, and zooming and panning may be required to
see details. Furthermore, just like overloading, nested views com-
pose the actual visual structures of the components, which typically
requires a more careful design.

One issue to discuss here is the difference between overloading
and nesting. These are different design patterns because nesting
simply replaces the visual marks of the host with the visual structure
of the client, whereas overloading requires a much more integrated
composition of the visual structures of the host and the client.

7.1 ZAME

Nested views are becoming increasingly prominent for visualizing
large-scale datasets using glyph-based methods. ZAME [13], a vi-
sualization system designed to explore large-scale adjacency matrix
graph visualization, uses this approach. The base matrix represen-
tation used in ZAME is a hierarchical aggregation of the underly-
ing dataset. The tool allows the user to zoom in data space, which
amounts to drilling-down and rolling-up in the aggregation hierar-
chy to see more or less details. Abstract glyphs representing aggre-
gated data for each cell in the matrix are nested inside the visual
marks of the matrix to convey information about the aggregation.

What is this technique?
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Project Designs
• Proposal feedback up on Blackboard 
- Be creative: https://xeno.graphics/ 

• Designs: 
- Three different good designs 
- One bad design 
- Sketch these 
- Settle on a design and start implementing

12D. Koop, CSCI 627/490, Spring 2026
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Assignment 4
• Choropleth Maps 
- Use D3 for Part 1 
- Can use either D3 or Plot for Part 2 
- Make sure the colormap is 

appropriate! 
• Treemap [627] 
• Two resources: 
- Courselet (Plot in python) 
- Observable Notebook on Maps

13D. Koop, CSCI 627/490, Spring 2026
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Multiple Views
• Facet (noun and verb) 
- particular aspect or feature of something 
- to split 

• Partition visualization into views/layers 
- Either juxtapose (side-by-side), superimpose (layer), nest, etc. 
- Depends on data and encoding 
- Generally, superimposing does not scale as well 
- Multiple views eats display space (either large screens or small 

visualizations)

14D. Koop, CSCI 627/490, Spring 2026



Facet

Partition into Side-by-Side Views

Superimpose Layers

Juxtapose and Coordinate Multiple Side-by-Side Views

Share Data: All/Subset/None

Share Navigation

All Subset

Same

Multiform

Multiform, 
Overview/

Detail

None

Redundant

No Linkage

Small Multiples

Overview/
Detail

Linked Highlighting

Multiple Views
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Facet

Partition into Side-by-Side Views

Superimpose Layers

Juxtapose and Coordinate Multiple Side-by-Side Views

Share Data: All/Subset/None

Share Navigation

All Subset

Same

Multiform

Multiform, 
Overview/

Detail

None

Redundant

No Linkage

Small Multiples

Overview/
Detail

Linked Highlighting

Multiple Views
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Multiform
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Multiform Views
• The same data visualized in different ways 
• Does not need to be a totally different encoding (all choices need not be 

disjoint), e.g. horizontal positions could be the same 
• One view becomes cluttered with too many attributes 
• Consumes more screen space 
• Allows greater separability between channels

18D. Koop, CSCI 627/490, Spring 2026



Small Multiples
• Same encoding, but different data in each view (e.g. SPLOM)

19
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Shneiderman's Mantra
• Visual lnformation-Seeking Mantra [B. Shneiderman, 1996]: 
- Overview first 
- Zoom and filter (Chapter 13) 
- Details on demand 

• Goal of the overview is to summarize all of the data 
• Want specific details about some aspect(s) of the data, need another view/

layer 
- May be permanent: side-by-side 
- May be a popup layer: often opaque or separated 

• (see textbook Ch. 6.7)

20D. Koop, CSCI 627/490, Spring 2026



Overview-Detail View
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MizBee: A Multiscale Synteny Browser
Miriah Meyer, Tamara Munzner, Member, IEEE, and Hanspeter Pfister, Senior Member, IEEE
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Fig. 1. The multiscale MizBee browser allows biologists to explore many kinds of conserved synteny relationships with linked views
at the genome, chromosome, and block levels. Here we compare the genomes of two fish, the stickleback and the pufferfish.

Abstract—In the field of comparative genomics, scientists seek to answer questions about evolution and genomic function by com-
paring the genomes of species to find regions of shared sequences. Conserved syntenic blocks are an important biological data
abstraction for indicating regions of shared sequences. The goal of this work is to show multiple types of relationships at multiple
scales in a way that is visually comprehensible in accordance with known perceptual principles. We present a task analysis for this
domain where the fundamental questions asked by biologists can be understood by a characterization of relationships into the four
types of proximity/location, size, orientation, and similarity/strength, and the four scales of genome, chromosome, block, and genomic
feature. We also propose a new taxonomy of the design space for visually encoding conservation data. We present MizBee, a
multiscale synteny browser with the unique property of providing interactive side-by-side views of the data across the range of scales
supporting exploration of all of these relationship types. We conclude with case studies from two biologists who used MizBee to aug-
ment their previous automatic analysis work flow, providing anecdotal evidence about the efficacy of the system for the visualization
of syntenic data, the analysis of conservation relationships, and the communication of scientific insights.

Index Terms—Information visualization, design study, bioinformatics, synteny.

!

1 INTRODUCTION

In comparative genomics, scientists seek to answer questions about
evolution and genomic function by comparing the genomes of differ-
ent species. The comparison may shed light on evolutionary questions
by providing evidence of shared ancestry between species. It can also
indicate potential shared function where the sequences are similar. The
effect of the genomic sequence on the functioning of an organism is a
complex system involving many genes and regulatory elements work-
ing together in concert, a system which is difficult to understand by
studying the genome of just a single species. Taken together, these

• M. Meyer and H. Pfister are with Harvard University, E-mail:
miriah,pfister@seas.harvard.edu.

• T. Munzner is with University of British Columbia, E-mail:
tmm@cs.ubc.ca.

Manuscript received 31 March 2009; accepted 27 July 2009; posted online
11 October 2009; mailed on 5 October 2009.
For information on obtaining reprints of this article, please send
email to: tvcg@computer.org .

indications allow for a range of biological insights, such as the re-
latedness of species in the Tree of Life, the discovery of new genes
in the genome of a species, and the identification of sequences and
mechanisms responsible for regulating the expression of functionally
important genes.

To study the differences and similarities between genomes, biolo-
gists analyze relationships of conservation between genomic features.
A feature is any genomic element of interest; genes are often the fo-
cus, but other possibilities are transposons, introns, and exons. The
similarity of features is measured by how well their sequences match.
Conservation refers to the similarity between genomic features in two
different genomes, or sometimes within a single genome.

Synteny, which literally means “on the same ribbon”, is the prop-
erty that features occur on the same chromosome, and is often used
to mean that they are contiguous within that chromosome. Because
of the overwhelming number of features in many genomes, biologists
abstract the idea of conservation by creating larger syntenic blocks,
representing contiguous sets of features located on the same chromo-
some. Biologists use these blocks to look for several kinds of con-
servation relationships: proximity and location, size, orientation, and

Overview-Detail (Different Encoding)
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Overview-Detail (with Zoom-Filter)
• Detail involves some subset of the full dataset 
• Involves user selection or filtering of some type 

• How question: includes facet 
• Examples: 
- Maps: partition into two views with same encoding, overview-detail 
- MizBee: partition into multiple views, coordinated with linked highlighting, 

overview+detail of genes

23D. Koop, CSCI 627/490, Spring 2026



Fig. 2: The Cerebral display of the TLR4 graph (V=91, E=124) with associated LPS and LPS+LL-37 time series. The small multiples show an
overview of all 8 experimental conditions. The most noticeable differences between the LPS and the LPS+LL-37 condition occur at hour 4. By
selecting the hour 4 conditions, the main window shows the computed difference between the two conditions.

Furthermore, the biologists’ assessment of what constitutes a good
layout varies depending on the nature of the biomolecules involved. In
the undirected portion of the graph, which comprises protein-protein
interactions that propagate a signal from membrane to nucleus, they
wish to see the network structure so that they can follow the signaling
cascade. Thus for this section of the graph, it is important to minimize
edge crossings, even if it places interacting nodes somewhat far apart.
In contrast, for the directed portion of the graph, representing the genes
whose expression was altered in response to the signaling cascade, the
biologists want to see the nodes grouped tightly by function, even at
the expense of not being able to clearly see the interactions between
them. Translating these desires into automated graph layout requires
an algorithm that uses metadata associated with the nodes, in addition
to the direct graph structure, for node placement. Positioning nodes
according to biological meta-data defines a semantic substrate [34]
so that node position reveals biological function. We wrote a sim-
ple simulated annealing-based graph layout algorithm that uses node
metadata to guide node placement.

3.2 Small multiple views for multiple conditions

Cerebral uses small multiples [38] to simultaneously display multiple
experimental datasets. Each small multiple contains a complete copy
of the interaction graph with the same spatial layout, but with differ-
ent coloring according to the experimental data it is displaying. Our
design target was to handle from two to a few dozen gene expression
conditions, and from 50 to 3000 nodes in the interaction graph.

One obvious alternative to multiple small views would be a sin-
gle changeable or animated view, where the color coding changes
over time rather than being distributed over space [33, 32]. Com-

paring something visible with memories of what was seen before is
more difficult than comparing things simultaneously visible side by
side [31]. Thus, the limitations of human memory make comparing
the few dozen conditions of our design goal through animation quite
difficult [40]. Although small multiples would not scale to hundreds
of conditions, they handle the current usage of 8-10 easily and will
certainly accommodate the projected usage of few dozen conditions.

A second alternative is to embed a glyph, such as a line graph or
heat map, near or within the node itself [24, 32, 41]. While embedded
glyphs provide good detail when zoomed in for a local view, they be-
come indistinguishable when zoomed out for a global view of graphs
larger than a few dozen nodes. The biologists often need to see such
a view, as it more readily allows for the identification of interacting
genes/proteins whose expression behaves similarly across several con-
ditions. Thus, glyphs would not be appropriate in this domain.

Saraiya et al. [32] evaluated four approaches to integrating graph
and time series data, comparing one versus two views and slider-
controlled animation versus embedded glyphs. While they used 10
time series data points, in a good match for our problem domain, their
graph contained only 50 nodes. They found many tradeoffs between
task type, speed, and accuracy. Our design can be considered an at-
tempt to combine the strengths of the four different interfaces they
studied into a single interface for a problem where the tasks are com-
plex, accuracy outweighs raw speed, and the graph is large.

3.3 Parallel coordinates and clustering for data-driven ex-

ploration

Cerebral’s main views focus on the interaction graph model of the
biological system or process of interest. We also provide a data-

Multiform & Small Multiples (Cerebral)
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Navigation across multiple views
• Often navigation in one view updates navigation in another 
• Example: Maps: overview shifts as you move around in detail view 
• Selections in one view may trigger selections in another

25D. Koop, CSCI 627/490, Spring 2026



Interaction with Multiform & Small Multiples
• Key interaction with multiform and small multiples: brushing 
- also called linked highlighting 

• Want to understand correspondences between representation in the different 
views

26D. Koop, CSCI 627/490, Spring 2026



Brushing
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Partitioned Views
• Split dataset into groups and visualize each group 
• Extremes: one item per group, one group for all items 
• Can be a hierarchy 
- Order: which splits are more "related"? 
- Which attributes are used to split? usually categorical

29D. Koop, CSCI 627/490, Spring 2026



Glyphs, Views, and Regions
• Glyphs are composed of multiple marks 
• Views are a contiguous region of space 
• A region is usually associated with a group of data 
• Blurry lines of distinction between them

30D. Koop, CSCI 627/490, Spring 2026
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Matrix Alignment & Recursive Subdivision
• Matrix Alignment: 
- regions are placed in a matrix alignment 
- splits go to rows and columns 
- main-effects ordering: use summary statistic to determine order of 

categorical attribute 
• Recursive subdivision: 
- Designed for exploration 
- Involves hierarchy 
- User drives the ways data is broken down in recursive manner
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Example: Trellis Matrix Alignment
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VISUAL DESIGN AND CONTROL OF TRELLIS DISPLAY 125

I page. In Figure 2 there are 6 panels, I column, 6 rows, and 1 page. Later, we will
show a Trellis display with more than one page. We refer to the rectangular array as the
trellis because it is reminiscent of a garden trelliswork .•

Each panel of a trellis display shows a subset of the values of panel variables;
these values are formed by conditioning on the valqes of conditioning variables. In Fig-
ure I the panel variables are variety and yield, and the conditioning variables are site and
year. On each panel, values of yield and variety are displayed for one combination of year
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Figure 1. A Dotplot of the Barley Data Showing Yield Against Variety Given Year and Site.
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Figure 2. A Dotplot of the Barley Data Showing Yield Against Site and Year Given Variety.
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Fig. 2. A: Sized-based ordering, coloured by average price: sHier(/,$br,$ty,$yr,$mn); sLayout(/,SQ); sSize(/,$sal);
sColor(/,Ø,Ø,Ø,$prc). B: Reconfigure to a spatial and temporal layout: oLayout(/,1,SP); oLayout(/,2,OS); oLayout(/,3,VT);
oLayout(/,4,HZ). C: Fix the size: oSize(/,1,FIX); oSize(/,2,FIX); oSize(/,3,FIX); oSize(/,4,FIX). D: Remove time, and
colour by deviation from expected sales: oCut(/,4); oCut(/,3); oColor(/,2,$xsl).

the hierarchy can produce layouts similar to mosaic plots (and ma-
trix diagrams if sizes are fixed). They are particularly suitable where
variables have hierarchical dependencies, such as our calendar views
(sHier($yr,$mn)).

6.3 Layouts for time-based data and questions
Temporal data can be considered as ordinal. In Fig. 1A, years are
not arranged temporally; as such, temporal trends are difficult to de-
tect. Rearranging the years into a time-based order using an ordered
space-filling layout [36] (Fig. 1B) makes the increase in annual house
price easier to detect. In Fig. 1C, we have added month to the hi-
erarchy producing calendar views coloured by the number of sales.
Seasonal variations in the numbers of sales are apparent for flats and
terraced housing, however colour rescaling (using oColorMap) or
using colour schemes that are local to individual parts of the hierarchy
are required to detect these patterns where property types have low
sales. Alternatively, colour can be used to show values as a proportion
or deviation from a baseline. Appropriate baselines include those that
reflect the values expected from hypotheses that we might then accept
or reject on the basis of the display. For example, in Fig. 4A (calendar
views), our null hypothesis is that the number of sales does not vary
monthly (expected or baseline values are a twelfth of the sales for each
year). The geographically-consistent seasonal trends that are apparent
might cause us to reject our null hypothesis. Identifying the elements
with statistically-significant levels of variation might help us make that

choice. Fig. 4B shows the deviation of price from the yearly average
(accounting for inflation). Whilst prices rises steadily every year, this
is not the case for 2008 where prices have dropped markedly in the
final quarter, a trend not observed in Westminster.

Nesting the two temporal resolutions of year and month to pro-
duce calendar views is appropriate where we are expecting yearly and
monthly patterns. However, this may obscure other temporal patterns.
In Fig. 3B, we use an ordered squarified layout of all 108 months in
the period ordered from the left top to bottom right (compare with the
calendar views in Fig. 3A). Although both graphics show exactly the
same data, the use of $my and the associated OS layout in Fig. 3B
make the upward trend in prices and subsequent slump more apparent
as it is a continuous trend over the entire period. The result is a more
appropriate layout for research questions that relate to ongoing rather
than periodic change. The additional hierarchical level used in Fig.
3A and alternative layouts are more appropriate for comparing annual
patterns which are overshadowed by the longer term trend in the case
of this attribute. Again, interactive colour rescaling or colouring on
the basis of relative values is required to detect relative rises and falls
in different boroughs.

6.4 Geographical layouts
Spatially-ordered layouts (SP) have rectangles that are arranged ac-
cording their geographical locations. The effect of this layout can be
seen by comparing the non-spatial layout in Fig. 2A with the spatial

Recursive Subdivision
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Fig. 2. A: Sized-based ordering, coloured by average price: sHier(/,$br,$ty,$yr,$mn); sLayout(/,SQ); sSize(/,$sal);
sColor(/,Ø,Ø,Ø,$prc). B: Reconfigure to a spatial and temporal layout: oLayout(/,1,SP); oLayout(/,2,OS); oLayout(/,3,VT);
oLayout(/,4,HZ). C: Fix the size: oSize(/,1,FIX); oSize(/,2,FIX); oSize(/,3,FIX); oSize(/,4,FIX). D: Remove time, and
colour by deviation from expected sales: oCut(/,4); oCut(/,3); oColor(/,2,$xsl).

the hierarchy can produce layouts similar to mosaic plots (and ma-
trix diagrams if sizes are fixed). They are particularly suitable where
variables have hierarchical dependencies, such as our calendar views
(sHier($yr,$mn)).

6.3 Layouts for time-based data and questions
Temporal data can be considered as ordinal. In Fig. 1A, years are
not arranged temporally; as such, temporal trends are difficult to de-
tect. Rearranging the years into a time-based order using an ordered
space-filling layout [36] (Fig. 1B) makes the increase in annual house
price easier to detect. In Fig. 1C, we have added month to the hi-
erarchy producing calendar views coloured by the number of sales.
Seasonal variations in the numbers of sales are apparent for flats and
terraced housing, however colour rescaling (using oColorMap) or
using colour schemes that are local to individual parts of the hierarchy
are required to detect these patterns where property types have low
sales. Alternatively, colour can be used to show values as a proportion
or deviation from a baseline. Appropriate baselines include those that
reflect the values expected from hypotheses that we might then accept
or reject on the basis of the display. For example, in Fig. 4A (calendar
views), our null hypothesis is that the number of sales does not vary
monthly (expected or baseline values are a twelfth of the sales for each
year). The geographically-consistent seasonal trends that are apparent
might cause us to reject our null hypothesis. Identifying the elements
with statistically-significant levels of variation might help us make that

choice. Fig. 4B shows the deviation of price from the yearly average
(accounting for inflation). Whilst prices rises steadily every year, this
is not the case for 2008 where prices have dropped markedly in the
final quarter, a trend not observed in Westminster.

Nesting the two temporal resolutions of year and month to pro-
duce calendar views is appropriate where we are expecting yearly and
monthly patterns. However, this may obscure other temporal patterns.
In Fig. 3B, we use an ordered squarified layout of all 108 months in
the period ordered from the left top to bottom right (compare with the
calendar views in Fig. 3A). Although both graphics show exactly the
same data, the use of $my and the associated OS layout in Fig. 3B
make the upward trend in prices and subsequent slump more apparent
as it is a continuous trend over the entire period. The result is a more
appropriate layout for research questions that relate to ongoing rather
than periodic change. The additional hierarchical level used in Fig.
3A and alternative layouts are more appropriate for comparing annual
patterns which are overshadowed by the longer term trend in the case
of this attribute. Again, interactive colour rescaling or colouring on
the basis of relative values is required to detect relative rises and falls
in different boroughs.

6.4 Geographical layouts
Spatially-ordered layouts (SP) have rectangles that are arranged ac-
cording their geographical locations. The effect of this layout can be
seen by comparing the non-spatial layout in Fig. 2A with the spatial

Example: HiVE System

36

HillingdonEaling

Semi

Ter

C
a
m

d
e
n

Flat

S
e
m

i

T
e
r

S
e
m

i

F
la

t

D
e
t

Southwark

T
e
r

Ter

Ter

Flat

Flat

F
la

t

Flat

W
a
n
d
s
w

o
rt

h

S
e
m

i

Det

Semi

T
e
r

Ter

K
in

g
s
to

n

Ter

D
e
t

Det

F
la

t

Semi

Ter

T
e
r

T
e
r

Ter

Ter

Semi

H
o
u
n
s
lo

w

Lewisham

T
e
r

Semi

S
e
m

i

Det

Redbridge

Barnet

Ter

Waltham Forest

F
la

t

Semi

Semi

T
e
r

Det

Richmond

S
e
m

i

D
e
t

Croydon

F
la

t

Havering

Greenwich
Flat

T
e
r

Det

Det

Flat

Flat

M
e
rt

o
n

Ter

Flat

F
la

t

D
e
t

B
ro

m
le

y

Flat

City of London

Ter

F
la

t

Ter

Haringey

Ter

Flat

Flat

Enfield

Flat

F
la

t

Brent

F
la

t

T
e
r

F
la

t

T
e
r

T
e
r

Sutton

Flat

Ter

Ter

Semi

Tower Hamlets

T
e
r

Is
lin

g
to

n

Flat
Det

Lambeth

F
la

t

Flat

Ter

F
la

t

S
e
m

i

Newham

Semi

Semi

S
e
m

i

Det

T
e
r

Flat

Westminster

Det

Semi

S
e
m

i

Semi

T
e
r

S
e
m

i

Semi

S
e
m

i

Semi

Semi

F
la

t

Ter

Kensington

F
la

t

Barking

Flat

H
a
ck

n
e
y

Flat T
e
r

Flat

H
a
m

m
e
rs

m
it
h

Semi

S
e
m

i

Det

Harrow

Bexley

Semi

Flat

Southwark

Semi

Flat

F
la

t

Ter

S
e
m

i

Det

Ter

Lewisham

F
la

t

S
e
m

i

Semi

Flat

D
e
t

T
e
r

Croydon

Richmond

Enfield

Flat

Ter

Ter

Greenwich

B
a
rn

e
t

T
e
r

T
e
r

Flat

C
it
y
 o

f 
L
o
n
d
o
n

Ter
Semi

S
e
m

i

Flat

F
la

t

Hillingdon

F
la

t

Merton

Lambeth

Det

Semi

Det

Det

Flat

Ter

S
e
m

i

S
e
m

i

Flat

Haringey

T
e
r

D
e
t

F
la

t

T
e
r

T
e
r

T
e
r

Semi

Harrow

S
e
m

i

Hounslow

Semi

Ter

Semi

Flat

T
e
r

T
e
r

Kingston

Waltham Forest

Sutton

T
e
r

T
e
r

D
e
t

Kensington

Flat

D
e
t

Bexley

F
la

t

S
e
m

i

Bromley

Ter

Westminster

S
e
m

i

Tower Hamlets

T
e
r

Ter

Semi

Det
Det

Det

F
la

t

Ter

F
la

t

Flat

Flat

Ter

F
la

tT
e
r

Ter

Flat Semi

Hackney

S
e
m

i

Ter

D
e
t

Flat

Camden

Det

Semi

Ter

Newham

T
e
r

Barking

Semi

Det

F
la

t

S
e
m

i

Flat

FlatFlat

S
e
m

i

Det

Redbridge

Flat

Flat S
e
m

i

Ter

Semi

F
la

t

Ter

Semi

Flat

Det

Havering

F
la

t

Semi

Islington

Hammersmith

T
e
r

W
a
n
d
s
w

o
rt

h

Semi

Semi

S
e
m

i

Brent

E
a
lin

g

F
la

t

Ter

A B

Flat

Ter

Semi

Ter

Flat

Flat

Ter

Flat
Kensington

Det

Flat

Semi

Flat

Ter

Newham

Det

Ter

Det

Semi Det

TerFlat

Ter

Ter

Ter

Ter

Flat

Southwark

Ealing
Ter

Semi

TerFlat Flat

Hounslow

Ter
Islington

Det
Kingston

Semi

Flat

Ter

Ter

Ter

DetSemi

Ter

Det

Lambeth

Ter

Semi

Haringey

Hillingdon

Semi

Flat

Ter

Det

Ter

Ter

Det

Waltham Forest

Ter

Ter

Merton

Ter
Barking

Flat

Det

Det

Semi

Det

Det

Det

Ter

Ter

SemiSemi

SemiSemi 

Semi

Flat

Richmond

Semi

Westminster

Semi

Barnet

Ter

Det

Flat

City of London

Ter

Semi

Semi

Enfield

Wandsworth

Flat

Semi

Det

Flat

Flat

Redbridge

Flat

Ter

Flat

Det

Havering

Flat

Det

Semi

Flat
Tower Hamlets

Det

Semi

Semi

Det

Det

Det Det

Semi

Semi

Flat

Det

Semi

Lewisham

Camden

FlatFlat

Flat

Semi

Det

Semi

Flat

Croydon

Flat

Det

Brent

Flat

Semi

Det

Flat

Ter

Greenwich

Ter

 

Semi

Flat

Harrow

Det

Sutton
Semi

Flat

Hackney

Semi

Bromley

Det

Semi

Ter

Hammersmith

Ter
Bexley

Det

Semi

Det

Flat

Det

Det

Semi

Semi

Semi

Ter

Sutton

Ter

Havering

BexleyRichmond

Det

Ter

Brent

Ter

Semi

Wandsworth

Det

Flat

Flat

Barnet

Semi

Ter

Det

Hackney

Det

Semi

Flat

Flat

Semi

Kingston

Flat

Det

Det

Ter

Flat

Ealing Hammersmith

Ter

TerFlat

Flat

Det

Det

Ter

Det

Ter

Ter

Det

Ter

Det

Semi

Ter

Ter

Semi

Ter

Semi

Ter

Semi

Flat

 
Flat

Ter

Det Det

Camden
Ter

Semi

FlatTer

Ter

Ter Flat

Det

Ter

Flat

Det

Flat

Flat

Flat

Flat

Det

Semi

Flat

DetSemi

Flat

Ter

Semi

Flat

Lambeth

Ter

Semi

Ter

Ter

Det

Flat

Det
Enfield

Det

Westminster

Flat

Det
Haringey

Semi

Det

Croydon

Flat

Semi

Flat

Lewisham

Det

Islington

 
Ter

Det

Semi

Southwark

Det

DetDet

FlatFlat

Flat

Redbridge

SemiSemi Semi

Flat

Semi

Ter

Det

Det

Hounslow

Ter

Det SemiSemi

Ter

Bromley

Flat

Ter

Barking

Det

Flat

Semi

Det

City of London

Semi

Merton

Flat

Semi

Semi

Ter

Semi

Greenwich

Waltham Forest

Kensington

Hillingdon

Ter

Tower Hamlets

Newham

Flat

Det

Semi

Harrow

Semi

Semi

Flat

C D

Fig. 2. A: Sized-based ordering, coloured by average price: sHier(/,$br,$ty,$yr,$mn); sLayout(/,SQ); sSize(/,$sal);
sColor(/,Ø,Ø,Ø,$prc). B: Reconfigure to a spatial and temporal layout: oLayout(/,1,SP); oLayout(/,2,OS); oLayout(/,3,VT);
oLayout(/,4,HZ). C: Fix the size: oSize(/,1,FIX); oSize(/,2,FIX); oSize(/,3,FIX); oSize(/,4,FIX). D: Remove time, and
colour by deviation from expected sales: oCut(/,4); oCut(/,3); oColor(/,2,$xsl).

the hierarchy can produce layouts similar to mosaic plots (and ma-
trix diagrams if sizes are fixed). They are particularly suitable where
variables have hierarchical dependencies, such as our calendar views
(sHier($yr,$mn)).

6.3 Layouts for time-based data and questions
Temporal data can be considered as ordinal. In Fig. 1A, years are
not arranged temporally; as such, temporal trends are difficult to de-
tect. Rearranging the years into a time-based order using an ordered
space-filling layout [36] (Fig. 1B) makes the increase in annual house
price easier to detect. In Fig. 1C, we have added month to the hi-
erarchy producing calendar views coloured by the number of sales.
Seasonal variations in the numbers of sales are apparent for flats and
terraced housing, however colour rescaling (using oColorMap) or
using colour schemes that are local to individual parts of the hierarchy
are required to detect these patterns where property types have low
sales. Alternatively, colour can be used to show values as a proportion
or deviation from a baseline. Appropriate baselines include those that
reflect the values expected from hypotheses that we might then accept
or reject on the basis of the display. For example, in Fig. 4A (calendar
views), our null hypothesis is that the number of sales does not vary
monthly (expected or baseline values are a twelfth of the sales for each
year). The geographically-consistent seasonal trends that are apparent
might cause us to reject our null hypothesis. Identifying the elements
with statistically-significant levels of variation might help us make that

choice. Fig. 4B shows the deviation of price from the yearly average
(accounting for inflation). Whilst prices rises steadily every year, this
is not the case for 2008 where prices have dropped markedly in the
final quarter, a trend not observed in Westminster.

Nesting the two temporal resolutions of year and month to pro-
duce calendar views is appropriate where we are expecting yearly and
monthly patterns. However, this may obscure other temporal patterns.
In Fig. 3B, we use an ordered squarified layout of all 108 months in
the period ordered from the left top to bottom right (compare with the
calendar views in Fig. 3A). Although both graphics show exactly the
same data, the use of $my and the associated OS layout in Fig. 3B
make the upward trend in prices and subsequent slump more apparent
as it is a continuous trend over the entire period. The result is a more
appropriate layout for research questions that relate to ongoing rather
than periodic change. The additional hierarchical level used in Fig.
3A and alternative layouts are more appropriate for comparing annual
patterns which are overshadowed by the longer term trend in the case
of this attribute. Again, interactive colour rescaling or colouring on
the basis of relative values is required to detect relative rises and falls
in different boroughs.

6.4 Geographical layouts
Spatially-ordered layouts (SP) have rectangles that are arranged ac-
cording their geographical locations. The effect of this layout can be
seen by comparing the non-spatial layout in Fig. 2A with the spatial

[Slingsby et al., 2009]
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Fig. 5. Cartograms and maps. A: Rectanglar cartogram: sHier(/,$br); sLayout(/,SP); sSize(/,$sal); sColor(/,$prc). B: Hi-
erarchical rectangular cartogram: oInsert(/,2,$wd); oLayout(/,2,SP)]; oColor(/,1,Ø); oColor(/,2,$prc). C: As B, but using
absolute positioning: oCut(/,2); oLayout(/,1,SA). D: Gastner cartogram (polygon layout; sized by sales): oLayout(/,1,PG). E: Map (as
D, but using geographical shape): oSize(/,$abr). $abr is the borough area.

grid on absolute geographical space (at the $gd level) upon which ge-
ographical boundaries can be drawn.

Fixing the sizes of rectangles reduces their individual information-
carrying capacity but facilitates more consistent overall layouts. It
also reduces the cartogram effect, resulting in data of lower signif-
icance (low sales, therefore low sample sizes) being displayed with
equal prominence. The average prices shown in row 5, col 9 of Fig.
6B correspond to low sales (see corresponding cell in Fig. 6A) but
they are given more prominence in layouts where rectangles are sized
by sales. As such, this (equally valid) view of the data must be inter-
preted slightly differently – perhaps in conjunction with a version that
is coloured by the number of sales. We suggest side-by-side compari-
son or animated transition to help relate these views such as these.

Geography does not necessarily have to be at the base of the hierar-
chy. In Fig. 7, we place boroughs at the second level of the hierarchy,
apply the oSize(FIX) operator to fix the size of rectangles, remove
the final two hierarchical levels and reconfigure level 2 to map-based
layouts (Fig. 7C). This small multiple map layout allows the recognis-
able shapes of boroughs to be preserved, but at the expense of space-
efficiency and space-efficient dimensional stacking.

6.5 Layouts for nominal data
We recommend that a consistent ordering be used for nominal values.
In Figs. 2B, 2C and 2D, we consistently order flats, terrace, semi-
detached and detached types. The ordering used should be selected to
reflect some ordinal sequence to encourage comparison (unlike in Fig.
2A – see Redbridge). We have ordered these by likely floor-space.

The numbers of sales vary markedly between the property types,
resulting in some rectangles sizes (e.g. detached houses in the centre)
being too small to be easily resolvable. In Fig. 2C, we fix the size
of each rectangle (grey shows no data; there are few detached house
sales in the City of London). Fixing the rectangle size may draw more
attention to these than warranted and so these displays should be used

in conjunction with a version that is coloured by sales, either using a
fade transition or placing side-by-side (as is the case in Fig. 6).

To investigate how relative sales of different property types vary
spatially, we can form a null hypothesis that the ratio of sales between
the property types are spatially invariant. To test this hypothesis, we
use the average sales proportions of flats (49%), terraced (31%), semi-
detached (16%) and detached (4%) for the whole area to establish a
baseline and then show the deviation from this. Fig. 2D (this uses a
linear and symmetrical diverging colour scheme) shows that we can
probably reject our null hypothesis. Sales of flats are higher than the
London average in the centre (the consistent ordering ensures flats are
always in the top left), more semi-detached housing than average ex-
ists towards the periphery and no borough has the average proportion.
By modifying the hierarchy (with the oCut, oInsert and oSwap
operators), reconfiguring the layouts (oLayout and oSize), chang-
ing the colour (oColor and oColorMap) and establishing alterna-
tive baselines, alternative hypotheses can be investigated to address
different research questions.

In Fig. 7 we study the consistency of price by type, space and time,
by colouring layouts by the coefficient of variation of price. The in-
stability of colour, suggests that many of the sample sizes are too
small to give reliable estimations of price variation, but nevertheless
colour is relatively consistent by borough and different spatial pat-
terns can be detected for each property type. In Fig. 7C, we fix the
size of the rectangles, remove the temporal attributes from the hier-
archy and switch the layout to polygons. This results in small mul-
tiple choropleth maps conditioned by type (sHier(/,$ty,$br);
sLayout(/,OS,PG); sSize(/,FIX,$abr)).

7 GUIDELINES FOR USING HIERARCHICAL LAYOUTS

We propose a number of guidelines based on our observations and
experiences for using and configuring hierarchical layouts to address
research questions.

Example: HiVE System
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A B

Fig. 6. The data are spatially reaggregated into 4km2 grid squares. Absolute geographical positioning is employed because node size is fixed
and the correct aspect ratio is used (borough boundaries shown for reference). A: Coloured by number of sales: sHier(/,$gd,$yr,$mn);
sLayout(/,SP,VT,HZ); sSize(/,FIX); sColor(/,Ø,Ø,$sal). B: Coloured by average price: oColor(/,3,$prc).
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Fig. 7. Space is at level 2 of the hierarchy. Coloured by coefficient of variation of price (grey is no sales). A: sHier(/,$ty,$br,$yr,$mn);
sLayout(/,OS,SP,VR,HZ); sSize(/,$sal); sColor(/,Ø,Ø,Ø,$vpr). B: Fix rectangle size: oSize(/,4,FIX); oSize(/,3,FIX);
oSize(/, 2,FIX); oSize(/,1,FIX). C: Choropleth maps: oCut(/,4); oCut(/,3); oLayout(/,2,PG); oSize(/,2,$abr).

1. Reconfigure conditioning hierarchies to explore the data space.
Use oCut, oInsert and oSwap to reconfigure the hierarchy to
explore variation in terms of different conditioning variables. For
example, placing $br above $ty in Fig. 7 allows geographical
variation by property type to be explored.

2. Use appropriate layouts to reveal structure in data. Experiment
with alternative layouts to explore the design space. HZ,VT
with fixed rectangle size (see 4) can produce mosaic plots, useful
where combinations of categorical variables are important. OS is
appropriate where there is a large number of values and VT/HZ
where there are fewer values and where the dimensions of the
available space allow good aspect ratios.

3. Preserve salient 1D or 2D ordering. Choose appropriate order-
ing for ordinal, temporal and spatial variables for each hierar-
chical level in response to research questions and order nominal
variable values consistently.

4. Fix rectangle size at appropriate hierarchical levels to produce
consistent layouts with small-multiple-like properties. The re-
sulting juxtaposed graphical elements with shared layout char-
acteristics can facilitate the side-by-side comparison of graphics,
minimising the work required of the eye and brain.

5. Scale colour to data-ranges to different parts of the hierarchy
to explore local and global patterns. Scaling to data-ranges in
localised parts of the hierarchy (e.g. by year in Fig. 4) addresses
research questions based on localised variation, whereas scaling
to the entire data-ranges draws attention to more global patterns.

6. Condition datasets by attributes of different granularities at ad-

jacent levels of the hierarchy. In the case of time, this allows
us to consider the effects of cyclical temporal patterns (e.g.
$yr,$mn). In the case of space this draws attention to the ef-
fects of spatial resolution and scale.

7. Condition by different aggregations of time and space. This helps
explore the effects of modifiable units on patterns in the data.

8. Reaggregate spatial data to equally-sized grid cells and fix rect-
angle size. This can produce consistent small-multiple-like ar-
rangements (see 4) that retain the properties of the original ge-
ographical coordinate space (e.g. Fig. 6) and can be used to ad-
dress research questions that relate to geographic variation in ab-
solute geographical space.

9. Use dynamic techniques to relate these various states. For exam-
ple, use highlighting to show items across hierarchy and brush-
ing for details-on-demand. Smooth transitions between layouts
can to help reduce cognitive load when relating these.

8 FURTHER AND ONGOING WORK

Although our examples and notation have focussed on space-filling
rectangular layouts, the concepts are applicable to other types of lay-
out as illustrated by our introductory example and our use of some
non-rectangular layouts. HiVE was developed so that we could be
systematic in describing configurations and reconfigurations in layouts
and so we could describe and build interfaces for collaborative visu-
alisation. We are extending this so that it can encode a broader set of
hierarchical layouts that use dimensional stacking by adding states and
operators to represent a wider range of visual variables. For example,

[Slingsby et al., 2009]
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https://observablehq.com/d/cf06096e434fe803

