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Abstract Internet usage, and changes in social network tsires
Research on the effects of dynamic layout prinsipa

The design of automatic layout algorithms for singluser understanding is therefore timely.

graphs is a well establl_shed field, and some restemlies . In our previous study[10], we conducted an empiirica

show how these algorithms affect human understgndlnstudy into dynamic graph layout algorithms applied

By contrast, layout algorithms for graphs that g@over o arehical data. Here, we extend this work tdide

time are relatively immature, and few studies ex®t o6 generic, undirected graphs. Until now, no such
evaluate their effectiveness empirically. This PaP§asearch exists in the literature

presents two new dynamic graph layout algorithmd an
empirical investigations of how effective theseoaithms
are with respect to human understanding. Centrahtdh
algorithm is the “mental map”: the degree to whible Existing research on dynamic graph layout algorgghm
layout supports continuous understanding. This wofkcuses on the implementation of the algorithms
aims to evaluate the importance of the mental magnemselves, rather than empirical evaluation (&].
alongside traditional static graph aesthetics,nswaring
qguestions about dynamic graphs. We discover that
simple concept of the mental map is not sufficiét
increasing understanding of the graph.

1.1 Dynamic Graph Layout Systems

E:gnpirical investigation of a dynamic graph layoystem
requires that the system have changeable paramsters
that comparative tests can be performed.

a1l'\ number of existing dynamic graph systems are
available, including Gevol [3], GraphAEL [5] andhets
[1]. However, none of these systems provide cootisu
. parametric adjustment. We have therefore develapmed
1 Introduction implemented our own interactive dynamic graph dnawi
Research on algorithms for the effective layougm@phs system, GDG, which includes several novel dynamic
has been active for many years [12]. These algosth graph layout algorithms based on the concept of
have typically been valued for their computationamaintaining the user's mental map. These algorithms
efficiency and the extent to which they conformpt@- incorporate parameters which allow us to adjust the

defined layout principles. Only recently has anypéfoal  extent of mental model applied. Two of these atbanis
work been conducted to determine the effect odre evaluated here.

conformance to these principles on user understgndi

[11]. Thg main_ focus of the_Graph Drawing re_searcﬁ_lz The User’s “Mental Map”

community is highly computational and algorithmécd.

[9,12]); the research reported here (and its prestsrs A dynamic graph layout algorithm is typically based

(eg.[11)])) is rooted within this community, whilaking a two separate criteria. The first is traditional tista

user-centric approach. aesthetics, such as node overlapping and edgeirgess
applied to each time-slice. The second is a dynamic

While static graphs remain applicable in a variefy criterion known as “preserving the mental map” e

applications, recent developments in graph layo@tructural cognitive information maintained by @wuss

research have concentrated on the layout of dynantfée graph changes between time-slices.

graphs, representing relational information thaanges the mental map is manifested in a variety of fesyr

over time. Examples of applications of such dynamif,qj,ding the preservation of orthogonality, clustand
processes include software engineering V'Sual'ﬂat"?topology [8]. In our work, we use the interpretatio

where graphs depict execution time behavior, changi broadly taken in [8] and treat the mental map & th

preservation of node position and by association,
preserving the position of the adjoining edges.

Keywords: Dynamic graph layout, mental map, empiric
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from the point of view of user understanding, it isbased on combining an implementation of the spring
preferable to maintain the mental map by presermimgde embedder algorithm [7] with the principle of the nted

position, conform to static layout aesthetics athetime-
slice, or make a compromise between the two.

2. Experimental Overview

We conducted two studies to investigate the infbecof

the mental map on human understanding. The major

difference between the two studies was the siz¢hef
graphs: the first study focused on graphs with

approximately 20 nodes and 25 edges; the second, on

graphs with approximately 80 nodes and 100 edpesket
will be referred to as the small and large studies
respectively. In the following discussion, methaxtptal
details of each study are the same unless statedwse.

map based omreserving node position between time-
slices, described in section 1. They proceed &swis!

1. Lay out the first time-slice according to the
spring embedder algorithm.
2. For each remaining time-slice

a. Derive a candidate layout according to the
spring embedder algorithm.
b. Allow the nodes to move from the previous

position towards the new candidate position,
but restrict the movement of the nodes either
by proportion or bygeometric distance.

The difference between the proportional and gedmetr
algorithms is at step 2b and is illustrated in Fégul, 2

and 3. Figure 1 shows the movement of the nodesrund
an unrestricted force-directed algorithm; Figurehdws

2.1 Experimental Procedure

their movement when restricted by proportion; fey@

shows their movement when restricted by geometric
The experimental procedure used was based on forngistance.

static graph layout experiments (e.g. [11]), usiug
online system to present the graphs, asking
participants to enter their answers to questionsthen
graphs and collecting error and time response daiia.
work was also informed by our experience from ou
previous study on a dynamic layout algorithm [10].

At the start of the experiment, tutorial and worked
example material was presented to each participant
familiarize them with the experimental tasks; a #nd,
the participants completed a ranking and qualiativ
guestionnaire. A within-subjects methodology wasdus
to reduce any subject variability, with the inctusiof
practise tasks and randomization controlling foe th
learning effect. User-controlled rest breaks werduded
throughout the duration of the experiment to adslasy
problem of fatigue.

th

We also needed to select experimental parameters

Force-directed algorithm
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new nocle position,
from force-directed
algorithm

determine the timing of the dynamic graph animation
Through pilot tests we determined appropriate spzeet
time parameters. Adjustments were made to thecdiffi

Figure 1: lllustration of force directed algorithm node

placement.

of the questions used to avoid ceiling and flodeds;
this will be discussed in section 3.3.

The only distinction between the small and largalists
was a longer delay for answering the question énldhge
study, dictated by results from pilot experiments.

To display the experimental tasks we used DynaGUES
a generic system for information visualisation
experiments developed during our previous work. |
facilitates easy preparation and customization mine
experiments using svg files, enabling the experiereto
set parameters controlling timing, randomizatiod eest
breaks. The data collected are the accuracy of th
guestion answers and the response time.

Method 1:
Vove node some proportion (0.7)
along the proposed line
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2.2 The Mental Map: Restricting Node Movement

Our studies evaluate two related generic graphugyo
algorithms. Both algorithms (theroportional restriction
algorithm and thegeometric restriction algorithm) are

Figure 2: Restricting movement by proportion.



Method 2: 3.1 Layout Conditions
Move node within a geometric distance
(30 pixels) along the proposed line These layout conditions were identical for the $raad
_ ) _ _ large studies.
Time-slice 1 Time-slice 2 PR We chose to set the proportional restriction
1 parameter to 0.2, 0.4, 0.6 and 1.0 to represent
(ﬁn};} high, medium, low and no mental map

(2 5,2. 75) /—"}' i (2.5,2.75) respectively.

B T e GR We chose to set the geometric restriction
e L) o M““H o parameter to 50, 100, 150 and 800 pixels to
oy ~Z P represent high, medium, low and no mental map
‘,JU pikel / respectively.

iy i
02, te,)
3.2 Graph Generation

Figure 3: Restricing movement by geometric distance
The generation algorithm begins by generating thst f
In each case, the first time-slice is laid out wiib spring time-slice with the specified number of edges ranigo
embedder algorithm. The second time-slice is alsdistributed between the specified number of nodéss
initially laid out with this algorithm but the momeent of corresponds to an Erdos-Reyni graph with randomemod
each node towards its new position is restrictedi@the G(n,p) [4]. In successive time-slices, a random Ipemnof
line of movement. Iproportional restriction (PR), thisis nodes and edges are added and removed up to the
a proportion [0..1] of the proposed movement. Imaximum specified by the relevant parameters.ribde
geometric restriction (GR), this is up to a maximum is removed, all its edges are also removed. Grapdis
geometric distance. In each case, a smaller paeameare not fully connected are permitted and orphateso
setting allows less movement and therefore a higharere removed.
mental map. Similarly, in each case a value thgbises
no restriction (a proportion of 1 or a very higlogeetric
limit respectively) is equivalent to simply applgirthe
spring embedder to each time-slice.

Since we presented both proportional and geometric
restriction algorithms together, we generated three
different graphs for each algorithm. This was tevent
familiarity with any particular graph.

Graphs were generated in advance, and each particip

3 Experimental Design in the study was shown the same set of generasgrhgr

The graphs used were randomly generated basedeon th

Experimental design decisions were identical foe thParameters shown in Table 1
small and large studies.

For each algorithm, we wused four conditions
corresponding tdigh, medium andlow mental map and a

Table 1: Graph generation parameters for small and
large studies.

zero mental map condition. For convenience, we Small Large
presented the four conditions for both algorithogether Study Study
in a single experiment, but separated the smalllamyg : -
graphs into two separate experiments. Number of time-slices 10 10
We randomly generated three dynamic graphs for epdhtial number of nodes 20 80
algorithm. Each dynamic graph was then laid QUhitial number of edges 25 100
according to the four mental map settings (highdiona, : .
low and none). The generation of the graphs will p¥lax. nodes added per time-slice 1 2
described in section 3.2. Max. nodes removed per time-slige 1 2
For each graph/condition combination we asked tw 5
guestions to evaluate the ability of our subjeats tﬁ)/lax. edges added per time-slice 3 8
understand different features of those graphs:tiiyérg | Max. edges removed per time-slige 2
nodes with the highest degree and identifying theet

Delete orphan nodes Yes Yes

slice that contains the shortest path between tedes
These questions were adjusted for difficulty baseaur
pilot studies. These questions will be describesdeiction
3.3.

In each complete experiment, there were 48 tasks (2
algorithms x 4 settings x 3 graphs x 2 question43¥
preceded by 16 practise tasks drawn randomly flose
48 with practise data discarded at the analysgesta

The graphs used are available at
http://www.dcs.gla.ac.uk/~hcp/edge/ syntaxsvgs.html



3.3 Questions.

Each layout was tested with two questions.

For the small study these were:

»  Which of these nodes has the most edges:
[yellow, green, red, purple] ?

* Inwhichtime diceisthe shortest path between
these two nodes: [yellow,green] ?

would have to find shortest paths between a latgeber
of scattered nodes.

Finally, we made sure that the correct answer only
occurred in a maximum of two time-slices, to redtlee
possibility of achieving a correct answer randomly.

The restrictions on the graphs were dictated by the
desired difficulty of the questions and meant t®teral
graphs were generated and subsequently discarded as

unsuitable. The most suitable graphs for the skbpath

guestion tended to be where the shortest path glioes

occur at the start or the end. We selected graphlkdth

the small and large study with shortest path qaestthat

had answers at the beginning, the middle and tkdeoén
the set of time-slices.

For the large study these were:

e Which of these groups of nodes of has the most
edges: [yellow, green, red, purple] ?
e In which time dice is the shortest path between
these two groups of nodes: [yellow,green] ?
It is not possible to anticipate all the uses ohalyic
graphs. These questions are intended to represght b
node and path based properties of graphs.
In both cases, and for both experiments, we ne¢ded
control the difficulty of these questions to avaieiling
and floor effects

3.4 Graph Display

Graph animations were generated in SVG format @] a
rendered using the Adobe SVG browser plugin for
Internet Explorer. Text at the top of the displaformed

Highest DegreeThe “most edges” question asks the usahe yser which time-slice is currently shown, orewtin
to find the node or group of nodes with the higltegiree  ransition between time-slices.

over all the time-slices.

For the small study, we chose four nodes from tlaply

coloured these yellow, green, red and purple akeéds
users to identify the coloured node with the highes
degree.

Figure 4a and 4b show screenshots from the smdll an
large graph experiments respectively.

For the large study, we choose four groups of nodes w w.
where each group contained five nodes each. Eadl n¢x & @i
group was coloured giving yellow, green, purple sed | From 2 -> 3
groups. We asked the users to identify the group thie
most degree overall: the sum of the degrees ofthall
nodes in that group.

ks and Settings |pzsibly Documents|svars... J | - B - - (shesge - ook -

In both cases, we controlled the difficulty of tipeestion
by varying the difference in degree between thevans
options. If the nodes or groups of nodes have aimil
degree, this makes the question more difficult.

Shortest Path.The shortest path question asks users f
identify the time-slice where there is the shortpath
between two nodes or groups of nodes.

The difficulty of this question is controlled byethength
of the shortest paths that appear in each time;stince
long paths are more difficult to follow. The diftilty is
also dictated by the variation between the lengththe
shortest path in each time-slice, because it iseeds
distinguish between shortest paths that have ategrea
variation in length. We controlled both these fasto
both studies. In the large study, we ensured tbdes
from the two groups were connected, otherwise, suser

Figure 4a: Screenshot from the small study, showing
the display between timeslices.

3 Ceiling and floor effects occur when questions @@
easy or too difficult respectively. If too many use
responses are correct or incorrect, it can becdiffito
distinguish between the influences of the different
conditions on user performance.



loix 4.1 Small Study
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. - rEr———— F S — Figures 5a and 5b show the overall errors for both

; : algorithms in the small study. Each bar represéims
Timeslice 1 of 10 average number of errors out of six over all pgréints:
three graphs each presented for two different gurest

Proportional Restriction Algorithm

6.00

5.00
4.00
o
S 3.00
i
2.00 +— —
— \
. S
0.00 T T T
High Medium Low None
1 e [ R e ot W Mental map condition

Figure 5b: Screenshot from the large study, showing

the display at a specific time-slice. Figure 6a: Errors for small study, average out of 6
proportional restriction algorithm.

3.5 Data Collection.

Geometric Restriction Algorithm

Participants were recruited from undergraduate an 6.00
postgraduate courses in the Computing Scieng 5.00
department, University of Glasgow. Each study udgd 4.00

participants at approximately one hour per paréicipNo
significant problems were encountered during thig
process.

3.00 +

Errors

2.00

1.00 — —

Our dependent variables were accuracy and respon
time. After the main study, we presented questioeea
asking for user preference on different layout dioals,

as well as other qualitative feedback.

0.00

High Medium Low None

Mental map condition

Figure 7a: Errors for small study, average out of 6

4 Results geometric restriction algorithm.

) ) ) ~+ The PR algorithm shows significance (F=3.6210
The assumption is that preserving the mental map is > F(4, 80)): the no mental map condition
important in understanding dynamic graphs [2,8]. produces fewer errors than the other three
However, as mentioned in section 1, preservatiothef conditions.
mental map could lead to poor layouts of later tstiees. «  The GR algorithm shows no significance.

We predicted that the best results would be acHidyea

medium mental map, where a compromise is made

between preserving the mental map and good layaiutsFigures 6a and 6b show the errors for the PR dhyuri
each time-slice. only, separated into questions. Each bar repregbnts

To analyse each set of these results, we usechdasth average errors out of three: three graphs for each
two-tailed ANOVA analysis, based on the criticalugs guestion.

of the F distribution, with a=0.05. In all cases,

conservative readings of the distribution were used

Where significance was found, we compared each

condition using Tukey’s pairwise analysis.

We found no significant results in timing data. fiéfere,
all the results presented here are based on usas,.er
comparing different mental map conditions.



Proportional Restriction Algorithm:
Highest Degree Question
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Geometric Restriction Algorithm:
Shortest Path Question
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Figure 8a: Errors: small study, proportional
restriction, average out of 3, highest degree quésh

Proportional Restriction Algorithm:
Shortest Path Question

Figure 11b: Errors: small study, geometric restricion,

average out of 3, shortest path question.

Neither graph shows any significance.

4.2 Large Study

Mental map condition

Figure 9b: Errors: small study, proportional
restriction, average out of 3, shortest path quesin

* The highest degree question shows no
significance.

e The shortest path question shows significance
(F=5.4189 > F(4, 80)): again, the no mental map
condition produces fewer errors than the other
three conditions.

3.00
2.50 .
Figures 8a and 8lshow the overall errors for both

» 2.00 . .
5 150 algorithms in the large study. Each bar represéms
TR average number of errors out of six: three grapthe

ool T presented for two different questions.

0.00 T T T I |

High Medium Low None Proportional Restriction Algorithm
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0.00

High Medium Low None

Mental map condition

Figures 7a and 7b show the errors for the GR alyori

only, divided by question. Each bar represents the

Figure 12a: Errors for the large study, proportional
restriction, average out of 6.

average number of errors out of three: three grdphs
each question.

Geometric Restrition Algorithm:
Highest Degree Question
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Geometric Restriction Algorithm
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Mental map condition

Figure 10a: Errors: small study, geometric restricton,
average out of 3, highest degree question.

Figure 13b: Errors for the large study, proportional
restriction, average out of 6.

» The PR algorithm shows significance (F=5.1303

> F(4,80)): the no mental map condition




produces fewer errors than the other three
conditions.

e The GR algorithm shows significance (F=5.4675

> F(4,80)): the high mental map condition
produces more errors than the other three
conditions.

Figures 9a and 9b show the errors for the PR dlguri

only, divided by question. Each bar represents th

average number of errors out of three: three grdphs
each question.

Proportional Restriction Algorithm:
Highest Degree Question
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Figure 14a: Errors: large study, proportional
restriction, average out of 3, highest degree quésh

Proportional Restriction Algorithm:
Shortest Path Question
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Figure 15b: Errors: large study, proportional
restriction, average out of 3, shortest path quesin

» The highest degree question shows significanc

(F=4.5973 > F(4,80)): The high mental map
condition produces more errors than the no
mental map condition.

e The shortest path question shows no
significance.

Figures 10a and 10b show the errors for the GRrigthgo

only, divided by question. Each bar represents the

average number of errors out of three: three grdphs
each question.

€

Geometric Restriction Algorithm:
Highest Degree Question
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Figure 16a: Errors: large study, proportional
restriction, average out of 3, highest degree quésh

Geometric Restriction Algorithm:
Shortest Path Question
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Figure 17b: Errors: large study, proportional
restriction, average out of 3, shortest path quesin

» The highest degree question shows no
significance.

e The shortest path question shows significance
(F=6.6423 > F(4,80)): the high mental map
condition produces more errors than the other
three conditions.

5 Discussion and Analysis

At first glance our results are disappointing. Givine
definition of the mental map as restricting the mment

of nodes [2,8], our algorithms seem to be a semsibl
choice.

However, in all cases where there is significartugh
mental map conditions produced the most errorsyoor
mental map conditions produced the least.

We can also make the following observations:

e It seems anomalous that the no mental map
condition performed differently under the PR
and GR algorithms. However, as described in
section 3.3 the two algorithms were applied to
different sets of graphs, and differences between
the graphs may account for the difference in
performance.



e This variation in graphs could also account fob.1 Conclusions
the difference in difficulty between graphs in the
small study. Graph variety was important towe have presented two new algorithms for dynamic
make the results from our experiment generic tgraph layout, with parameters based on preservieg t
different graph structures. user's mental map by restricting node movement. We
One explanation for the poor performance of thehhighave evaluated these algorithms on different mentg
mental map condition is that both the proportioaatl conditions using two different graph sizes. Thessults
geometric restriction algorithms can cause nodeave been analysed to investigate the importand@eof
overlapping, because restricting node movememaental map on user understanding.
interferes with the mechanisms used by the springur results seem to disagree with the accepted
embedder algorithm to prevent node overlappings Thunderstanding of the mental map [2,8]. We found tha
hypothesis is supported by several remarks in thgreserving the user's mental map by restricting enod
participant questionnaires which cite overlappiraies movement does not always contribute positively to
as the most important source of difficulty, parkéely in understanding, at least where this causes signtfisade
the large study. overlapping. In both studies, layout based puralyao

Another explanation could be that both the questior Stati(_: lf?‘yOUt algorithm applied to each time-slis&th no
have chosen are focused on the identification afeed "€Striction on node movement, produced the leastsr
properties in the graph. In [10] we found that preing We have identified some possibilities as to whyg thas

the mental map was only helpful in identifying peutar occurred, and suggest the development of a more
nodes by name. If a task requires a user to trthclodes, SOPhisticated notion of the mental map.

the mental map may be important to associatingde no

between time-slices. However, our study made nadas

task easy to track by applying a distinctive cojaunich 6 Acknowledgements

may have reduced the need for the mental map.
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