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ABSTRACT objectives of stakeholders, analysts need to devise, describe and

Decision making is an important part of early requirements analy-
sis. Analysts are faced with the task of describing a large number
of solutions to stakeholder problems and assess each of them with
respect to high-level objectives. Goal models are regarded to be
a useful tool for assisting this decision making activity through
explicating relationships among problems, criteria and solutions.
To visualize goal models, box-and-line diagrams have traditionally
been used. But are diagrams the best way to visualize decision
problems within goal models? In this paper, we consider two al-
ternative ways: tree-maps and common pie-charts combined with
bar-charts. In an experimental study we evaluate each with respect
to whether they can help participants identify optimal alternatives
accurately, quickly and confidently. We find that, for at least one of
the introduced visualizations, participants tend to respond faster,
more confidently and more accurately than when using traditional
goal diagrams. The result calls for rethinking the way we visually
present goal models and for further experimentation on the matter.
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1 INTRODUCTION

Exploring alternative designs and making decisions is an important
activity of requirements engineering. While eliciting high-level
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compare various design solutions that can potentially meet these
objectives. Most often, solutions have conflicting qualities: while
one solution might fulfill one objective satisfactorily, it falls short of
meeting another. The reverse may be true of an alternative solution.
Analysts and their stakeholders are, therefore, in need of methods
to represent and reason about such trade-offs and finally make a
decision that is weighted by the most important objectives.

Goal models [3, 8, 31] have been proposed as an effective way
of exploring decisions in requirements engineering problems [25].
Such models allow concise representation of a great number of
alternative ways by which high-level objectives can be met. They
also show how each alternative would affect, if chosen, the fulfil-
ment of higher level stakeholder objectives. Various approaches
have been proposed for modelling the contribution of alternatives
to objectives [2, 8, 18, 31] and several techniques for formalization
and automated reasoning of such contribution structures have been
introduced (e.g., [2, 8, 12, 18-20]) that allow calculation of optimal
solutions given expressed stakeholder priorities.

While an automated reasoner can provide us with lists of good
solutions, its output alone might not be sufficient for allowing the
participants of a requirements analysis process to comprehend the
decision problem itself and its various parameters, so to, for ex-
ample, better explain why the reasoner generates the particular
solutions. Diagrammatic goal model representations have been con-
sidered to be potentially suitable for this problem exploration task
[12]. Nevertheless, different ways of visualizing decision problems
similar to the ones that goal models imply have long been intro-
duced in the literature [23, 32]. At the same time, it is proposed that
different ways of representing the same decision problem may lead
to different levels of performance depending on the task at hand
(e.g., [7, 29]). Thus, whether box-and-line goal diagrams are the
best way for comprehending various aspects of the goal structure
seems to be an open question.

In this paper we experiment with two alternative ways for vi-
sualizing decisions modeled with goal models. These are (i) a com-
bination of a bar-charts and pie-charts and (ii) treemaps. We first
discuss the two main quantifiable concepts that are relevant for
comprehending decisions within goal models: performance of low-
level goals with respect to high-level goals and relative importance
of high-level goals. Then, we show how these quantities can be
mapped to visual variables of the proposed visualizations, such as
size, color and brightness.

To test whether the introduced visualizations merit considera-
tion, we performed an experimental study with participants from
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Figure 1: A Goal Model Represented as a Diagram

the University student community. We measured whether partici-
pants could identify optimal alternatives by simply looking at the
corresponding visualizations. We found that for one of the intro-
duced visualizations, the pie- and bar-charts, participants were in
many circumstances more accurate than those who used traditional
goal diagrams as well as quicker in making the decision. The results
seem to indicate that visualizations of the sort we introduce in this
paper can enhance an individual’s ability to understand a decision
making problem during requirements analysis, and can become
a useful add-on for goal modeling tools, thereby increasing their
appeal to the practicing analyst.

We organize the paper as follows. In Section 2 we show how goal
models can be used for decision making. In Section 3 we describe
our visualizations. In Section 4 we describe our experimental design
and results. We discuss related work in Section 6 and conclude in
Section 7.

2 BACKGROUND
2.1 Goal Models as Decision Structures

A goal model of the variety we consider in this study can be seen
in Figure 1 - the example domain is meeting scheduling inspired
by Mylopoulos et al. [25]. Alternatives are represented through
an AND/OR decomposition tree of hard-goals (ovals). A separate
hierarchy of soft-goals — goals that are not precisely defined, rep-
resented as clouds — acts as decision criteria. Each alternative of
the AND/OR decomposition implies different types and levels of
influence to these criteria. This is possible through contribution
links that originate from the main AND/OR decomposition and
target the soft-goal hierarchy.

A few approaches have been proposed with regards to the form
and semantics of such contribution links [2, 8, 18, 31]. In the model
of Figure 1 a quantitative approach very similar to that of URN [2] is
followed. Contribution labels are drawn from the real interval [0, 1],
0 implying no contribution and 1 implying maximal satisfaction
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contribution of one goal to the other. The labels of the contribution
links serve to represent the share of contribution each origin goal
has to the satisfaction of the destination goal.

It has been shown [18, 21] that this restricted form is isomorphic
to a family of AHP (Analytic Hierarchy Process) decision problems,
where the soft-goal structure constitutes a common criteria hierar-
chy and each OR-decomposition a separate decision problem. As
such, the problems of elicitation and aggregation of weights are
reduced to the classic pair-wise AHP comparisons and subsequent
construction of simple nested linear combinations. We have demon-
strated that such systematic elicitation is feasible and scalable [18].

2.2 Computing Optimal Alternatives

Given the contribution labels of Figure 1 each solution of the
ANDY/OR tree is associated with a level of satisfaction of each soft-
goal in the soft-goal hierarchy, with respect to each OR-decomposition.
Calculation is possible through traversing the soft-goal hierarchy
from the bottom-up and linearly combining satisfaction values us-
ing the weights from the contribution links. More formally, let G
be the set of all goals in the model, C(g) be the set of elements
g’ such that there is a contribution link from ¢’ to g. Let also
Sat(g) : G — [0, 1] represent the satisfaction value of goal g. The
satisfaction value of a goal g is simply calculated as:

Sat(g)= ). (Sat(g') - wgr—g) (1)

g'€C(g)

where wg 4 is the weight of the contribution link from ¢’ to g.
An alternative, i.e. a solution of the AND/OR tree, comprises of a set
of choices in every OR-decomposition of the tree, starting from the
top. Considering each decomposition separately, when a choice, i.e.,
one of the OR-subgoals gs, is considered as part of the alternative,
we assign it maximum satisfaction value Sat(gs) = 1, leaving every
other choice in the OR decomposition with minimum satisfaction
value 0. As such, a recursive application of formula (1) from the hard-
goals of the OR decomposition upwards the soft-goal tree allows for
calculation of the satisfaction value of every soft-goal for the choice.
If there is a unique root soft-goal — e.g., Overall Scheduling Quality
in our example — this value constitutes a global fitness score for
the OR-decomposition choice. In the more common case in which
there are many top level goals - i.e., the decision makers do not
want to include an Overall Scheduling Quality root goal and thereby
avoid commitment to a preference between Reduce Scheduling Effort
and Quality of Schedule — each such calculated satisfaction value
constitutes the fitness score for the OR-decomposition choice with
respect to the soft-goal in question, to be used for comparison with
other top level goals.

In Figure 1, for the alternative Manually in the Choose Schedule de-
composition Sat(Quality of Schedule) = 0.17-[0.5-Sat(Manually) +
0.5-Sat(Automatically)]+0.83-[0.8-Sat(Manually)+0.2-Sat(Automa-
tically)] = 0.17-[0.5-1.0+0.5-0.0] +0.83- [0.8 - 1.0+ 0.2 0.0], to be
compared with 0.17-[0.5-0.0+0.5-1.0] + 0.83- [0.8- 0.0+ 0.2 1.0]
for alternative Automatically. In this way, by identifying such indi-
vidual optimal choices for every OR decomposition in the diagram,
we, in practice, construct the optimal alternative, i.e., solution of
the AND/OR tree, for the entire model in a piecemeal fashion.
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2.3 Performance and Importance

Looking more closely at the contribution links of the model of
Figure 1 allows us to distinguish two kinds of such contributions.
The first of these shows how, if at all, each hard-goal contributes
to the satisfaction of the soft-goals. Consider a soft-goal g that
receives a contribution from hard-goal ¢’. The weight wg/ 4 of the
contribution link from ¢’ to g corresponds to what we will call the
performance pr(g’, g) of the hard-goal g’ with respect to soft-goal g.

A second kind of information encoded in the diagram is the rela-
tive importance of soft-goals. In the figure, satisfaction of soft-goal
Degree of Participation, for example, is more important than satisfac-
tion of soft-goal Minimal Conflicts with respect to the satisfaction
of goal Quality of Schedule. Consider the path from a soft-goal g’ to
any of its ancestors g in the soft-goal hierarchy. Let also wi, wo, . ..
be the labels of each contribution link on that path. We define the
importance ir(g’, g) of g’ with respect to g as ir(¢’,g) = [];(wi).
For example, the importance of Minimal Conflicts with respect to
Quality of Schedule is 0.17. The importance of Minimal Conflicts
and with respect to Overall Scheduling Quality on the other hand
is 0.17 - 0.75 = 0.1275. If the soft-goal with respect to which im-
portance is calculated is the root goal, as in the latter example,
then we refer to the absolute importance — or simply importance
— ir(g) of soft-goal g. Note that while different alternatives have
different performance with respect to a soft-goal, the importance
of the soft-goal remains the same irrespective of alternatives.

2.4 Symbolic and Spatial Representations

A goal diagram such as that of Figure 1 offers us one way for visu-
alizing a goal model. The literature, however, seems to suggest that
not all visualizations for such problems are equally effective. The
theory of cognitive fit, in particular, suggests that humans perform
cognitive tasks more quickly and more accurately when the way
information is structured matches the structure of the task at hand
[16, 29, 30]. According to the theory one can distinguish between
two types of tasks. One is symbolic tasks in which individual data
values are handled (searched for and extracted). In our case a sym-
bolic task is to learn the exact value of a contribution link between
two goals. Symbolic tasks are best supported using symbolic repre-
sentations, tables being the most frequently cited one. Another type
of tasks are spatial tasks which require high-level assessment of a
set of data focusing on identifying relationships, making associa-
tions and interpolating values [29]. Spatial tasks are best supported
by spatial representations such as graphical representations which
visualize relationships between data values, allowing users make
holistic assessments about the data.

The decision comprehension and exploration problem that goal
models pose to users, is one of evaluating ways to achieve goals
(good solutions) subject to higher level objectives. This task can
be seen as spatial, in that multiple criteria importance and alter-
native performance data values need to be aggregated and com-
pared with one another. In traditional goal diagrams, while goals
and how they relate to one another are, of course, represented
spatially/graphically, the contribution weights are, as we saw, rep-
resented symbolically. Users need to locate individual symbolic
representations (i.e., contribution labels) and perform mental calcu-
lations to combine and compare them. There is, thus, room for a

hypothesis that there is a mismatch between the task at hand and
the representation, implying that there might be a visualization
alternative to goal models (or a way to extend the diagrammatic
one) that can allow users to be more effective in this task.

Several techniques for visualising decision problems have been
investigated in the literature. Gettinger et al. for example [7] study
parallel coordinate plots (PCPs) and heatmaps and empirically com-
pare them to tables. They report mixed results with regards to the
effect of representation, although PCPs were found to induce a
significantly different decision process in the short term. Miettinen
[23] demonstrates uses of bar-charts, spider-web charts and value
paths (i.e., parallel coordinate plots) and other visualizations for
representing alternatives and criteria. In bar-charts, which are of
specific interest here, clusters of bars represent alternatives or crite-
ria and the bars within the cluster represent criteria or alternatives,
respectively. In either case, the length of a bar in the cluster repre-
sents the performance of the (resp. each) alternative with respect
to each (resp. the) criterion. Treemaps [14] are also known to have
been used for financial decision support [32] and for representing
Analytic Hierarchy Process (AHP) problems [4]. In the latter case,
the treemap includes both a hierarchy of the decision criteria and, at
the leaf level, the alternatives themselves, all sized according to their
relative importance and, in case of alternatives, performance. The
representations we experiment with in this paper, namely charts
and treemaps, borrow from these ideas as we describe below.

3 VISUALIZING ALTERNATIVES
3.1 Charts

In the first alternative visualization we use a combination of two
types of popular graphs: pie-charts and bar-charts. For the sake
of convenience, we refer to the combined visualizations as charts.
Pie-charts are used to represent the relative importance of soft-
goals. Bar-charts represent the performance of alternatives to the
leaf-level soft-goals. An example of this visualization can be seen
in Figure 2.

The pie-chart on the upper part of the figure consists of a set
of concentric disks. Each disk represents a level of soft-goal de-
composition. Hence, the disk at the center represents the top-level
decomposition. As usual in pie-charts, the disk is divided in sectors
the relative size of each of which is a representation of the relative
importance of the soft-goals represented. The ring that surrounds
the core pie-chart, offers more detail as to how satisfaction of each
soft-goal of the core pie-chart is shared among its children in the
decomposition. Again, each soft-goal ¢’ is represented through a
ring sector, whose size (in terms of its central angle) relative to the
size of the corresponding inner sector represents the importance
ir(¢’, g) of the soft-goal g’ with respect to its parent goal g. On the
other hand the size of the sector relative to the entire disk is a rep-
resentation of the absolute importance ir(g) of the corresponding
soft-goal g. Thus, as we move outwards from the center to the outer
rings, we represent relative and absolute importance of soft-goals
that occur lower in the soft-goal hierarchy. Note that each soft-goal
is represented through a different color in the pie-chart. Moreover,
children of a soft-goal are associated with a higher value of the same
hue, i.e., are a lighter version of the color of the parent soft-goal.
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Figure 2: Bar- and Pie-chart

In Figure 2, the top level decomposition of the goal model of
Figure 1 is represented through the central disk. As ir(Quality of
Schedule) = 0.75, the sector of the disk corresponding to that goal
occupies 75% of the disk. The sector of the outer disk that aligns with
the sector of Quality of Schedule is divided into two sub-sectors for
the two children of Quality of Schedule, namely Minimal Conflicts
and Degree of Participation. Given that ir(Minimal Conflicts,Quality
of Schedule) = 0.17 the corresponding sub-sector occupies 17% of
the inner sector. On the other hand, the sub-sector occupies 12.75%
of the entire disk, since ir(Minimal Conflicts) = 0.17 - 0.75 = 0.1275.

The bar-chart represents an OR-decomposition of the goal model
and consists of clusters of bars. Each cluster is a representation of an
alternative. Each bar in the cluster represents the performance of the
alternative with respect to a soft-goal; the value of the performance
represented by the length of the bar. The soft-goals that are referred
to in each bar are identified by their color and order in which they
appear in the cluster as well as using a legend. The color used to
represent a soft-goal in the pie-chart matches the color with which
the soft-goal is associated in the pie-chart. The bar-chart of Figure
2 represents the decomposition Choose Schedule. Focusing on the
cluster that represents option Manually, the first bar represents
the performance of Manually with respect to the soft-goal Minimal
Conflicts, thus, pr(Manually, Minimal Conflicts) = 0.5 in agreement
with the goal diagram (Figure 1).

3.2 Treemaps

A second visualization we consider is treemaps [14]. Two such
treemaps can be seen in Figure 3. A treemap is essentially a rectan-
gle containing other rectangles. Containment of one rectangle in
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Figure 3: Treemap

another implies that the former is of a lower level than the latter
in some conceptual hierarchy. In our case, each rectangle in the
treemap represents a soft-goal in the soft-goal hierarchy and each
rectangle that is contained in it represents a child of that soft-goal
- which is also a soft-goal. When a soft-goal has no children in the
soft-goal hierarchy the corresponding rectangle does not contain
other rectangles. A label inside every rectangle is used to convey
its association with the corresponding soft-goal.

The size (in terms of area) of a rectangle with respect to the size
of its container rectangle is relevant in treemaps. In our case, the
ratio of the size of a rectangle representing goal g’ over the size of
a containing rectangle representing higher-level soft-goal g is set
to be ir(g’, g). Thus the relative size of a rectangle representing a
goal compared to e.g. the outer rectangle or just its parent, is a rep-
resentation of the importance of the goal or the relative importance
with respect to the parent soft-goal, respectively.

In the treemaps of Figure 3, the rectangle Quality of Schedule
consists of two smaller rectangles labelled Degree of Participation
and Minimal Conflicts. The first occupies ir( Quality of Schedule)
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of the treemap, i.e., 75% of the total area. The sizes of the latter
contained rectangles with respect to the parent rectangle are re-
spectively ir(Degree of Participation, Quality of Schedule) = 0.83
and ir(Minimal Conflicts, Quality of Schedule) = 0.17.

To represent a decision in an OR-decomposition we associate
each choice of the OR-decomposition to a treemap and we draw
and present all corresponding treemaps together. Color is used to
represent the performance of each choice to each of the soft-goals
of the treemap. Thus, the value (light or dark), hue, or both, of a
leaf-level rectangle are associated with the performance pr of the
choice the treemap represents with respect to the soft-goal that
is represented by the rectangle. Hence, every OR-decomposition
is represented by a group of as many treemaps as the choices of
the decomposition, each with the same sizes of rectangles, since
the soft-goal hierarchy is the same, but with different colors, as the
performances of the choices with respect to soft-goals normally
differ.

In Figure 3, an OR-decomposition of 2 alternatives is presented
in form of treemaps. As such, there are two treemaps with same
rectangle sizes and different colors. In the treemap representing
choice Manually, rectangle representing Degree of Participation
is significantly dark, implying that the alternative performs well
with respect to the soft-goal. A legend shows the association of
the value/hue level with pr. The corresponding rectangle in the
treemap for choice Automatically, though, is light green, which
according to the legend corresponds to a smaller pr value, as indeed
is the case for that choice with respect to Degree of Participation.

For generating the treemaps we use M. Tennekes’s implementa-
tion in R ([28]). For color, we associate a light yellow with pr(-,-) = 0
and dark green pr(-,-) = 1.0; values between those extremes are
mixes between the two colors.

4 EXPERIMENTAL STUDY
4.1 Goals

To understand whether the two visualizations we introduce have
merit with respect to perceiving optimal solutions compared to dia-
grams, we perform an experimental study with human participants.
The goals of our study are three:

Accuracy. Assess which visualization leads to correct identifi-
cation of the good quality alternatives, through simple exposure of
participants to the visualization.

Efficiency. Understand the effect of visualization to the time it
takes to perform the above task.

Confidence. Understand whether the degree of confidence of
the participants with respect to their selection of good alternatives
is affected by the presented visualization.

4.2 Experimental Design

4.2.1 Design Overview. To fulfill the above objectives, we first
devised a number of models to be tested using different visualiza-
tions. The models come from three different domains: choosing an
apartment to live, choosing a course and choosing a means of trans-
portation. We chose these domains to ensure that our participants
(University students) work on problems with which they have some
familiarity, allowing the experimental tasks to be appreciated as
realistic decision problems.

For each domain we devised three different model structures.
The structures are of the form we discussed above, i.e, they all
imply a ranking of alternatives from the best to the worst based on
a top level root soft-goal. They all include one OR-decomposition.
The three structures have different sizes: a small (6 soft-goals, 2
alternatives), a medium (7 soft-goals, 3 alternatives) and a large
(9 soft-goals, 4 alternatives). For each structure we devised three
randomly generated sets of weights, henceforth weightsets. During
sampling of the weightsets we ensure that the difference between
the total score of the optimal and the second optimal choice are in
the interval (0.09,0.11) in small and medium size models and in
(0.19,0.21) in larger models. We did this to avoid models whose opti-
mal solution is very obvious, while for complex models specifically
we keep solutions of the exercise attainable. Finally, the samples are
such that they could have resulted from consistent (Consistency Ra-
tio, CR<0.1) AHP pair-wise elicitation processes. To acquire random
weightsets fulfilling these criteria, specially designed search scripts
were developed. For each combination of structure and weightset
we developed each of the three visualizations. Thus, in total (3
domains)x(3 structures)x(3 weightsets) = 27 separate models were
constructed, each represented in 3 different ways, goal diagrams,
charts and treemaps, resulting in 81 separate visualizations.

We expose the models to the experimental participants in a
between-subjects fashion with respect to the type of visualization.
Thus, the participants are randomly split into three groups: the first
works exclusively with goal diagrams, the second on charts and
the third on treemaps.

The tasks the participants perform for each model are as follows.
First, training videos about decision making (criteria and alterna-
tives), the visualization they are assigned, and the domains are
presented to them. Then they are shown the visualizations and
for each they are asked: (a) to rank the alternatives in the model
from the best to the worst and (b) to select how confident they
feel about their response through a 4-level Likert-type scale (Very
Confident, Confident, Unconfident, Very Unconfident). The time they
spend on each model is also measured; no time limit is set. They
repeat this task for each of the 9 models of each complexity level
(small, medium, large). In other words, they repeat the task for all
27 available models in a given visualization.

Note that while domains and weightsets are provided in random
order, complexity levels are given in fixed increasing complexity
order. This obviously introduces an ordering effect, which is here
deliberate: rather than making statements about the effect of model
complexity in isolation, we want to examine whether the partici-
pants become quickly familiar with the visualization as they use
it. Our question is whether increased familiarity with each visual-
ization “beats" the increased level of complexity or the other way
around, and whether there are differences in that process between
visualization choices.

4.2.2  Participants and Groups. Participants are students of York
University. Most of them were attending two 3rd year Information
Technology classes from which they were recruited through an-
nouncements in class and mailing list. Additional participation was
solicited from students outside the classes. A small monetary award
($35 CAD) was awarded to those with the most correct answers
in the least amount of time. The instrument was administered in a
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classroom in afternoon or evening sessions with the authors super-
vising the process to ensure that participants focused on the task
and were devoid of distractions.

5 RESULTS
5.1 Sample Characteristics

A total of 129 participants were recruited for this experiment. Of
these, 13 participants did not understand the task or had difficulty
using the task’s drag-and-drop feature. This was assessed by a
questionnaire following the instructions video. The remaining 116
cases are used for the analysis. They are 80 males and 36 females,
their ages are mainly 21-29 and their field of study primarily Science,
Technology and Engineering. Fields such as Humanities, Health
Sciences and Social Sciences are also represented in the sample. Of
all participants, 40, 38 and 38 are assigned to goal diagrams, charts
and treemaps, respectively.

5.2 Analysis Approach

We analyze the data from our experiment using a standard 3 X 3
mixed-factorial design: one between-subjects (visualization choice)
and one within-subjects factor (complexity level), each with three
levels. First an overall effect is sought in each of the factors and their
interaction. Wherever interactions are discovered, simple effects
are sought by fixing the within factor (complexity) to a specific
level and looking for differences between groups (visualization).

A summary of the acquired data can be seen in Figure 4. The F
statistic is calculated in search for statistically significant (p < 0.05)
effects. In the particular case of between group effects (overall com-
parisons of visualizations), due to the presence of heteroscedacity
in the data, we apply Kruskal-Wallis’ non-parametric test as well as
Welch’s W, which is a parametric modification of the F-test that is
tolerant to heteroscedacity [22]. For the within-subjects factor (com-
plexity level), we follow a multi-variate approach which does not
require homogeneity of variance or sphericity [22]. In the case of
simple effects, i.e. effects per complexity measure, heteroscedacity
is dealt with transformations: accuracy measures are represented
by their square root, time by its log, and the confidence measure by
its third power. For simple effects, we generate confidence intervals
for post-hoc comparisons. R is used for the analysis.

5.3 Accuracy

Recall that the experimental models are crafted in a way that the
alternatives can be ranked from the best to the worst based on the
evaluation technique we described in Section 2. Our first response
variable reflects the degree by which experimental subjects iden-
tify this ranking correctly. We consider two different measures for
accuracy. In the first one, which we call ranking identification, we
calculate the Kendal Tau [17] correlation between the authorita-
tive ranking of alternatives —i.e., the one calculated based on the
evaluation formulae of Section 2 — and the ranking supplied by the
participants. We calculate this for every response and add them
up for each participant and complexity level - so (3 domains)x(3
weightsets) = 9 different numbers added. In the second one, we
consider only the top alternative selection — i.e. we compare the au-
thoritative best with the best identified by the participant ignoring
the other alternatives.
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Figure 4: Box Plots of Main Measures

5.3.1 Ranking Identification. In terms of ranking identification,
there are significant (p < 0.05) main effects of the chosen vi-
sualization - Kruskal-Wallis H(2) = 13.36,p < 0.01 (Welch’s
W(2,72.7) = 5.71,p < 0.01), meaning that the choice of visual-
ization affects the ability of participants to specify the rankings
of optimal solutions. The level of complexity also has a very sig-
nificant effect F(2,112) = 145, p < 0.01 on ranking identification.
Interestingly, visualization and complexity level seem to have a
statistically significant interaction F(4, 226) = 3.75,p < 0.01. This
means that the level of complexity seems to affect success rate in
different ways for different visualizations.

To further examine these interactions, we follow the simple
effects approach we described above in which we fix different levels
of the complexity factor and study effects of the visualization factor.
Considering simple models only, none of the spatial visualizations
(treemap or chart) lead to better performance than the goal diagrams
with significance — charts do so with marginal significance p =
0.07 (Dunnett post-hoc). Moving on to medium-size goal models
however, we observe that charts become significantly p = 0.04 more
effective than diagrams (Dunnett post-hoc). In complex models
charts also appear to perform better than diagrams, albeit with
p = 0.08 in the Dunnett tests, above our 0.05 threshold. The 95%
family-wise confidence intervals of the left side of Figure 5 shed
more light on these effects. Chart, Tree and Diag. represent charts,
treemaps and goal diagrams, respectively. We observe that we can
be reasonably confident that charts are consistently better than
diagrams, while we remain inconclusive for treemaps.

The question of whether complexity level affects negatively suc-
cess in rank identification has a negative answer. As Figure 6 demon-
strates, this success increases with complexity for all visualizations,
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meaning that as participants get more and more familiar with the vi-
sualization, model size does not deter them from finding the correct
answers.

5.3.2  Top Alternative Selection. If we restrict our focus to com-
paring how many times the participants’ top choice matches that
of the evaluation algorithm, we see similar results. There are sig-
nificant main effects both due to the visualization — Kruskal-Wallis
H(2) = 19.27,p < 0.01 (Welch’s W(2,73.04) = 6.32,p < 0.01) - and
due to the complexity level F(2,112) = 46.57,p < 0.01 as well as a
significant interaction F(4, 226) = 5.54,p < 0.01.

Moving on to simple effects, in Figure 5, right side, the confi-
dence intervals comparing visualizations for each complexity level

Ranking Identification Score

Medium Corﬁplex

Complexity Level

Simple
Chart -~ Treemap

Goal Diagram

Figure 6: Ranking Identification: Visualization vs. Complex-
ity
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Figure 7: Confidence Intervals for Response Time and Re-
sponse Confidence

can be seen. As with rank identification, for simple and complex
models charts appear to be more effective than diagrams to a near-
significant level. For medium complexity the effect is statistically
significant.

5.4 Response Time

Response time is measured as the time difference between loading
of the screen with the visualization and the question, and the time
that the participant clicks to proceed to the next page. We add
up the response times of the nine (9) tasks associated with each
combination of visualization and complexity level, and perform our
analysis using these totals.

Analyzing differences in response time across visualizations we
also observe significant main effects due to the chosen visualization
H(2) = 44.14,p < 0.01 (Welch’s W(2,70.3) = 15.36, p < 0.01) and
due to complexity level F(2,122) = 11.71,p < 0.01 as well as some
interaction between the two factors F(4,226) = 2.39,p = 0.052.
Confidence intervals per complexity level can be seen in Figure 7.
Participants generally respond with treemaps and charts quicker
than with goal diagrams, and this can be claimed with statistical sig-
nificance for treemaps. Figure 8 shows the effect difference in min-
utes, averaged for individual tasks. In non-simple cases Treemaps
take nearly half as much time as goal diagrams and charts take
from 2/3 to 3/4 as much time.

With regards to the effect of complexity, if we normalize response
time for model size, measured using average number of contribution
links in the model, the time spend per such link is 2.3, 1.93 and
1.54 sec/link for simple, medium and complex models, respectively.
It, thus, reduces as model size increases. As seen in Figure 9, the
effect is observed in all visualizations. If participants had followed
precise mathematical or other systematic procedures for ranking
the alternatives, we would have likely observed the opposite effect:
time spent per link would at least stay constant, if not increase,
as complexity of the overall task at hand increased. Instead, the
decreasing time we actually observed allows us to hypothesize
that participants seem to use cognitive processes of a lower level
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when confronted with larger models. Moreover, as we saw, this
strategy does not seem to compromise accuracy in any of the three
visualizations.

5.5 Response Confidence

Participants confidence on their answer is acquired through a four-
value rating scale. The responses are mapped to the values {-3,-
1,+1,+3} which are in turn treated as an interval scale, as widely
done in practice [27]. As in the case of accuracy and time, we sum up
the nine (9) values provided for each combination of visualization
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Figure 10: Response Confidence per Visualization and Com-
plexity

and complexity level, and perform the analysis with the resulting
total.

As with the previous measures, confidence also presents us with
significant effects both due to visualization H(2) = 19.92,p <
0.01 (Welch’s W(2,74.74) = 4.91,p < 0.01) and due to complexity
level F(2,112) = 30.5,p < 0.01. There is no statistically significant
interaction.

The 95% family-wise confidence intervals are seen in Figure 7.
We observe that participants are in all cases more confident in
their responses with the charts than with the goal diagrams. That
cannot be said about treemaps. Finally, as complexity increases,
despite the participants getting more familiar with the visualization,
the confidence ratings drop (Figure 10). The differences between
visualizations seem to amplify as complexity increases, with goal
diagrams performing the worse.

5.6 Summary and Interpretation

We can summarize the above results as follows. As expected in
theory, in almost none of the cases or measures does diagrammatic
representation outperform the other two visualizations. Of the
latter, it is charts that seem to lead to significantly more accurate
responses, that are moreover arrived at in less time and with more
confidence compared to goal models. Treemaps do not prove to be
more accurate or confidence-inspiring than diagrams but elicit a
response quicker. The superior performance of charts over treemaps
can probably be hypothesized to be due to the familiarity of subjects
to the former. Further, as model size increases, confidence in the
response decreases irrespective of visualization. More surprisingly,
accuracy increases with model size for all visualizations, which
might be due to various factors including increased familiarization,
or, more intriguingly, decreasing reliance on mental math or other
high-level cognitive processes; the latter interpretation also not
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contradicting with the fact that response time normalized for model
size declines as model size increases.

5.7 Validity Threats

Like any experimental study, ours is also subject to various validity
threats, which we take up in this section.

5.7.1 Statistical Conclusion Validity. Our statistical analysis ap-
proach is based on Multivariate ANOVA (MANOVA) followed by
univariate tests for specific effects; these tests assume normality,
independence of individual errors and homogeneity of variance.
The tests are known to be robust to violations of normality [22],
especially when sample sizes are relatively large, as in our case
[15]. We could further find no reason to believe errors might be
dependent. Homogeneity of variance, nevertheless was an issue in
some of our measures which we approached through transforma-
tions (checked through Levene’s tests) or applications of Welch’s
W, which is tolerant to the phenomenon.

5.7.2  Internal and Construct Validity. Internal validity concerns
our ability to establish causality between dependent and indepen-
dent variables. As we saw, our choice to progressively increase com-
plexity level instead of completely randomizing it within groups
was conscious to allow us to test learnability of the visualization
against complexity. The effect of fatigue, however, as an additional
factor detrimental to performance vis-a-vis complexity level cannot
be quantified and must be seen as a subject for future investigation.
Nevertheless, a fatigue effect cannot affect our results with respect
to visualization choice which is a between factor.

A factor with stronger potential to influence the between-subjects
effect is the training videos. The video training method (versus live
classroom sessions) was chosen to exactly control for this factor.
The script of the narrator in the video is exactly the same across
the three visualizations, with necessary differences to describe the
different visualizations. The narrator’s voice is also the same across
groups. All videos use the exact same running example. Importantly,
directions on how to make decisions using the given visualization
were presented as high-level requirements rather than specific meth-
ods. Thus, the participants needed to find out by themselves how
to make decisions using the visualizations. Despite these efforts to
control for the effect, its absence cannot be guaranteed without a
follow-up.

An additional point is the subjects’ possible unequal familiarity
with the visualizations. It can specifically be argued that participants
were likely more familiar with charts than with goal diagrams at
the time of the experiment — as the former are more commonly
used in day-to-day life — which may be why the results tended
to favor charts. We, however, see this as a plausible explanatory
viewpoint, mostly threatening the cognitive fit explanation rather
than the visualization’s attractiveness: if charts bring with them
the advantage of wide familiarity among decision makers, so be it,
as long as they perform better in practical use.

In terms of construct validity, one should be conservative as to
what our accuracy test measures. For instance, we cannot draw gen-
eral conclusions about comprehensibility which is a more complex
concept. The operationalization also does not measure decision
quality, in that the participants do not make a decision but rather

detect an optimal decision within a model constructed based on
e.g., somebody else’s preferences and performance evaluations.

5.7.3 External Validity. Generalization potential also deserves
some discussion. We assume that our sample, mostly students of IT,
is a good enough proxy of a population that may use goal models
for making decisions. Although this population is commonly as-
sumed to be requirements analysts, there is a reasonable aspiration
that goal models are to also be used by arbitrary stakeholders; i.e.,
the sources of requirements and the final decision makers. We intu-
itively assume that the population of the latter is not much different
compared to the one we draw from. We note that we could not find
data on the average background of either practicing requirements
analysts or real stakeholders/decision makers, on which to base a
comprehensive assessment with regards to this validity aspect.

A more challenging generalization is on the types of goal models
we consider, which have distinct features: they are hierarchical
(acyclic), contain one OR-decomposition and one top-level goal.
We, firstly, support that acyclic soft-goal hierarchies, which are an
assumption of the evaluation theory we adopt, are capable of captur-
ing useful and realistic soft-goal contribution structures. Adoption
of a different satisfaction propagation and aggregation theory, such
as that of Giorgini et al. [8], can indeed produce different results
and need to be investigated in a future study. Furthermore, the
presence of one root soft-goal — which aggregates a number of
top-level goals hence reducing multiple criteria to one — and one
OR-decomposition are simplifications necessary for maintaining
experimental feasibility. Nevertheless, even for larger models with
more OR-decompositions and many top-level goals, the essence of
the decision making tasks is similar as far as visualization quality
is concerned: analysis takes place one OR-decomposition at a time,
with respect to, in turn, one top level goal at the time. Thus, the
nature and difficulty of the decision-making tasks that the experi-
mental models afford does not seem to be much distant from the
ones that are afforded by larger practical models.

6 RELATED WORK

Visualization has been argued to be an important aspect of re-
quirements engineering [1, 10]. The question regarding whether
a diagramatic approach is effective in supporting comprehension,
problem solving or other tasks has attracted considerable attention
in the research community. For example, several studies investigate
the comprehensibility of diagrammatic notations such as UML state
diagrams or ER diagrams [6, 26].

In goal modeling specifically, there has been effort toward un-
derstand how goal diagrams can support comprehending the re-
quirements problem and, by implication, making relevant decisions.
Gonzalez-Baixauli et al. introduced a tool for visualizing qualities
and characteristics of alternatives within goal models [9]; the tool
employs a variety of visualization techniques including pie-charts,
bar-charts and tree views. Horkoff and Yu propose and evaluate
an interactive evaluation of goal models, in which satisfaction of
goals is propagated through the graph, requiring from the evaluator
to intervene in cases of conflicting or partial satisfaction evidence
[12, 13]. The authors also demonstrate possibilities for visually
highlighting starting points of analysis and conflicts. The visual
properties of goal modeling languages such as i* have been the
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subject of investigation as well. Moody et al. [24] offer an analyt-
ical evaluation of the i* visual syntax based on established rules
for designing effective such (termed the “Physics of Notations").
An empirical analysis was followed by Caire et al. [5] in which
experimental participants’ comprehension of visual syntax is used
for adapting the latter. Elsewhere, Hadar et al. [11] compare goal
diagrams with use case diagrams on a variety of tasks, including
model-reading and modifying. While the above efforts show inter-
est in understanding the value of goal diagrams as visual artifacts,
to our knowledge, no empirical investigation that compares dia-
grams with other ways to visualize goal models with a focus on
decisions has been attempted to date.

7 CONCLUSIONS AND FUTURE WORK

We presented and evaluated two alternatives for visualizing decision
problems represented as goal models. The introduced visualizations
are based on the assumption that the task of mentally evaluating
alternatives in goal models must match the way the relevant param-
eters are presented. We hypothesized that spatial visualizations —
visualizations that make use of visual variables — will be more effec-
tive than symbolic ones — numbers - in accordance to cognitive fit
theory. In the experiment to evaluate this claim we ask participants
to identify optimal alternatives in different visualizations and mea-
sure the accuracy, time and confidence of their response. At almost
no occasion do we find goal models to be more effective in either
of the three measures. Instead, in several situations, spatial visual-
izations, particularly charts, seem to be more accurate, quicker to
work with and inspiring more confidence on the decision made.

Given these results, tool developers may want to explore ways
to enrich their diagrammatic notations in a way that symbolic rep-
resentations are replaced by or augmented with representations
amendable to low-level visual inferences whenever needed. Our fu-
ture research agenda includes exploration of interactive experiences
in which diagrammatic goal models are complemented on-demand
by spatial visualizations such as charts. Such investigation focuses
both on applicable forms of such visualizations (e.g. are charts scal-
able for larger models?) and on the underlying automated reasoning
mechanism that supports the interaction.
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