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Interaction Overview
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Sorting & Slope Graphs: LineUp
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[Gratzl et al., 2013]
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http://caleydo.github.io/projects/lineup/


Animated Transitions
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http://bl.ocks.org/mbostock/3943967


Animated Transitions
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Heer and Robertson Study
• User Preferences: Staged animation > animation > static transitions 

• Animation improves graphical perception 
• Staging is better (do axis rescaling before value changes) 
• Avoid axis rescaling when possible

5

[Heer and Robertson, 2007]
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The dependent measure was average error, measured as the 
average pixel distance from the location of subjects‟ mouse clicks to 
the respective target objects. Error was computed optimistically, 
such that if participants accidentally clicked the targets in reverse 
order their error rate would not be adversely affected. 

5.1.1 Results 
The results for animation conditions are shown in Figure 6, finding a 
strong advantage for animation. Repeated Measures ANOVA found 
significant differences at the .05 level for each transition type 
(F(2,286) >= 22.03, p < 0.001). Post-hoc comparisons between 
animation and staged animations using Fisher‟s LSD test were 
significant at the .05 level for the Zoom & Filter (p = 0.026) and 
Timestep Scatter Plot (p = 0.002) conditions. Sort Bars (p = 0.051) 
and Bar to Donut (p = 0.071) differences were significant at the .10 
level. Timestep Scatter Plot is the only transition in which staged 
animation has more error than direct animation. In this case, there 
were two transitions (a rescale and then movement) in a short time 
period, potentially compounding opportunity for error. 

Analysis across the size condition revealed that tracking error 
increased with size in all conditions except the Stacked to Grouped 
Bars transition. Repeated Measures ANOVA results for all transition 
types except Stacked to Grouped Bars, Zoom & Filter, and Timestep 
Scatter Plot were significant at the .05 level (F(2,143) >= 19.13, p < 
0.001). Increasing the number of elements noticeably increased error 
rates in the Bar to Donut transitions when labels were removed, but a 
similar interaction did not take place in the Sort Bars transition. 

5.2 Experiment 2: Estimating Changing Values 
Our second experiment focused on the semantic level of analysis. 
Subjects were asked to follow a single target across a transition and 
estimate the percentage change in value in the underlying data. The 
goal was to test the hypothesis that animation facilitates graphical 
perception of changing values over time. Experiment 2 used the 
same 3 x 2 within-subjects design as before. However, Experiment 2 
involved only four transitions: timesteps in Scatter Plot, Grouped 
Bars, Stacked Bars, and Donut Chart displays. Subjects performed 6 
replications of the 3*2*4=24 cells for a total of 144 trials. 

Staged animation for Scatter Plot and Grouped Bars conditions 
consisted of axis rescalings (if needed) followed by timestep 
animations. In the Stacked Bars and Donut Chart conditions we 
tested highly staged animations, such that objects never change 
position and value simultaneously. For Stacked Bars, this meant that 
each stack level would update separately, starting from the top stack 
sequentially down to the bottom stack. For Donut Charts, this 
involved the multi-stage animations of Figure 3. 

Figure 5 depicts a sample trial for Experiment 2. Subjects were 
shown an initial graphic for 3 seconds before transition onset, with 
only a single target highlighted. Animations were lengthened to 2 
seconds in this experiment to comfortably accommodate the multi-
staged animations. The display was masked after 3 seconds, at which 
point a panel of buttons appeared with which the user could enter 
their estimate of the target‟s percentage change in value. The buttons 
ranged from -90% to +90% by increments of 20% and indicated 
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Figure 6. Experiment 1 Results for Animation Conditions. Animation is significantly better than static across all conditions. Except for 
Timestep Scatter Plot, staged animation outperforms animation. Post-hoc analysis finds significant differences between animation and staged 
animation at the .05 level for Zoom & Filter and Timestep Scatter transitions and at the .10 level for Bar to Donut and Sort Bars transitions. 
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Figure 7. Experiment 2 Results for Animation Conditions. Left: For Scatter Plot and Grouped Bars conditions, animation significantly 
outperforms static transitions. Staged animation outperforms animation, but not significantly so. Stacked Bars show no significant difference, 
while animation is significantly better than static transitions and staged animation in the Donut Chart. Right: The total number of unknown (?) 
responses was higher for static transitions, though occurred for animation conditions when axis rescaling was performed. 
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Figure 8. Preference Survey Results. Overall, staged animation is preferred to animation, which is preferred to static transitions. Statistically 
significant differences are found for all transition types. Post-hoc analysis finds that preference for staged animation is significant at the .05 level 
for all transitions except the Timestep Stacked Bars and Timestep Donut conditions, in which an extreme form of staging was applied. 

http://vis.stanford.edu/papers/animated-transitions


Selection
• Selection is often used to initiate other changes 
• User needs to select something to drive the next change 
• What can be a selection target? 
- Items, links, attributes, (views) 

• How? 
- mouse click, mouse hover, touch 
- keyboard modifiers, right/left mouse click, force 

• Selection modes: 
- Single, multiple 
- Contiguous?

6D. Koop, CSCI 627/490, Spring 2026



Highlighting
• Selection is the user action 
• Feedback is important! 
• How? Change selected item's visual encoding 
- Change color: want to achieve visual popout 
- Add outline mark: allows original color to be preserved 
- Change size (line width) 
- Add motion: marching ants

7D. Koop, CSCI 627/490, Spring 2026
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Interaction Latency
• The Effects of Interactive Latency on Exploratory Visual Analysis,  

Z. Liu and J. Heer, 2014 
• Brush & link, select, pan, zoom 

• 500ms added latency causes significant cost 
- decreases user activity and dataset coverage 
- reduces rate of observations, generalizations, and hypotheses

8D. Koop, CSCI 627/490, Spring 2026

3.2 Latency Conditions

We considered multiple choices when designing our latency condi-
tions. One approach is to include multiple latencies in small incre-
ments, which is useful for identifying time scale thresholds for each
interactive operation. Assessing thresholds, however, is not the fo-
cus of our study, and often requires conducting studies with highly-
controlled, low-level tasks. We are more interested in understanding
the effects of latency on various dimensions of exploratory visual anal-
ysis. Thus a more ecologically valid setting, in which users perform
open-ended exploratory analysis, is appropriate. However, studying
ecologically valid behavior imposes practical constraints. Exploratory
visual analysis is a complex process, requiring careful analysis of both
quantitative interactive event log data and qualitative data concerning
insight discovery. We also anticipate that datasets with different se-
mantics can lead to different user behaviors, so it is necessary to in-
clude dataset and visualization configuration as a factor and repeat the
latency conditions in more than one analysis scenario. As a result, we
decided to use a 2 (datasets) x 2 (latency conditions) mixed design.

Table 2 summarizes the latency for the primary interactive opera-
tions supported in imMens (brushing and linking, selecting, panning
and zooming) in the two latency conditions. In the control condition,
the latency is simply the time taken by imMens to fetch data tiles,
perform aggregation (roll-up) queries and re-render the display. In the
delay condition, we injected an additional 500 milliseconds for each of
these operations. We experimented with different delays in pilot stud-
ies. Initially we chose to inject an additional delay of 1 second, based
on the representative latencies of related data-processing systems. Our
pilot subjects found the system unusable, especially for operations like
brushing and linking. We thus reduced the additional delay to 500ms.
Since there is little prior work on the time scales of different interactive
operations in visual analysis, we applied the same amount of delay for
all four operations to see if the operations have varying sensitivity to
the same delay.

To ensure the usability of the system in the delay condition, we im-
plemented throttling and debouncing in imMens. Throttling prevents
repeated firings of the same event. For example, mouse movements
within the same bar only trigger a single brushing event. Debouncing
maintains a queue of events being fired, delays processing by 500ms,
and drops unprocessed events when a new event of the same kind ar-
rives. The injected delay per operation thus does not result in a grow-
ing accumulation of unprocessed events, preventing cascading delays
and thus substantial usability problems.

Both log transform and color scale adjustment are client-side ren-
dering operations that do not incur data processing latency. We chose
not to inject delays into these two operations to maintain ecological
validity. It is also beneficial to include both low- and high-latency
operations so that we can examine if subjects preferentially use low-
latency operations in favor of higher-latency ones.

3.3 Datasets and Visualizations

We use two publicly available datasets from different domains. One
contains 4.5 million user check-ins on Brightkite [13], a location-
based check-in service similar to Foursquare, over a period of two
years. We visualize this dataset using five linked components (Figure
1(a)): a multi-scale geographic heatmap showing the locations of the
checkins, three histograms showing the number of check-ins aggre-
gated by month, day and hour, and a bar chart showing the number
of check-ins by the top 30 travelers whose check-ins span the greatest
geographic bounding box. The geographic heatmap has 8 zoom levels.

The other dataset consists of 140 million records about the on-time
performance of domestic flights in the US from 1987 to 2008 [9]. Sub-
jects explore this dataset using four linked visualizations (Figure 1(b)):
a binned scatterplot showing departure delay against arrival delay, two
bar charts showing the number of flights by carrier and year, and a his-
togram showing the distribution of flights across months. The binned
scatterplot has 5 zoom levels.

(a) Five coordinated visualizations showing geographical and temporal dis-
tribution of user checkins and top users.

(b) Four linked visualizations showing departure and arrival delays, carriers,
yearly and monthly distribution of flights.

Fig. 1. Visualizations for the datasets used in the study.

Operation Control Condition Delay Condition

brush & link 20 ms 520 ms
select 20 ms 520 ms
pan 100 ms 600 ms

zoom 1000 ms 1500 ms

Table 2. Average latencies for interactive operations, across conditions.

3.4 Study Procedure
We recruited 16 subjects from the San Francisco Bay Area. All par-
ticipants had experience analyzing data using systems such as Excel,
R and Tableau. We instructed the participants to perform two analysis
sessions, one dataset each. Every participant experienced both latency
conditions, but not all combinations of latency and dataset; the same
dataset cannot be reused for different latency conditions due to learn-
ing effects. For each subject, one dataset had the default latency and
the other dataset had the injected 500 millisecond delay. To control
for order and learning effects, half of the subjects experienced delay
in the first session and the other half experienced delay in the second
session. The order of the dataset analyzed was also counterbalanced.

We first gave each subject a 15-minute tutorial on imMens for each
of the two analysis scenarios, teaching them how to interact with the
visualizations under the respective latency condition. Subjects then
spent approximately one hour exploring both datasets. They could
spend a maximum of 30 minutes on a single dataset, but could stop
their analysis at any time if they felt nothing more could be found. At
the end of each study, we conducted an exit interview. We did not
inform the subjects about the injected delay in one of the two sessions.

We considered carefully the challenge of evaluating subjects’ per-
formance when designing the study procedure. Compared with solv-
ing a tightly-specified problem, visual analysis is open-ended and
lacks clear-cut performance metrics. To this end, we were inspired
by the insight-based evaluation methodology proposed by Saraiya et
al. [37, 38]. A fundamental premise of visualization research is that
“the purpose of visualization is insight, not pictures” [10]. Insight-
based evaluations collect qualitative data about the knowledge discov-
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“the purpose of visualization is insight, not pictures” [10]. Insight-
based evaluations collect qualitative data about the knowledge discov-



Manipulate

Change over Time

Select

Navigate

Item Reduction

Zoom

Pan/Translate

Constrained

Geometric or Semantic

Attribute Reduction

Slice

Cut

Project

Navigation

9

[Munzner (ill. Maguire), 2014]
D. Koop, CSCI 627/490, Spring 2026



Zooming
• Geometric Zooming: just like a camera 
• Semantic Zooming: visual appearance of objects can change at different 

scales 
• LiveRAC Example: 

(focus + context)

10

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

(a) (b)

Figure 3. LiveRAC shows a full day of system management time-series data using a reorderable matrix of area-aware

charts. Over 4000 devices are shown in rows, with 11 columns representing groups of monitored parameters. (a): The

user has sorted by the maximum value in the CPU column. The first several dozen rows have been stretched to show

sparklines for the devices, with the top 13 enlarged enough to display text labels. The time period of business hours

has been selected, showing the increase in the In pkts parameter for many devices. (b): The top three rows have been

further enlarged to show fully detailed charts in the CPU column and partially detailed ones in Swap and two other

columns. The time marker (vertical black line on each chart) indicates the start of anomalous activity in several of

spire’s parameters. Below the labeled rows, we see many blocks at the lowest semantic zoom level, and further below

we see a compressed region of highly saturated blocks that aggregate information from many charts.

as the minimum, maximum, or average of the time-series.
Rows can be sorted by device names or metadata such as lo-
cation, customer, or other groupings. Columns can also be
reordered by the user.

Principle: multiple views are most effective when coor-

dinated through explicit linking. The principle of linked
views [15] is that explicit coordination between views en-
hances their value. In LiveRAC, as the user moves the cur-
sor within a chart, the same point in time is marked in all
charts with a vertical line. Similarly, selecting a time seg-
ment in one chart shows a mark in all of them. This tech-
nique allows direct comparison between parameter values
at the same time on different charts. In addition, people can
easily correlate times between large charts with detailed axis
labels, and smaller, more concise charts.

Assertion: showing several levels of detail simultane-

ously provides useful high information density in con-

text. Several technique choices are based on this assertion.
First, LiveRAC uses stretch and squish navigation, where
expanding one or many regions compresses the rest of the
view [11, 17]. The accompanying video shows the look and
feel of this navigation technique. The stretching and squish-
ing operates on rectangular regions, so expanding a single
chart also magnifies the entire row for the device it repre-
sents, and the entire column for the parameters that it shows.
The edges of the display are fixed so that all cells remain
within the visible area, as opposed to conventional zoom-
ing where some regions are pushed off-screen. There are
rapid navigation shortcuts to zoom a single cell, a column,

an aggregated group of devices, the results of a search, or to
zoom out to an overview. Users can also directly drag grid
lines or resize freely drawn on-screen rectangles. Naviga-
tion shortcuts can also be created for any arbitrary grouping,
whose cells do not need to be contiguous. This interaction
mechanism affords multiple focus regions, supporting mul-
tiple levels of detail.

Second, charts in LiveRAC dynamically adapt to show vi-
sual representations adapted in each cell to the available
screen space. This technique, called semantic zooming [13],
allows a hierarchy of representations for a group of device-
parameter time-series. In Figure 3, the largest charts have
multiple overlaid curves and detailed axis and legend labels.
Smaller charts show fewer curves and less labeling, and at
smaller sizes only one curve is shown as a sparkline [24].
On each curve, the maximum value over the displayed time
period is indicated with a red dot, the minimum with a blue
dot, and the current value with a green one. All representa-
tion levels color code the background rectangle according to
dynamically changeable thresholds of the minimum, maxi-
mum, or average values of the parameters within the current
time window. The smallest view is a simple block, where
this color coding is the only information shown.

Third, aggregation techniques achieve visual scalability by
ensuring dense regions show meaningful visual representa-
tions. Given our target scale of dozens of parameters and
thousands of devices, the size of the matrix could easily sur-
pass 100,000 cells. Stretch and squish navigation allows
users to quickly create a mosaic with cells of many differ-



Projects
• Proposal feedback up on Blackboard 
• General comments: 
- Attributes not in the dataset (where are you getting external data?) 
- Tasks not well suited to visualization (data queries) 
- Visualization creativity: think about custom designs 

• Designs: 
- Three different good designs 
- One bad design 
- Sketch these 
- Progress on implementation

11D. Koop, CSCI 627/490, Spring 2026



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

12D. Koop, CSCI 627/490, Spring 2026

https://faculty.cs.niu.edu/~dakoop/cs627-2026sp/assignment4.html
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Networks
• Why not graphs? 
- Bar graph 
- Graphing functions in mathematics 

• Network: nodes and edges connecting the nodes 
• Formally, G = (V,E) is a set of nodes V and a set of edges E where each edge 

connects two nodes. 
• Nodes == items, edges connect items 
• Both nodes and edges may have attributes

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



Arrange Networks and Trees

Node–Link Diagrams

Enclosure

Adjacency Matrix

TREESNETWORKS

Connection Marks

TREESNETWORKS

Derived Table

TREESNETWORKS

Containment Marks

Arrange Networks and Trees

15

[Munzner (ill. Maguire), 2014]
D. Koop, CSCI 627/490, Spring 2026



SS

CC

CC

NN

CCNN

CC

NN

NNCC

NN

HH

HH
HH

HH

HH

Molecule Graph

16D. Koop, CSCI 627/490, Spring 2026



SS

CC

CC

NN

CCNN

CC

NN

NNCC

NN

HH

HH
HH

HH

HH

Molecule Graph

16D. Koop, CSCI 627/490, Spring 2026

•Nodes may have attributes  
(e.g. element)
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•Nodes may have attributes  
(e.g. element)

•Edges may have attributes 
(e.g. number of bonds)



Web Sites as Graphs (amazon.com)
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[M. Salathe, 2006]
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Social Networks
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[P. Butler, 2010]
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Networks as Data
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ID Atom Electrons Protons
0 N 7 7
1 C 6 6
2 S 16 16
3 C 6 6
4 N 7 7

ID1 ID2 Bonds
0 1 1
1 2 1
1 3 2
3 4 1
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Node-Link Diagrams
• Data: nodes and edges 
• Task: understand connectivity, paths, 

structure (topology) 
• Encoding: nodes as point marks, 

connections as line marks 
• Scalability: hundreds 

• …but high density of links can be 
problematic! 

• Issue with the encoding?
20D. Koop, CSCI 627/490, Spring 2026



Arc Diagram
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[D. Eppstein, 2013]
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Network Layout
• Need to use spatial position when designing network visualizations 
• Otherwise, nodes can occlude each other, links hard to distinguish 
• How? 
- With bar charts, we could order using an attribute… 
- With networks, we want to be able to see connectivity and topology (not in 

the data usually) 
• Possible metrics: 
- Edge crossings 
- Node overlaps 
- Total area

22D. Koop, CSCI 627/490, Spring 2026



Force-Directed Layout
• Nodes push away from each other but 

edges are springs that pull them together 
• Weakness: nondeterminism, algorithm may 

produce difference results each time it runs

23

[M. Bostock, 2017]
D. Koop, CSCI 627/490, Spring 2026

https://observablehq.com/@d3/force-directed-graph


Constraint-Based Optimization (CoLa)
• Higher quality layout 
• More stable in interactive 

applications (no "jitter") 
• Allows user specified constraints 

such as alignments and grouping 
• Can avoid overlapping nodes 
• Provides flow layout for directed 

graphs 
• May be less scalable to very large 

graphs 
• Can route edges around nodes

24

[T. Dwyer et al. (WebCoLa); M. Bostock (Example), 2018]
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https://marvl.infotech.monash.edu/webcola/
https://observablehq.com/@mbostock/hello-cola


sfdp
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“Hairball”
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[Hu, 2014]
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IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 12, NO. 5, SEPTEMBER/OCTOBER 2006

Fig. 13. A software system and its associated call graph (caller = green, callee = red). (a) and (b) show the system with bundling strength β = 0.85
using a balloon layout (node labels disabled) and a radial layout, respectively. Bundling reduces visual clutter, making it easier to perceive the
actual connections than when compared to the non-bundled versions (figures 2a and 11a). Bundled visualizations also show relations between
sparsely connected systems more clearly (encircled regions); these are almost completely obscured in the non-bundled versions. The encircled
regions highlight identical parts of the system for (a), (b), and figure 15.

Fig. 14. Using the bundling strength β to provide a trade-off between low-level and high-level views of the adjacency relations. The value of β
increases from left-to-right; low values mainly provide low-level, node-to-node connectivity information, whereas high values provide high-level
information as well by implicit visualization of adjacency edges between parent nodes that are the result of explicit adjacency edges between their
respective child nodes.

regarded as being aesthetically pleasing. SIG and FEI Company Eind-
hoven are currently supporting further development by providing us
with additional data sets and feedback regarding the resulting visual-
izations.

More specifically, most of the participants particularly valued the
fact that relations between items at low levels of the hierarchy were
automatically lifted to implicit relations between items at higher lev-
els by means of bundles. This quickly gave them an impression of the
high-level connectivity information while still being able to inspect
the low-level relations that were responsible for the bundles by inter-
actively manipulating the bundling strength.

This is illustrated in figure 14, which shows visualizations using
different values for the bundling strength β . Low values result in vi-
sualizations that mainly provide low-level, node-to-node connectivity
information. High values result in visualizations that provide high-
level information as well by implicit visualization of adjacency edges
between parent nodes that are the result of explicit adjacency edges
between their respective child nodes.

Another aspect that was commented on was how the bundles gave

an impression of the hierarchical organization of the data as well,
thereby strengthening the visualization of the hierarchy. More specif-
ically, a thick bundle shows the presence of two elements at a fairly
high level of the hierarchy, whereas the fanning out of a bundle shows
the subdivision of an element into subelements.

Most participants preferred the radial layout over the balloon layout
and the squarified treemap layout. Another finding was the fact that the
rooted layout and the slice-and-dice treemap layout were considered
less pleasing according to several participants. This is probably due to
the large number of collinear nodes within these layouts, which causes
bundles to overlap along the collinearity axes. This is illustrated in
figure 17.

Although our main focus while developing hierarchical edge bun-
dles was on the visualization itself, interaction is an important aspect
in determining the usability of our technique. Based on our own in-
sight and feedback gathered from participants, we contend that bundle-
based interaction as described below could provide a convenient way
of interacting with the visualizations.

Figure 16 shows how the bundling strength β could be used in con-

Hierarchical Edge Bundling
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high level of the hierarchy, whereas the fanning out of a bundle shows
the subdivision of an element into subelements.

Most participants preferred the radial layout over the balloon layout
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rooted layout and the slice-and-dice treemap layout were considered
less pleasing according to several participants. This is probably due to
the large number of collinear nodes within these layouts, which causes
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Hierarchical Edge Bundling
• Flexible and generic method 
• Reduces visual clutter when dealing with large numbers of adjacency edges 
• Provides an intuitive and continuous way to control the strength of bundling. 
- Low bundling strength mainly provides low-level, node-to-node connectivity 

information 
- High bundling strength provides high-level information as well by implicit 

visualization of adjacency edges between parent nodes that are the result of 
explicit adjacency edges between their respective child nodes
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ically, a thick bundle shows the presence of two elements at a fairly
high level of the hierarchy, whereas the fanning out of a bundle shows
the subdivision of an element into subelements.
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rooted layout and the slice-and-dice treemap layout were considered
less pleasing according to several participants. This is probably due to
the large number of collinear nodes within these layouts, which causes
bundles to overlap along the collinearity axes. This is illustrated in
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Although our main focus while developing hierarchical edge bun-
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in determining the usability of our technique. Based on our own in-
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based interaction as described below could provide a convenient way
of interacting with the visualizations.
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Adjacency Matrix
• Change network to tabular data and use a 

matrix representation 
• Derived data: nodes are keys, edges are 

boolean values 
• Task: lookup connections, find well-

connected clusters 
• Scalability: millions of edges 

• Can encode edge weight, too
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7.1. Using Space 135

Figure 7.5: Comparing matrix and node-link views of a five-node network.
a) Matrix view. b) Node-link view. From [Henry et al. 07], Figure 3b and
3a. (Permission needed.)

the number of available pixels per cell; typically only a few levels would
be distinguishable between the largest and the smallest cell size. Network
matrix views can also show weighted networks, where each link has an as-
sociated quantitative value attribute, by encoding with an ordered channel
such as color luminance or size.

For undirected networks where links are symmetric, only half of the
matrix needs to be shown, above or below the diagonal, because a link
from node A to node B necessarily implies a link from B to A. For directed
networks, the full square matrix has meaning, because links can be asym-
metric. Figure 7.5 shows a simple example of an undirected network, with
a matrix view of the five-node dataset in Figure 7.5a and a corresponding
node-link view in Figure 7.5b.

Matrix views of networks can achieve very high information density, up
to a limit of one thousand nodes and one million edges, just like cluster
heatmaps and all other matrix views that uses small area marks.

Technique network matrix view
Data Types network
Derived Data table: network nodes as keys, link status between two

nodes as values
View Comp. space: area marks in 2D matrix alignment
Scalability nodes: 1K

edges: 1M

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7.1.3.3 Multiple Keys: Partition and Subdivide When a dataset has only
one key, then it is straightforward to use that key to separate into one region



Cliques in Adjacency Matrices
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Structures from Adjacency Matrices
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Node-Link or Adjacency Matrix?
• Empirical study: For most tasks, node-link is better for small graphs and 

adjacency better for large graphs 
• Multi-link paths are hard with adjacency matrices 
• Immediate connectivity or neighbors are ok, estimating size (nodes & edges 

also ok) 
• People tend to be more familiar with node-link diagrams 
• Link density is a problem with node-link but not with adjacency matrices
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Trees
• Trees are directed acyclic networks 
- each edge has a direction: the origin is the parent, the destination is the 

child 
- cannot get back to a node after leaving it 

• …plus each node has at most one parent node 
• A tree has a root (every other node hangs off it) 
• Can consider enclosure in trees using parent-child relationships
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Quantifying the Space-Efficiency
of 2D Graphical Representations of Trees

Michael J. McGuffin and Jean-Marc Robert

Abstract— A mathematical evaluation and comparison of the space-efficiency of various 2D graphical representations of tree struc-
tures is presented. As part of the evaluation, a novel metric called the mean area exponent is introduced that quantifies the distribution
of area across nodes in a tree representation, and that can be applied to a broad range of different representations of trees. Several
representations are analyzed and compared by calculating their mean area exponent as well as the area they allocate to nodes and
labels. Our analysis inspires a set of design guidelines as well as a few novel tree representations that are also presented.

Index Terms—Tree visualization, graph drawing, efficiency metrics.

1 INTRODUCTION

A variety of graphical representations are available for depicting tree
structures (Figure 1), from “classical” node-link diagrams [23, 7], to
treemaps [14, 26, 6, 30], concentric circles [2, 27, 31], and many others
(see [13] for a survey). A major consideration when designing, eval-
uating, or comparing such representations is how efficiently they use
screen space to show information about the tree. To date, however, it is
unclear how to go about evaluating space-efficiency in a way that can
be applied to the large variety of tree representations and that enables a
fair comparison of them. Space-efficiency might be described in terms
of area, aspect ratio, label size, or other measures. However, there is no
accepted standard set of metrics for evaluating the space-efficiency of
tree representations, and it is unclear what approach would be general
enough to be applied to all the forms in Figure 1.

Fig. 1. Several basic kinds of tree representations, here each showing
a complete 3-ary tree of depth 3 as an example. All representations
are drawn to just fit within a 1×1 unit square. A: classical (layered)
node-link [23, 7]. B: a variation on A, where the shape of nodes better
accommodates long labels. C: icicle. D: radial [10, 9]. E: concentric
circles [2, 27, 31]. F: nested circles, similar to [5, 28]. G: treemap [14,
26]. H: indented outline, sometimes called a “tree list”, and common in
file browsers such as Microsoft Explorer.

• Michael J. McGuffin is with École de technologie supérieure, Montréal,
Canada, E-mail: michael.mcguffin@etsmtl.ca.

• Jean-Marc Robert is with École de technologie supérieure, Montréal,
Canada, E-mail: jean-marc.robert@etsmtl.ca.

One basic metric of space-efficiency is the total area of a representa-
tion. Assuming the representation is bound within a 1×1 square, both
icicle diagrams and treemaps (Figures 1C and 1G) have a total area of
1, and are equally efficient (and both optimal) according to this met-
ric. Likewise, concentric circles and nested circles (Figures 1E and 1F)
both have a total area of π/4 ≈ 0.785 (the area of a circle of diameter
1), and are also equally efficient according to the metric of total area.
However, experience suggests that the representations within each of
these pairs do not scale equally well with larger, deeper trees. This
article shows that there are finer ways of distinguishing efficiency, i.e.
that there is more to space-efficiency than total area.

Treemaps are often described as optimally space-efficient, not just
because they have a total area of 1, but also because they allow for
what we call a weighted partitioning of the area. Nodes can be allo-
cated more or less area, depending on some attribute such as file size,
population, or number of species, and furthermore this weighted par-
titioning can be done without reducing the total area used. These are
indeed desirable properties, however they are not unique to treemaps.
Figure 2 shows that icicle diagrams also allow for a weighted parti-
tioning of area, and incidentally have no need for margins between the
borders of nodes as treemaps often do.

Furthermore, although a weighted partitioning is useful for showing
the relative sizes of nodes in Figures 2A and 2C, an unfortunate side
effect is that labels on small nodes are very difficult to read. If users
are more interested in seeing the identity of all nodes rather than their
relative sizes, an alternative approach would be to give equal weight to
each leaf node (Figures 2B and 2D), improving the overall legibility
of nodes. (Although not shown in the figure, the labels could also be
augmented to numerically show the “size” attribute of each node.) In
terms of label size or legibility, Figures 2B and 2D are clearly prefer-
able, but even they still result in much whitespace around certain la-
bels, suggesting that a more space-efficient (in terms of label size)
representation might be possible.

Clearly, it would be useful to have some way to quantitatively dis-
tinguish the four possibilities in Figure 2, e.g. in terms of their respec-
tive scalability and the sizes of their labels. If total area is the only
metric of space-efficiency used, and “optimal” space-efficiency is de-
fined as a total area of 1 (possibly partitioned by weight), then we
have no way of distinguishing these four cases. If alternative metrics
of space-efficiency are used, such as those investigated in this article,
it is not clear initially if treemaps, or any other representation, will still
turn out to be optimal with respect to such alternative metrics.

This article identifies several metrics related to space-efficiency,
and performs the first rigorous analysis and comparison of the space-
efficiency of most of the basic tree representation styles in the infor-
mation visualization literature, including all those in Figure 1. Some
of the key ideas involved are (1) the use of a metric of the size of the
smallest nodes (i.e. the leaf nodes) in the representation, in addition to
a metric of total area; (2) analyzing the area of labels on the nodes,
which implicitly takes into account both the size and aspect ratio of
the nodes, measuring how much “useful” area they contain; and (3)
analyzing how these metrics behave asymptotically, as the tree grows

Tree Visualizations
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Quantifying the Space-Efficiency
of 2D Graphical Representations of Trees

Michael J. McGuffin and Jean-Marc Robert

Abstract— A mathematical evaluation and comparison of the space-efficiency of various 2D graphical representations of tree struc-
tures is presented. As part of the evaluation, a novel metric called the mean area exponent is introduced that quantifies the distribution
of area across nodes in a tree representation, and that can be applied to a broad range of different representations of trees. Several
representations are analyzed and compared by calculating their mean area exponent as well as the area they allocate to nodes and
labels. Our analysis inspires a set of design guidelines as well as a few novel tree representations that are also presented.
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of area, aspect ratio, label size, or other measures. However, there is no
accepted standard set of metrics for evaluating the space-efficiency of
tree representations, and it is unclear what approach would be general
enough to be applied to all the forms in Figure 1.

Fig. 1. Several basic kinds of tree representations, here each showing
a complete 3-ary tree of depth 3 as an example. All representations
are drawn to just fit within a 1×1 unit square. A: classical (layered)
node-link [23, 7]. B: a variation on A, where the shape of nodes better
accommodates long labels. C: icicle. D: radial [10, 9]. E: concentric
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are more interested in seeing the identity of all nodes rather than their
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terms of label size or legibility, Figures 2B and 2D are clearly prefer-
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representation might be possible.
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have no way of distinguishing these four cases. If alternative metrics
of space-efficiency are used, such as those investigated in this article,
it is not clear initially if treemaps, or any other representation, will still
turn out to be optimal with respect to such alternative metrics.

This article identifies several metrics related to space-efficiency,
and performs the first rigorous analysis and comparison of the space-
efficiency of most of the basic tree representation styles in the infor-
mation visualization literature, including all those in Figure 1. Some
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smallest nodes (i.e. the leaf nodes) in the representation, in addition to
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1), and are also equally efficient according to the metric of total area.
However, experience suggests that the representations within each of
these pairs do not scale equally well with larger, deeper trees. This
article shows that there are finer ways of distinguishing efficiency, i.e.
that there is more to space-efficiency than total area.

Treemaps are often described as optimally space-efficient, not just
because they have a total area of 1, but also because they allow for
what we call a weighted partitioning of the area. Nodes can be allo-
cated more or less area, depending on some attribute such as file size,
population, or number of species, and furthermore this weighted par-
titioning can be done without reducing the total area used. These are
indeed desirable properties, however they are not unique to treemaps.
Figure 2 shows that icicle diagrams also allow for a weighted parti-
tioning of area, and incidentally have no need for margins between the
borders of nodes as treemaps often do.

Furthermore, although a weighted partitioning is useful for showing
the relative sizes of nodes in Figures 2A and 2C, an unfortunate side
effect is that labels on small nodes are very difficult to read. If users
are more interested in seeing the identity of all nodes rather than their
relative sizes, an alternative approach would be to give equal weight to
each leaf node (Figures 2B and 2D), improving the overall legibility
of nodes. (Although not shown in the figure, the labels could also be
augmented to numerically show the “size” attribute of each node.) In
terms of label size or legibility, Figures 2B and 2D are clearly prefer-
able, but even they still result in much whitespace around certain la-
bels, suggesting that a more space-efficient (in terms of label size)
representation might be possible.

Clearly, it would be useful to have some way to quantitatively dis-
tinguish the four possibilities in Figure 2, e.g. in terms of their respec-
tive scalability and the sizes of their labels. If total area is the only
metric of space-efficiency used, and “optimal” space-efficiency is de-
fined as a total area of 1 (possibly partitioned by weight), then we
have no way of distinguishing these four cases. If alternative metrics
of space-efficiency are used, such as those investigated in this article,
it is not clear initially if treemaps, or any other representation, will still
turn out to be optimal with respect to such alternative metrics.

This article identifies several metrics related to space-efficiency,
and performs the first rigorous analysis and comparison of the space-
efficiency of most of the basic tree representation styles in the infor-
mation visualization literature, including all those in Figure 1. Some
of the key ideas involved are (1) the use of a metric of the size of the
smallest nodes (i.e. the leaf nodes) in the representation, in addition to
a metric of total area; (2) analyzing the area of labels on the nodes,
which implicitly takes into account both the size and aspect ratio of
the nodes, measuring how much “useful” area they contain; and (3)
analyzing how these metrics behave asymptotically, as the tree grows
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Tidier Drawings of Trees
EDWARD M. REINGOLD AND JOHN S. TILFORD

Abstract-Various algorithms have been proposed for producing tidy
drawings of trees-drawings that are aesthetically pleasing and use mini-
mum drawing space. We show that these algorithms contain some
difficulties that lead to aesthetically unpleasing, wider than necessary
drawings. We then present a new algorithm with comparable time and
storage requirements that produces tidier drawings. Generalizations
to forests and m-ary trees are discussed, as are some problems in dis-
cretization when alphanumeric output devices are used.

Index Terns-Data structures, trees, tree structures.

INTRODUCTION
IN a recent article [6], Wetherell and Shannon presented algo-

rithms for producing "tidy" drawings of trees-drawings
that use as little space as possible while satisfying certain
aesthetics. The basic task is the assignment of x and y co-
ordinates to each node of a tree, after which a straightforward
plotting or printing routine generates a drawing of the tree.
Wetherell and Shannon give three aesthetics in an attempt to
define a "tidy" drawing of a binary tree.
Aesthetic 1: Nodes at the same level of the tree should lie

along a straight line, and the straight lines defining the levels
should be parallel.
Aesthetic 2: A left son should be positioned to the left of

its father and a right son to the right.
Aesthetic 3: A father should be centered over its sons.
Although not mentioned in [6], Aesthetic 1 was also meant

to require that the relative order of nodes across any level be
the same as in the level order traversal of the tree. This can be
shown to guarantee that edges in the tree do not intersect
except at nodes.
The algorithms presented in [6], try to achieve these aes-

thetics while at the same time minimizing width. Similar algo-
rithms were developed by Sweet [3] for use in his thesis, but
were never published. The basic algorithm of [6] proceeds as
follows. First, store in each node its level in the tree; this is
essentially its y coordinate. Then traverse the tree in post-
order, pausing at each node to give it an x coordinate. Initially,
a provisional x coordinate is assigned according to this rule: if
the node is a leaf, give it the next available position on its
level; if it has only a left son, give it a position one unit to the
right of its son; if it has only a right son, give it a position one
unit to the left of its son; otherwise (the node has two sons)
give it the average of their positions. Meanwhile, keep track

Manuscript received April 10, 1980.
The authors are with the Department of Computer Science, Univer-

sity of Illinois, Urbana-Champaign, IL 61801.

Fig. 1. Final positioning of example tree as drawn by Algorithm WS.

of the next available position on each level with an array
NEXT POS, indexed by level, in which each value is set to two
greater than the coordinate of the last node assigned on the
corresponding level.

If a provisional position is less than the next available posi-
tion on that level, the node is given the next available position,
and its subtrees are shifted to the right so as to be properly
positioned relative to it. Actually, the amount of the shift is
just stored in the current node and applied with all the other
shifts during a subsequent preorder traversal. Whenever a shift
is applied to a node, all nonleaf nodes to its right on the same
level must have at least the same shift applied to them and
their subtrees (because the nodes in those subtrees were posi-
tioned without knowledge of shifts that would occur above
them). This necessitates another array, indexed by level,
containing the most recent shift applied on each level.

DIFFICULTIES
Algorithm WS works well in many cases; however, it con-

tains an important deficiency. It can produce drawings that are
not really pleasing and that can be made narrower within the
constraints of the aesthetics. In Fig. 1, for example, nodes Y
and Z are too far apart; instead, the tree ought to be drawn as
shown in Fig. 2 because that tree is both narrower and aes-
thetically more pleasing, in fact, "tidier."
The problem of Algorithm WS in the drawing of Fig. 1 is the

influence of the fixed left margin, defmed by the values of the
array NEXT _POS. Since node Y is a leaf, it receives the next
available position on its level, 6. Now the lower part of the

0098-5589/81/0300-0223$00.75 © 1981 IEEE
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Node-Link Diagram
• Trees are networks 
• …but we have more structure 
• Horizontal or vertical 
• Idea 1: partition space for each node 

via recursion 
• Idea 2: “Tidy” Drawing 
- Wetherell & Shannon: Don’t waste 

space (overlapping parent nodes is 
ok) 

- Reingold and Tilford: Keep 
symmetry, subtrees look similar
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Fig. 4. A tree and its mirror image positioned by Algorithm WS.

Fig. 2. Example tree as drawn by Algorithm TR.

Fig. 3. Example tree drawn by a modified Algorithm WS.

right subtree is built as usual, with Z being placed at 12. X,
the father of Y and Z, is given the average of their positions,
i.e., 9, and V receives the average of the positions ofW and X,
which is 8. This is too far to the left according to NEXT_POS,
so the subtree rooted at V is shifted two units to the right.
The resulting tree is two units wider than necessary. The
culprit is the empty space in the middle of the tree; it caused
Y to be placed too far to the left when it should have been
the minimum distance from Z (as A is from B). As the num-
ber of nodes increases, this anomalous behavior of Algorithm
WS can worsen.
Wetherell and Shannon present a modification to Algorithm

WS that guarantees minimum width drawings at the expense of
Aesthetic 3. Although the drawing it produces for the sample
tree (see Fig. 3) is not too wide, the drawing of Fig. 2 is much
better. Vaucher [5], independently of [3] and [6], developed
a tree printing algorithm that seems to avoid this problem but
does not satisfy the additional aesthetic constraint introduced
in the next section.
As our example illustrates, the difficulty with Algorithm WS

Fig. 5. A tree for which the narrowest drawing that satisfies Aesthetics
1-3 violates Aesthetic 4. The subtrees rooted at P and Q are iso-
morphic, but must be drawn nonisomorphically (as shown) to obtain
a minimum width drawing.

stems from the fact that the shape of a subtree is influenced
by the positioning of nodes outside that subtree; Sweet [3]
made a similar observation. As a consequence, symmetric
trees may be drawn asymmetrically, or more generally, a tree
and its reflection will not always produce mirror image draw-
ings; even the same subtree may appear differently in different
parts of the tree. Fig. 4 shows a small tree and its reflection
whose drawings by Algorithm WS are not mirror images.

A NEW AESTHETIC AND ALGORITHM
It is certainly desirable that a symmetric tree be drawn

symmetrically; therefore, we introduce a new aesthetic that
guarantees this (along with a somewhat stronger requirement).
Aesthetic 4: A tree and its mirror image should produce

drawings that are reflections of one another; moreover, a sub-
tree should be drawn the same way regardless of where it
occurs in the tree.
We pay a price for this aesthetic in terms of the width of the

tree. Fig. 5 illustrates a tree for which the narrowest drawing
that satisfies Aesthetics 1-3 violates Aesthetic 4. Nevertheless,
we consider Aesthetic 4 to be more important than minimum
width since the shape of the printed tree and its reflection
ought to be independent of its surroundings to aid in human
perception. In any case, with the exception of the theoreti-
cally interesting but impractical linear programming technique
of [2], the published tree printing algorithms all fail to pro-
duce minimum width placements, even without the stricture
of Aesthetic 4.

224 Reingold-Tilford Algorithm
• Recurse on left and right subtrees 
• Shift subtree over as long as it 

doesn’t overlap 
• Place parent centered above the 

subtrees 
• Originally, only binary trees, extended 

by Walker
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Icicle Plot
• Line marks 
• Vertical position shows depth 
• Horizontal position shows links and 

sibling order 
• Scalability: 1 pixel leaves, but harder 

to label
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The Flare package tree laid out in progressive radial layout. The angles of the wedges are
sized to correctly partition their parent wedge by their angle. 

Sunburst
• Icicle plot in a radial layout 
• Reading labels? 
• Intuitive navigation
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Indented Outline
• Like a filesystem tree 
• Use horizontal position to show depth, 

vertical positions show sibling/order

42D. Koop, CSCI 627/490, Spring 2026



Node
Link
Tree
Layout
12,870

Radial
Tree
Layout
12,348

Circle
Packing
Layout
12,003

Circle
Layout
9,317

Tree
Map
Layout
9,191

Stacked
Area
Layout
9,121

Force
Directed
Layout
8,411

Layout
7,881

Axis
Layout
6,725

Icicle
Tree
Layout
4,864

Dendrogram
Layout
4,853

Bundled
Edge
Router
3,727

Indented
Tree
Layout
3,174

Pie
Layout
2,728

Random
Layout
870

Labeler
9,956

Radial
Labeler
3,899

Stacked
Area
Labeler
3,202

Property
Encoder
4,138
Encoder
4,060

Color
Encoder
3,179

Size
Encoder
1,830

Shape
Encoder

Distortion
6,314

Bifocal
Distortion
4,461

Fisheye
Distortion
3,444

Fisheye
Tree
Filter
5,219
Visibility
Filter
3,509

Graph
Distance
Filter
3,165

Operator
List
5,248

Operator
Sequence
4,190

Operator
Switch
2,581

Operator
2,490

Sort
Operator
2,023

I
Operator
1,286

Data
20,544

Data
List
19,788

Node
Sprite
19,382

Scale
Binding
11,275

Data
Sprite
10,349

Tree
Builder
9,930

Edge
Renderer
5,569

Shape
Renderer
2,247

Arrow
Type
698
I
Renderer

Tree
7,147

Edge
Sprite
3,301

Tooltip
Control
8,435

Selection
Control
7,862

Pan
Zoom
Control
5,222

Hover
Control
4,896

Control
List
4,665

Click
Control
3,824

Expand
Control
2,832
Drag
Control

Anchor
Control
2,138

Control
1,353

I
Control

Legend
20,859

Legend
Range
10,530

Legend
Item
4,614

Axis
24,593

Cartesian
Axes
6,703

Axes
1,302

Axis
Grid
LineAxis
Label

Visualization
16,540

Data
Event
2,313
Selection
Event

Tooltip
Event
1,701
Visualization
Event

Strings
22,026

Shapes
19,118

Maths
17,705

Displays
12,555

Color
Palette
6,367

Size
Palette
2,291

Shape
Palette
2,059

Palette
1,229Geometry

10,993

Fibonacci
Heap
9,354

Heap
Node
1,233

Colors
10,001

Sparse
Matrix
3,366
Dense
Matrix
3,165

I
Matrix
2,815

Arrays
8,258

Dates
8,217

Sort
6,887

Stats
6,557

Property
5,559

Filter
2,324

Orientation
1,486

I
Value
ProxyI
Predicate

I
Evaluable
335

Interpolator
8,746

Matrix
Interpolator

Color
Interpolator
2,047

Rectangle
Interpolator
2,042

Array
Interpolator
1,983

Point
Interpolator
1,675
Object
Interpolator
1,629

Number
Interpolator
1,382
Date
Interpolator
1,375

Transitioner
19,975

Easing
17,010

Transition
9,201

Tween
6,006

Function
Sequence
5,842

Scheduler
5,593

Sequence
5,534

Parallel
5,176

Transition
Event
I
Schedulable

Pause
449

range
772iff
748gte
lte
gt
mul

sub
600

neq
599

lt
597

div
595

eq
594

add
593
mod
591
isa
fn

not
386

stddev
363

xor
354

variance
335and

or
orderby
update

where
299

select
296

distinct
292average

max
min

sum
280
count
277

_

Query
13,896

Expression
5,130

Comparison
5,103

Date
Util
4,141

String
Util
4,130

Arithmetic
3,891

Match
3,748

Composite
Expression
3,677

Expression
Iterator
3,617

Fn
3,240

Binary
Expression
2,893

If
2,732

IsA
2,039

Variance
1,876

Aggregate
Expression
1,616
Range
1,594

Not
1,554
Literal
1,214
Variable
1,124
Xor
1,101

And
1,027

Or
970

Distinct
933

Average
891Maximum
843Minimum
843

Sum
791
Count
781

Max
Flow
Min
Cut
7,840

Shortest
Paths
5,914

Link
Distance
5,731

Betweenness
Centrality
3,534

Spanning
Tree
3,416

Hierarchical
Cluster
6,714

Agglomerative
Cluster
3,938

Community
Structure
3,812

Merge
Edge

Aspect
Ratio
Banker
7,074

Time
Scale
5,833

Quantitative
Scale
4,839

Scale
4,268

Ordinal
Scale
3,770

Log
Scale
3,151

Quantile
Scale
2,435

I
Scale
Map
2,105

Scale
Type
1,821

Root
Scale
1,756

Linear
Scale

GraphML
Converter
9,800

Delimited
Text
Converter
4,294

JSON
Converter
2,220

I
Data
Converter

Converters
721

Data
Source
3,331

Data
Util
3,322

Data
Schema
2,165
Data
Field

Data
Table
772
Data
Set

N
Body
Force
10,498

Simulation
9,983

Particle
2,822

Spring
2,213

Spring
Force
1,681

Gravity
Force
1,336

Drag
Force

I
Force

Text
Sprite
10,066

Dirty
Sprite
8,833

Rect
Sprite
3,623

Line
Sprite
1,732

Flare
Vis
4,116

Treemap

43

[M. Bostock, 2017]
D. Koop, CSCI 627/490, Spring 2026

https://observablehq.com/@d3/treemap?collection=@d3/d3-hierarchy

