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ABSTRACT  
Especially in ill-defined problems like complex, real-world tasks 
more than one way leads to a solution. Until now, the evaluation 
of information visualizations was often restricted to measuring 
outcomes only (time and error) or insights into the data set. A 
more detailed look into the processes which lead to or hinder task 
completion is provided by analyzing users’ problem solving 
strategies. A study illustrates how they can be assessed and how 
this knowledge can be used in participatory design to improve a 
visual analytics tool. In order to provide the users a tool which 
functions as a real scaffold, it should allow them to choose their 
own path to Rome. We discuss how evaluation of problem solving 
strategies can shed more light on the users’ “exploratory minds”. 

Categories and Subject Descriptors 
H.1.2 [Models and Principles]: User/Machine Systems – human 
factors, human information processing 

H.5.2 [Information Interfaces and Presentation]: User 
Interfaces – evaluation/methodology, user-centered design 

General Terms 
Human Factors 

Keywords 
Problem solving strategies, information visualization, visual 
analytics, evaluation 

1. INTRODUCTION 
 “The goal of visual analytics is to create software systems that 
will support the analytical reasoning process” [26]. Following this 
rationale, we are currently engaged in a research project which 
aims to support the daily work processes of business consultants 
by means of novel visual analytics tools. To ensure that the tools 
successfully support data exploration, prototypes are iteratively 
evaluated in real-world settings with real users and refined based 
on the evaluation results. 

A successful information visualization allows users to generate 
insights into the data and supports exploratory data analysis. 
Therefore, evaluation techniques building on task completion time 
and number of errors were criticized as restricted in the past and 
judged as insufficient indicators of a tool’s quality and utility [2]. 
In more recent evaluations researchers code and count the users’ 
insights [19][25]. This shift in thinking from outcome to process 
measures can be compared to the cognitive revolution in 
psychology [16]: Instead of observing the outcomes of cognitive 
processes only (like time and errors in information visualization 
evaluation), researchers analyzed the cognitive processes 
themselves, that is, information processing, memory [12], and 
problem solving [13]. From this view, insights – in contrast to 
time and errors – illuminate parts of the “Black Box” symbolizing 
the human mind (see figure 1). 

 

Figure 1. Illuminating the black box of data exploration  
by studying insights. 

However, insights can only partially uncover the black box. 
Research on processes that lead to insight generation or successful 
task completion might further unveil the black box of the 
“exploratory mind” [24], but were studied to a lesser extent in 
information visualization until now (for similar approaches see 
[3][14]). Therefore, we propose to look more closely into these 
processes by relying on one of the research topics which mark the 
beginning of the cognitive revolution: problem solving.  
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It stands to reason to focus on these processes, as in cognitive 
psychology problem solving processes are closely linked to 
insights [10].1 Therefore, we conducted an evaluation study to 
identify whether problem solving processes are relevant during 
the exploration of information visualizations and worth further 
research. Before we present this study, we shortly introduce the 
theoretical background of problem solving and how it might 
connect to information visualizations. 

2. PROBLEM SOLVING 
Simon and Newell were among the first who conducted research 
on problem solving [13][23]. They differentiate between an 
objectively defined task and a subjectively defined problem. 
When users proceed to fulfill externally given tasks, they are 
solving subjective problems2. That is why the problem space (the 
subjective representation of the problem) and also the paths to a 
task’s solution differ between different users – depending on their 
experience, domain knowledge, available information, and the 
task at hand. 

2.1  Types of Problems 
It is important to distinguish between different types of problems. 
“Research in situated and everyday problem solving (e.g., Lave, 
1988) makes clear distinctions between convergent problem-
solving thinking and the thinking required to solve everyday 
problems.” [9]  

In cognitive psychology, two major types of problems are 
distinguished [9]: Well-defined problems have one correct 
solution and provide all information needed to solve them. 
Typical tasks of locating (e.g. finding a date) or identifying (e.g. 
finding the maximum) [27] can be associated with such kind of 
problems. In contrast, ill-defined problems have more than one 
solution and often include only fragmentary information. This is 
typically the case in everyday problems in real-world contexts [9]. 
Exploratory data analysis also only seldom converges in one 
single correct solution; therefore, it can be classified as ill-
defined. 

2.2 Problem Solving Strategies 
Well-defined and ill-defined problems not only differ in the 
number of correct, respectively plausible solutions, but also in the 
processes needed to reach a solution. A problem solving strategy 
is “a technique that may not guarantee solution, but serves as a 
guide in the problem solving process” [6].  

Ill-defined, everyday problems can be solved in different ways, 
probably leading to different solutions. This is a very creative 
process [9]. Therefore, it is difficult to predict either solutions or 
strategies applied for such problems. 

People who are able to successfully solve well-defined problems 
do not necessarily solve ill-defined problems, too [20]. To solve 
well-defined problems, one has to know rules, strategies, and 

                                                                 
1 We will discuss the differentiation between insights and problem 

solving in the last section of this paper. 
2 For easier readability we will use the terms task and problem 
interchangeably in the remaining paper. 

when to apply which. For ill-defined problems one has to generate 
different solutions and evaluate them based on one’s own 
knowledge and opinions [6]. 

On a more detailed level, schema- and search-based problem 
solving strategies can be distinguished [6]: A schema includes 
knowledge related to a problem type, including its goal, 
constraints, applicability, and solution procedures; it can be 
domain-specific or general. Schema-driven problem solving is 
activated if certain features of a problem resemble those of a 
schema stored in memory. If no appropriate schema is available, 
problem solvers engage in less direct and more effortful search-
based problem solving. There, they have to gather further 
information, decompose the problem into subproblems (which 
might allow the application of schemas), use analogies, etc.  

Which problem solving strategy is applied depends on the type of 
problem, but also on the problem solver’s expertise. Domain 
experts have a richer repertoire of problem solving strategies 
within their domain [6]. They can easier and more effectively 
search through the problem spaces and select appropriate schemas 
[23]. 

2.3 Scaffolding Problem Solving 
The aim of visual analytics is to support the problem solving 
process [26]. From the view of situated cognition, the visual 
representation of information serves as a scaffold [4] for the 
problem solving process. By pre-processing and visualizing the 
information, visual analytics tools reduce the need to process and 
store data in memory. 

As discussed above, experts are better able to solve problems, as 
they can faster and better identify the type of problem at hand and 
have a bigger repertoire of problem solving strategies [6][9][23]. 
To serve as a real scaffold, a visual analytics tool should 
consequently allow for multiple problem solving strategies to 
support the creative process of solving ill-defined problems at 
work.  

Let us exemplify our point with an example from everyday life: 
You want to tighten a screw, but you do not have a screwdriver at 
hand. With good skills and strength, you might be able to tighten 
it with a simple coin, a key, or a pocket knife. But if you are 
provided a Swiss army knife, you will solve this problem more 
easily. 

To ensure that a visual analytics tool is such a flexible scaffold, 
we evaluated how many different problem solving strategies a tool 
supports and which strategies it impedes.  

3. IDENTIFYING PROBLEM SOLVING 
STRATEGIES EMPIRICALLY 
During the participatory design process of two visual analytics 
tools, we observed that users apply many different strategies to 
solve tasks when exploring information visualizations. There was 
not only one single strategy that led to a correct solution. As many 
ways lead to Rome, users reached a solution via different paths. 
Still, some of the strategies applied did not yield a sufficient 
solution. Interestingly, the question of how problem solving 
strategies interact with the characteristics of the tool / 
visualization and task completion was not addressed in prior 
evaluations. This study aims to close this gap. 



By analyzing users’ problem solving strategies we can understand 
how a visual analytics tool supports or impedes the problem 
solving process – better than by coding and counting insights 
alone. In addition, we can generate ideas on how the tool should 
be improved to allow for frequently used problem solving 
strategies. By looking more deeply into the problem solving 
processes, the evaluation produces results beyond task 
completion, number of insights, time, and errors. 

In a study within the research project DisCE we compared two 
different prototypes, Groove [11] and a multiscale variant [22]. 
Whereas Groove allows users to interactively fold and unfold time 
scales (see figure 2), the multiscale (see figure 3) shows all 
temporal granularities one below the other. 

Twelve people who were experienced in the exploration and 
analysis of time-oriented business data participated in this study. 
They had to solve a number of well- and ill-defined problems with 
five temporal data sets (one for familiarisation, two Grooves, two 
multiscales). 

To gain meaningful results from the evaluation of information 
visualizations, it was proposed that users have to solve 
ecologically valid tasks during the evaluation procedure [18]. 
Therefore, we asked experts to provide not only real-world data 
sets, but also real-world tasks of different complexity for the 
evaluation in our research project. 

As a problem solving process includes different cognitive [9] and 
perceptual [7] processes, we used multiple process measures to 
study the participants’ problem solving strategies. We logged their 
interaction with the tool, tracked their viewing behaviour, and 
asked them to think aloud during the experiment. We integrated 
these data sources, segmented them according to the problems, 
and documented the strategies and their success level. 

In the context of data visualizations and visual analytics tools, 
three levels of graph comprehension can be differentiated [5]: 
reading the data (i.e. extracting data, locating), reading between 
the data (i.e. finding relationships, integrating), and reading 
beyond the data (i.e. extrapolating from the data, generating 
hypotheses). Well-defined problems require level 1 and 
sometimes level 2, whereas ill-defined problems require all three 
levels to be solved successfully. Current task taxonomies like [1] 
are restricted to tasks on level 1 and 2, but do not convey the 
complex everyday problems usually tackled on level 3. In the 
following we will present empirical results for two exemplary 
problems – one from level 1, reading the data, and one from 
level 3, reading beyond the data. 

 

Figure 2. Close-ups illustrating the Groove’s functionality. 
Left-click displays a lower temporal granularity (first row), 

right-click a higher temporal granularity (second row). 

 

 

Figure 3. Multiscale variant. 

3.1 Example 1: Extracting a Concrete Value 
For each data set and tool, our users had the same task to solve: to 
name the value of Christmas day in a concrete year. This is a 
rather narrow and well-defined task, as it has a single correct 
solution. But despite this fact, we observed a variety of different 
strategies that were applied. 

3.1.1 Problem Solving Strategies 
To solve this problem, a set of subproblems had to be solved: 
Users had first to identify the location of this date, second to 
extract the colour of the data point, and third to associate a value 
to the colour of a data point. For the first subproblem, we 
observed seven different problem solving strategies which were 
applied either individually or in combination with each other: (1) 
counting days from the beginning of December or (2) from the 



end of December; (3) mapping specific data characteristics (e.g., 
shop closes earlier on 1 day, less activity) onto the characteristics 
of Christmas day; (4) using an external scaffold (e.g., calendar on 
mobile phone) to determine the associated day of week; (5) 
remembering the correct day of week from a prior dataset; (6) 
approximating the location by searching for week 51; or (7) 
estimating roughly. 

The applied strategies differed highly between participants, but 
also within participants. Nobody used one single problem solving 
strategy consistently. A more detailed look at the variations 
showed that participants applied problem solving strategies 
differently in dependence of the tool and the data set at hand (see 
figure 4).  

Obviously some data sets suggest specific strategies: For example, 
the financial data set had only little variance within weeks. 
Therefore, approximating the location and roughly estimating the 
correct value was a highly efficient strategy, leading to correct 
solutions in 82 % of all cases. The economic turnover data set, on 
the other hand, was only solved correctly by 17 % of the 
participants. It has high variance within the data and is visualized 
on a weekly rather than on a monthly base. Therefore, only 
participants who counted from the end of the year successfully 
solved this problem. Every fourth participant was not able to 
generate any solution at all. 

A clear difference exists also between the two tools, Groove and 
multiscale, in the problem solving strategies applied. For example, 
in the traffic accidents data set all multiscale users counted from 
the end of the year, whereas the Groove users applied a variety of 
problem solving strategies. This difference also results in different 
solution probabilities: When participants used the Groove, they 
solved the task in 50 % of the time; whereas when they used the 
multiscale, only 27 % of the tasks could be solved. With the 
multiscale, they often experienced problems to find the data point 
(33 %), but also for the second step to solve the problem: to 
differentiate between colours (10 %) and to read the scale (10 %). 

3.1.2 Design Implications 
To improve the two tools, participants made some remarks which 
can be turned into suggestions for improvements directly: 

·  Label the figure on both sides, instead of the left side 
only. As can be seen in figure 3, labelling the 
visualization is a challenge due to the amount of data 
displayed. 

·  Show date and value on mouse over to make locating a 
date and associating a value to a data point easier 

·  Ease making the association of data points with the 
legend 

Besides these concrete suggestions, the amount of different 
strategies employed shows that locating a specific date is very 
difficult with both applications. Many users experienced problems 
to locate the Christmas day and used approximation and 
estimation strategies. Therefore, both tools should be improved; in 
the easiest way by providing a tooltip with date and value or even 
by providing a search function for specific dates (e.g., with a 
calendar overlay). 

 

meteorology

0

20

40

60

80

100

count from
Dec, 31st

count from
Dec, 1st

approximate
week 51

estimate

economic tunrovers

0

20

40

60

80

100

count from
Dec, 31st

count from
Dec, 1st

approximate
week 51

estimate

traffic accidents

0

20

40

60

80

100

count from
Dec, 31st

count from
Dec, 1st

approximate
week 51

estimate

education

0

20

40

60

80

100

count from
Dec, 31st

count from
Dec, 1st

approximate
week 51

estimate

finance

0

20

40

60

80

100

count from
Dec, 31st

count from
Dec, 1st

approximate
week 51

estimate

 

 
Figure 4. Problem solving strategies (%) for 5 data sets. 

 

Groove Multiscale



With the multiscale, users experienced even more problems in 
identifying a specific data point and in differentiating between the 
colours used. These problems could be solved by providing an 
optical zoom function and a (user-customized) colour scale to 
increase the contrast for specific scale segments. 

We observed a high variance between the strategies applied for 
different data sets. One observation was that for data sets with a 
weekly instead of a monthly time structure the task was more 
difficult to solve. Therefore, a temporal re-organization of the data 
should be enabled by the tool to allow participants to switch 
between a weekly and a monthly representation of the data. 

3.2 Example 2: Drawing an Inference from 
Data 
For the economic turnover data set, participants had to find out 
from which gastronomic business these data are from (e.g., snack 
restaurant, bakery, or coffee house). To make this conclusion, they 
had to build on the different features of the visualization and draw 
inferences from their insights. Though there is one single business 
where the data stem from, different businesses can be seen as 
plausible data sources. In addition, users had to rely on their own 
knowledge on what sale patterns are typical for which kind of 
business. Therefore, this task goes beyond the data provided and 
has to be classified as an ill-defined problem.  

3.2.1 Problem Solving Strategies 
This problem again is composed of a number of sub-problems: 
Next to level 1 activities of locating dates and assigning values to 
them, users have to identify patterns in time and in the sales, 
compare these patterns with their own knowledge on possible 
patterns, raise hypotheses, and test these hypotheses. For this very 
open task, many different information resources could be used.  

 

 

 

In our study, users relied on six different information sources (see 
figure 5). Whereas the sale patterns (circadian, weekly, and 
annual) were used by most participants, only some also took the 
temporal patterns (weekly, daily opening hours) into account. One 
single participant additionally considered the amount of the 
turnover as a relevant information source.  

No difference existed between the two tools, Groove and 
multiscale, in the information sources used and the quality of the 
solution gained. Overall, 17 % of the users were not able to 
generate any solution for this task. Half of the other participants 
generated a plausible, near-to-correct solution (42 %), the other 
half no plausible solution (42 %).  

We compared the problem solving strategies used by these three 
groups and found that the quality of the solution correlated with 
the number of information sources participants took into account 
(see figure 6): If they considered only two or three different kinds 
of information they were likely to generate a wrong solution. If 
they considered a medium number of information they did not 
generate any information (“I give up. I’ve no idea what this could 
be.”). Only if they considered a higher number of four to five 
different information sources, they were likely to generate a 
plausible, near-to-correct solution. 
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Figure 6. Number of information sources used  
in dependence of the solution’s quality. 

When we look at the kinds of information sources more 
qualitatively, we see a tendency that those participants who 
considered the temporal patterns, that is, weekly and daily 
opening hours, were more likely to come to a plausible solution. 
A frequent wrong solution was that the data stem from a dinner 
restaurant, but neglected the information that the business closed 
before 8 pm. 

The difference in the used information sources cannot be 
explained by a motivational deficit as participants took a similar 
amount of time, independent from the quality of their solution 
(correct: 3.1 min, incorrect: 2.1 min). Only those who did not 
come to a solution at all took more time (8.3 min). 

3.2.2 Design Implications 
A crucial factor in generating a plausible solution for this task is 
to take into account not only the sale patterns in the data set, but 
also the temporal boundaries of the visualized data. Many 
participants failed because they did not consider the daily and 
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Figure 5. Percentage of participants  
who used a specific information source. 



weekly opening hours a relevant information source. To make the 
daily opening hours more salient, one could highlight the closing 
hours by showing not only labels for those hours of the day where 
data exist, but also for those where no data exist. Another 
possibility would be to increase the label size. 

A second challenge (that remains to be solved) is how participants 
can be encouraged to test their hypotheses against more 
information sources and thereby become more likely to discover 
wrong assumptions.  

A possibility within the Groove would be to lead users through all 
granularities step by step and thereby make it easier to check 
assumptions against all temporal granularities. A disadvantage of 
such a solution is that the user looses freedom of action. 

3.3 Conclusions 
Our results confirm that the best problem solving strategy varies 
from data set to data set and from tool to tool. Especially expert 
users are more likely to select the most appropriate strategies for 
the situation at hand [20].  

These results support our claim that an information visualization 
or visual analytics tool should allow for multiple ways to solve a 
problem. In the field of information visualization and visual 
analytics, different assumptions exist concerning the effectiveness 
of a visualization [2][18][19][26]. We content that an effective 
visualization is a flexible one which affords multiple problem 
solving strategies. This is especially important for tools designed 
for expert users in a domain.  

So, let your users cut their own path to Rome – and make sure 
that your visualization allows them to do so, by adjusting your 
tool to act as a scaffold for frequent problem solving strategies. 

4. MAPPING THE USERS’ PATH TO 
ROME  
What did we learn from analysing problem solving strategies for 
the evaluation of a visual analytics tool? Overall, we can content 
that knowledge on problem solving strategies can provide useful 
insights on how to improve a visual analytics tool during 
participatory design.  

For the first problem – extracting a concrete value – we found 
differences between the strategies applied for the two different 
tools. This finding suggests that the problem solving strategies do 
indeed depend on the tool a user has at hand. By analysing the 
successful (and the less successful) problem solving strategies we 
could make important suggestions on how our two tools should be 
improved concretely during the next development phase: Due to 
the amount of data points displayed it is important to provide 
easier means to find a concrete date; for example, by a calendar 
function or a calendar overlay. In addition, a better linkage 
between the coloured data points and the associated areas on the 
scale is needed. For the multiscale, problems to differentiate 
between the small data points were found. It is therefore important 
to provide a zoom function, but maybe also a filtering function 
which allows displaying less data. 

Some of these suggestions for improvements might be called 
trivial (e.g., a tooltip or a zoom). But the analysis of concrete, 
everyday tasks and of the strategies applied to solve them did on 
the one hand provide us with a way to set priorities within the 

different possible further developments of the tool. On the other 
hand, it allowed us to rule out some developments as not relevant 
that would have seem necessary without this study (e.g., an 
optical zoom does not seem to be necessary for the Groove). 

The applied problem solving strategies do not only depend on the 
tool, but also on the context, that is, the task and the data set: For 
a data set structured on a weekly base, users applied different 
strategies than for a data set structured on a monthly base. As a 
consequence, it is important to develop the visual analytics tool 
for a concrete real-world context and also evaluate it in such a 
context, like suggested in the grounded evaluation approach [8] 
and in situated cognition [17]: The prototype of a visual analytics 
tool should be tested within the context of its intended use; that is, 
with real experts and a set of realistic data sets and tasks (that 
happen to be ill-defined quite often [9]) consistent with the 
purpose of the visualization. 

 

At the beginning of this paper we proposed that analysing 
problem solving strategies can shed light on the black box of the 
exploratory mind (see figure 1) by identifying which cognitive 
processes support or impede solving a task. Indeed in our study 
we found a correlation of problem solving strategies with the 
task’s solution quality in both examples. We found it useful not 
only to analyse problem-solving strategies that led to successful 
task completion, but also strategies that led to near-to-correct, 
false, or no solutions at all. The latter can be used to analyze at 
which subproblems these users fail and also to find solutions on 
how solving these subproblems can be scaffolded by a visual 
analytics tool.  

Overall, we can content that the problem solving process indeed 
further illuminates the black box by showing how a task is solved 
– or not (see figure 7).  

 
Figure 7. Illuminating the black box of data exploration 

by studying problem solving processes. 

 

What we did not address in our study is the relationship between 
problem solving processes and insights. In our opinion, it is 
plausible that insights are solutions to the subproblems composing 
a task. As displayed in figure 7, we assume that subproblem 
solving processes lead to insight generation. The complexity of a 
task (and consequently the number of subproblems it is composed 
of) determines the number of insights needed to solve a task. This 
question is definitely an area in need of further research. 
However, if we can show a relationship between insights and task-
related problem solving processes, we at the same time gain 
further knowledge on the relationship between tasks and insights 
as well. Thereby, we could also better classify insights (e.g., in 



accordance to their task relevance) and could shed further light on 
the exploratory mind. 

Still, we are aware that we cannot understand the exploratory 
mind fully by looking at the problem solving processes alone (see 
the remaining black parts of the box in figure 7). Further 
processes remain in the dark and might be uncovered in the 
future. In addition, small black boxes at the level of the sub-
processes remain, as we are not yet on the smallest possible level 
of analysis and cannot say for sure what the perfect level of 
analysis might be.  

A further restriction of our study is that we mainly relied on the 
think-aloud protocols for these analyses. However, problem 
solving depends on perceptual processes [7] and the interaction 
with the tool [14] as well. Further research should therefore 
address the question of how knowledge processes, perceptual 
processes and interaction concur during problem solving to 
illuminate the black box even further.  

At the beginning of this paper we proposed that analyzing 
problem solving strategies can shed light on the black box of the 
exploratory mind. We are aware that the methodology we used in 
our study will not be transferable to every situation, every 
visualization, every domain, and every task, because problem 
solving strategies differ in dependence of the situation. Still, we 
want to encourage other researchers to follow our procedure for 
evaluation of information visualizations during participatory 
design: We found this approach quite easy to apply; by observing 
the users’ problem solving process and analyzing the think-aloud 
protocols different strategies became apparent quite quickly. 
Independent from the task’s complexity, whether it was well- or 
ill-defined, strategies could be identified which hinder or afford 
the problem solving process in the context of the existing 
visualization.  

Indeed, many ways lead to Rome in information visualizations. 
But it is worth to map them to shed light on the Eternal city and 
the exploratory minds walking within. 
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