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Many self-trackers quit collecting data due to the incapacity of insight obtainment 

from visualized data. This occurs either due to the high complexity of the 

visualization or the lack of skills in graph comprehension - graphicacy (Wainer, 

1980). The present study aimed at finding a relation between the complexity of 

visualized data and the graphicacy levels of self-trackers. Three visualizations have 

been designed in which Fitbit users could implement their data: a line graph, a 

multi-variable circular bar histogram, and an abacus, respectively from low to high 

complexity. By means of a think-out-loud protocol, insights about their Fitbit data 

were obtained, verbalized, captured and categorized to a certain insight type found 

by Choe et al. (2015). The results show that once the visualization has reached a 

level of abstraction, the visualization provides on average almost an equal amount 

and level of insights as normal visualizations that we are used to, e.g., a line graph. 

Even more, the abstract visualizations are also experienced as more appealing and 

enjoyable. However, it does not provide on average an equal amount and level of 

insight once the visualization does not reach that level of abstraction. Further 

research is needed to specify the level of abstraction that results in an optimum 

insight obtainment.  

Abstract
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This little quote ate the top of this page illustrates the current movement nowadays worldwide: 

people in relation with technology and sensors exploring their own biology, (social) behaviour or 

environmental related issues. What initiated with a small group of people in Silicon Valley quickly 

spread out to many other people. For example, this movement is starting to be a mainstream 

phenomenon in the U.S. as 60% of the adults are currently tracking their weight, diet, or exercise 

routine. Additionally, 33% are keeping track of other factors such as blood sugar, blood pressure, 

headaches, or sleep patterns (Maltseva, Lutz, 2018; Moerenhout, Devisch, Cornelis, 2018). This is 

all possible thanks to the rise of the invisible computer: the line between human and technology 

gets vaguer and almost vanishes completely as technology becomes present in everyday objects and 

wearables. According to Moore’s Law (rather an observation or notion), the number of transistors 

in a small integrated circuit doubles approximately every two years (Markoff, 2017). The price of 

one single transistor, a tiny electronic component, changed from 8$ in the early 1960’s to less than 

one cent nowadays. Billions of those transistors can be squeezed onto a single chip with a size equal 

to a fingernail. The increasing power of computer chips, the decrease of the costs, the possibility 

for ubiquitous computing enhances the development of invisible computers with many sensors on 

board: wearable sensor technology. Rantakari et al. (2016) showed that the design of such wearable 

wellness devices has evolved from combining a sensor with your mobile phone, e.g., a heart rate 

chest belt towards more embedded and more sophisticated form factors, such as sensors integrated 

in shoes as in the Nike+ (http://nikeplus.com).

1. Introduction

Look at my watch! Each time my mother in law talks to me, 

my heart rate raises over a 100! And if she stops talking, it 

goes back to about 80. Interesting, right? “

“
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The increasing availability and affordability of wearable sensor technology is providing opportunities 

for many people to access information about themselves that was unavailable before - the Quantified 

Self (or QS for short). Quantified Selfers (or self-trackers) are people who are engaged in self-

tracking of any kind of biological, physical, behavioural, or environmental information (Swan, 2013). 

Gary Wolf and Kevin Kelly coined the term of Quantified Self in the magazine Wired in 2007. The 

motto on the website of the quantified self (http://quantifiedself.com/) is ‘self-knowledge through 

numbers’ which illustrates the ideology behind the movement: collecting personal quantitative 

data that should lead to increased self-knowledge. The QS community tends to focus on creating 

systems that not only allow users to collect data, but also on creating systems that provide insights 

in our daily life leading to a favourable change in our behaviour. These behaviour changes are 

data-driven: self-trackers try to obtain insights by examining and reflecting on their data, and 

subsequently make an effort to change their behaviour based on their obtained insights. Kersten 

(2017) introduced this idea as the Self-improvement Hypothesis of self-trackers. Although there 

are some exceptions (people who do life-logging and other recollection- and self-documentation-

focused approaches, e.g., Elsden and Kirk, 2014), the Self-improvement Hypothesis seems to be 

the key element of the Quantified-self movement. It is also the fundamental element in each design 

case of such systems and the most common reason for people to adopt such systems (Li et al., 2011; 

Choe et al., 2014; Whooley, Ploderer, & Gray, 2014; Epstein et al., 2015). The Self-improvement 

Hypothesis touches the concept of reactivity, but should not be considered as equal. Nelson and 

Hayes (1981) introduced the concept of reactivity in which the process of recording behaviour 

causes the behaviour to change. Reactivity occurs when individuals change their behaviour due 

to the awareness that they are being observed or recorded. However, the new adapted behaviour 

is merely due to the awareness of being recorded and not based on the outcome or analysis of the 

measurement. In contrast, self-trackers need to be able to obtain meaningful insights from their 

collected data in order to be able to improve their life through data. However, this remains an issue 

in the Quantified Self community.

I argue that self-trackers need their data to be visualized in order to deal with their data and to 

continue their self-tracking. Visualizations work well because humans are very good at detecting 

relations and especially spatial relations (Wainer, 1980). Therefore, the present study will focus on 

the obtainment of those meaningful insights through visualized data. Wainer (1980) labelled the 

necessary skill for doing so as graphicacy - the ability to read, process, and comprehend data 

1.1 Scope of this thesis

Chapter 1: Introduction - Scope of this thesis
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graphics. Each (graphic) visual is different with respect to complexity and also each person has 

different methodologies and skills in dealing with such visualization. This brings difficulties for 

designers and system developers in designing the interfaces of the tools as both graphs and user 

abilities differ. 

 There are many interfaces with a variety of interaction options and a variety of visualization 

types. Some self-trackers are, for example, very experienced in dealing with their data and can 

easily obtain meaningful insights while others have more trouble in doing so. The latter group of 

self-trackers may only obtain low level insights from graphs although they are aiming at a higher 

understanding of their data.  The level of graphicacy of an individual and the complexity of a graph 

determines the kind and level of obtainable insight.  However, there is yet no information available 

how the complexity of the visualization is related to the graphicacy level of an individual, and 

therefore how the complexity of the visualization influences the obtainment of an insight type. 

Therefore, one might wonder:

Many self-trackers do not succeed in obtaining complex insights either due to their limited 

graphicacy level or due to the high complexity of the visualization. To illustrate, approximately one 

third of the population in the US has already problems with relatively simple graph comprehension, 

hence a low level graphicacy and therefor, they are only able to obtain low level insights (Galesic, 

Garcia-Retamero, 2001). And as mentioned before, about 60% of the adults in the US are a 

member engaged with self-tracking (Maltseva, Lutz, 2018; Moerenhout, Devisch, Cornelis, 2018), 

resulting in a large group of self-trackers that are not able to obtain meaningful insights at all. 

Without obtaining meaningful insights, the engagement with self-tracking might decrease and 

subsequently be a reason to quit. Therefore, it is necessary to support them in finding meaningful 

insights through the use of visualizations. In order to do so, it is needed to match the visualization 

with the self-tracker in such a way that he/she can obtain meaningful insights. Therefore, the 

visualizations
“Self-knowledge through numbers.”

What makes a good visualization for self-trackers, given the 

individual differences in graphicacy?’““



13

current study might 1) enhance the prevention of people quitting with self-tracking and 2) support 

people in finding meaningful insights that can help them living a healthier live. 

 The present study is dividable in three elements: (1) quantified self, (2) graphicacy, and (3) 

information visualization. Each element will contribute to the main goal of this study: self-trackers 

aim to find particular insights by examining the visualized information by making use of their 

graphicacy.

 The graphicacy level of self-trackers can be determined by the obtained insight types in 

a visualization. Therefore, it is necessary to first elaborate in chapter 2.1 on the process of self-

trackers itself including the motivation and the possible insight types that self-trackers can have.

In order to increase our understanding of the concept graphicacy, chapter 2.2 will elaborate on this 

concept and specify each graphicacy level. Thereafter, the relation will be made between the insight 

types in the Quantified Self and the graphicacy levels.

It is necessary to use this relation between graphicacy level and insight types in the field of 

information visualization. Therefore, to increase our understanding of designing information, 

chapter 2.3 will elaborate on the field of information visualization. This chapter also serves as 

background information on the designed visuals that are used in this study. 

Taken into account the previous concepts, chapter 2.4 will specify the research aim more in detail.   

 

Chapter 1: Introduction - Scope of this thesis

Quantified self

Information visualization

Graphicacy

research aim
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This chapter provides first an overview of the Quantified-Self process which increases our 

understanding of the processes that self-trackers have. It is necessary to introduce the process in its 

totality in order to dive into a specific process. In the second part, the variety of insight types that 

self-trackers can obtain will be discussed. Thereafter, the concept of graphicacy will be elaborated.  

A new topic will be elaborated in the part thereafter: information visualization. This part will 

illustrate the design of information and will serve as design rationale for the stimuli in this study. 

At last, the research aim will be elaborated including the previous discussed concepts.

2. Background Literature
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The name Quantified Self is also introduced as Personal Informatics in academic writing, and 

goes by other names such as “living by numbers”, “self-surveillance”, “self-tracking”, and “personal 

analytics” (Wolf, 2009; Yau, Schneider, 2009). Besides the different labels for this movement, 

there is a big variety in different kinds of self-tracking possibilities, including different variables, 

different wearable technology and different tools that are accompanied with it. Although there is 

a huge variety inside the self-tracking world, there are two general models that basically cover the 

process for the common self-tracker. The first elaborated model is the Stage-Based Model by Li 

et al. (2010) and the second is the model of Living Informatics by Epstein et al. (2015), which is 

an adapted version of the Stage-Based model. Both models will illustrate the general process of 

self-tracking.

A Stage-Based Model of Personal Informatics Systems

The Stage-Based Model by Li et al. (2010) was derived based on analyses of surveys and interview 

data. The model is composed of a series of stages: Preparation, Collection, Integration, Reflection 

and Action, as presented in Figure 1.  

 

2.1.1  Self-knowledge through visualizations

2.1  Quantified Self

Figure 1.  The Stage-Based Model, adapted from Li et al. (2010).
The options indicate how the circles can be filled in.  
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The first stage is the Preparation stage which concerns about people’s motivation to collect personal 

data, decide what type of data to collect and which method to use. The Collection stage is the period 

in which people collect data about themselves through their chosen wearable technology.  During 

the Integration stage the collected information is prepared, combined, and transformed for the self-

tracker to examine and to reflect. The amount of time in this stage can either be long, meaning that 

the self-tracker has to perform many steps to prepare the collected data for the next stage, or short, 

meaning that the self-tracker has to put little effort in preparing the data for reflection. When the 

self-tracker is able to integrate the collected data he will transition to the Reflection stage in which 

he reflects on his collected data. Depending on the type of output, it may involve looking at the 

data on its own or exploring interactively with it. The last stage, the Action stage, is the period in 

which self-trackers have decided what they are going to do with their obtained insights from the 

Reflection stage. For example, some self-trackers may tailor their behaviours to match their goals. 

 This model is pretty straightforward and depicted in an idealistic way. However, there can 

be drawbacks throughout each stage which are not presented here. A more realistic model – the 

Lived Informatics model by Epstein et al. (2015) - integrates the possibility of lapsing and reflects 

more precisely the ongoing process of self-tracking. 

A Lived Informatics Model of Personal Informatics

Based on results of surveys and interviews, Epstein et al. (2015) proposed a new adapted model of 

the Stage-Based Model reflecting the idea ‘’lived informatics”.  The Stage-Based Model by Li et 

al. (2010) assumes that users have a desire for action which is according to them corresponding to 

the nature of behaviour change and the model. However, this does not include other motivation 

for self-tracking, such as the intrinsic motivation of self-tracking for fun and to learn about oneself 

without any subsequent action. Furthermore, the Stage-Based Model does not describe in which 

stage and reasons why self-trackers might lapse in their self-tracking or stop entirely. Therefore, 

some adaptions were made based on the stage-based model, as can be seen in Figure 2. The first 

adaption is in the Preparation stage by dividing it into two separate stages: deciding and selecting. 

The deciding stage refers to the decision whether to track personal data or not. The selecting phase 

is followed by the decision and refers to the phase in which people select a tool or method for 

self-tracking. One of the main activities during this stage is comparing tools based on features, 

aesthetics, price of devices and convenience. In comparison to Li et al.’s (2010) model, the process of 

collecting, integrating and reflecting is an ongoing process according to Choe (n.d.) and Whooley 

et al. (2014) as self-trackers learn about their behaviour and make changes in their practices while

 collecting and integrating data.  Although that the activities are distinct and dependent on each 

Chapter 2: Quantified Self - Self-knowledge through visualizations
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other, Epstein et al. (2015) propose to define this process as tracking & acting as a single phase 

with the 3 individual processes of collection, integration, and reflection. Self-trackers collect data 

throughout the day, reflect on the data throughout the day and may act on it throughout the day. 

At last, it can occur that some self-trackers quit entirely with their self-tracking tool: the lapsing 

phase. For some people, a lapse can be a temporary break in tracking while others do not return 

to tracking and have no intention to go self-tracking again. Short-term lapses are often followed 

by a quick continuation of tracking (e.g., forgetting to insert data in an app). In these cases, self-

trackers may not consider again their decision on whether or not to keep on tracking or whether 

the selection of the tool is appropriate or not. However, after a long-term lapse (e.g., no tracking 

for several months), a self-tracker may not proceed in collecting data in the same pattern as before. 

Instead, this person may initially integrate or reflect upon his previous data and decide again 

whether or not he becomes a self-tracker again. This stage is referred to as the resuming phase.

 As noticeable, both models illustrate that self-tracking is quite a process and that the 

Preparation stage or the deciding phase is an important start. Although the Lived Informatics 

Model reflects more naturally the pathway of self-trackers, the rest of this chapter is mainly based 

on reflection stage of the Stage-based-model by Li. et al., (2010). They elaborated more in depth 

the details in the Reflection stage and therewith the types of insights self-trackers might have. 
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Figure 2.  A Lived Informatics Model of Personal Informatics, adapted from Epstein et al. (2015).
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Moreover, the motivation of a self-tracker is an important aspect in this process and in the present 

study. Therefore, it is worthwhile to elaborate first on this. The motivation of a self-tracker also 

indicates to some extent in what his goals are and what types of insight he aims to obtain.

Motivation

The categorization of motivation in general will be discussed first, followed by the categorization 

of motivation in the self-tracking. Thereafter, the connection will be made between those 

categorizations.

 In general, Deci (1971) introduced 4 groups in which people could be categorized based 

on their motivation: intrinsic motivated, identified regulation, external regulation, and extrinsic 

motivated. People that are intrinsically motivated are engaged with an activity for their own sake, for 

their pleasure and satisfaction derived from doing it. On the other side of the spectrum are people 

that are extrinsic motivated. The motivation for doing the activity extend beyond the inherent 

goals of the activity itself. Between these extremes are, from extrinsic to more intrinsic motivated, 

the motivation group external regulation and identified regulation. People with external regulation 

motivation are rewarded for their behaviour in order to avoid negative consequences. These people 

have to behave in specific ways as an obligation. In contrast, people with identified regulation 

motivation perform the activity as it is being chosen by oneself. However, the motivation is still 

extrinsic as the activity only serves as a means to an end. For people that neither are intrinsically 

nor extrinsically motivated, Deci and Ryan (1985) coined the concept of amotivation. These people 

experience a lack of contingency between their behaviour and outcomes: there is no sense of purpose 

and no expectations of reward. 

 Within the QS community, there is a variety on motivations that people have on why 

they want to change their behaviour. Choe et al. (2014) conducted a research about understanding 

quantified-selfers in collecting and exploring their personal data by analysing interviews guided 

by 3 prime questions: “What did you do?” – “How did you do it?” – “What did you learn?”. After 

classifying the participants’ motivations, 3 different categories of motivations were derived. Each 

category consists of a certain amount of subcategories, resulting in Table 1. Motivations related 

to improve your own health is the most substantial motivation for self-tracking. The two other 

categories are related to improve other aspects of life and to find new life experiences. 

 Comparing the two categorizations of motivations, it is arguable that self-trackers either 

belong to the intrinsic motivated group (to find new life experiences) or identified regulation (to 

improve health or other aspects of life). Self-trackers that aim to find new life experiences are 

collecting data for their pleasure and satisfaction from doing it. Self-trackers who try to improve 

Chapter 2: Quantified Self - Self-knowledge through visualizations
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their health or other aspects of life have chosen to do self-tracking as a means to an end. Table 1 

also provides some ideas in the types of data that people collect and what kind of insights self-

trackers aim to obtain. The next chapter will provide a more detailed overview of these insight 

types. This is necessary to make the relation to the concept of graphicacy. 

Motivations Subcategories Tracking example

To cure or manage a condition Track blood glucose to hit the target range [P37]

Log triggers that cause atrial fibrillation [P55]

Track exercise, weight, muscle mass, and body fat to see the 
relationships among the factors [P31]

Record ideas of things that thought were healthy and unhealthy to 
make better decisions [P18]

Track time to know the current use of time and ways to be more 
efficient [P43, P63]

Log the frequency of “puns” to see how often these puns happened 
and what triggered them [P12]

Track weight to get back to the ideal weight of 135 pounds [P39]

Track niacin intake dosage and sleep to identify how much niacin to 
take for treating symptoms [P76]

Log food, exercise, and panic as a recovery plan for panic attack [P35]

Log sleep, exercise, and time to get back from erratic lifestyle [P23, 
P42, P54]

Take a self-portrait shot everyday for 365 days to capture each day’s 
state of mind [P26]

Track every street walked in Manhattan to explore as much of the 
city as possible [P34]

Track heart rate for as long as possible and see what can be learned 
from it [P62]

To make better health decisions

To find triggers

To find balance

To achieve a goal

To answer a specific question

To improve health

To improve other 
aspects of life

To find new life 
experiences

To maximize work performance

To identify relationships

To be mindful

To execute a treatment plan

To satisfy curiosity and have fun

To explore new things

To learn something interesting

Table 1.  Quantified-Selfers’ tracking motivations and examples for each category. 
[P#] indicates the ID number of the participant from the study, adapted from Choe et al. (2014).
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From analysing presentations by self-trackers, Choe et al. (2015) identified eight types of insights 

in which some of these consist of several subtypes. As these insights types determine the graphicacy 

level of the self-tracker, it is important to see which insight types there are. Therefore, each type of 

insight will be presented here and in Table 2 on the next page. Also a quote from the participants 

of the study done by Choe et al. (2015) will be provided as an example. The order in which they 

are presented also indicates which type of insight was obtained more often, starting from a high 

frequency to a low frequency.

Detail

The insight type detail consists of three subtypes: identify extreme, identify value, and identify 

reference. The insight refers to specific data points that are considered meaningful to the self-

tracker. For instance, the self-tracker can explicitly state the identities of the data points with 

extreme values (identify extreme), or specifically mention a range of identified data points or the 

difference between two values (identify value). The identify reference subtype refers to explicitly 

stating values of categorical variables, labels from axes or legends.

Self-reflection

Self-reflection is divided in four subtypes. Self-reflection is a special type of insight as it is 

particularly based on highly personal information.  The insight belongs to subtype external context 

when uncaptured data supports the self-tracker to understand and explain a phenomenon shown in 

the data. Sometimes it may happen that the collected data does not correspond with your existing 

knowledge or personal belief – the subtype contradiction. This subtype is in contrast with the next 

one: confirmation – when the collected data confirms your existing knowledge. The last subtype 

of self-reflection is prediction which happens when the self-tracker is able to predict the future 

based on his collected data. Although self-reflection is a type itself, it is often combined with other 

insights as most users attempt to understand why something interesting is happening.

Trend

Although the presenters of the study frequently reported trends, the insight type trend does 

not have any subtypes. This insight type describes how data has changed over time, often using 

terminologies such as increase, decrease and fluctuation in the measured variable over time.

2.1.2  Insight types

Chapter 2: Quantified Self - Insight types
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Type Subtype Example quote

Identify extreme

By factor

“You can see that the first day and the last day were actually the two 
hardest.” [P46]

“I was able to improve my relaxation scores every time I used this 
focused breathing technique.” [P40]

“I had read books that were mostly by men and mostly by white 
people.” [P32]

“just to know where do I stand in relation to other people” [P50]

“I was also convinced before I looked at this data that I was reading 
equally between men and women, and the data actually showed me 
that wasn’t true at all.” [P32]

“Anytime my sister’s weight went down, her insulin levels went down. 
Anytime she gained weight, her insulin levels went up.” [P17]

“If I stop going then I’ll probably lose weight.” [P61]

“Triglycerides move all over the place.” [P37]

“You’d see the values go from about 77 up to about 104.” [P9]

“You can see on Thursdays and Fridays I actually tend to struggle a 
lot more.” [P50]

“For example, the day before my vacation, my heart rate was around 
90 peaking at 110 at rest.” [P36]

“You see actually two nights, one with little sleep, one with more 
sleep.” [P6]

“I see a bunch of things that are pretty consistent here and that feel 
pretty right to me.” [P61]

“I have completed about 133 books over four years.” [P1]

“This is a plot showing just how much my triglycerides have 
decreased.” [P37]

“Overall, 2013 fall into work events, personal life, reading and writing, 
in approximately these percentages.” [P1]

“Now, a quick look at this shows some pretty substantial outliers.” 
[P10]

Prediction

Variability

Identify reference

Against external data

By category

Identify value

By time segmentation

External context

Instances

Detail

Self-reflection

Correlation

Trend

Comparison

Outlier

Data summary

Distribution

Contradiction

Confirmation

Table 2. Possible insight types that Quantified Selfers might have. 
[P#] indicates the ID number of the participant from the study,  adapted from Choe et al. (2015). 
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Comparison

Another regularly insight type is comparison. Many self-trackers identified how certain factors 

influenced the outcome of their data through comparison. A comparison always requires at least 

two elements: a comparison by factor (such as drug use verses no drug use), by time (such as 

weekdays versus weekends), against external data (my data versus my goal or population data) or a 

comparison of instances (for instance, one night with sleep versus one night with less sleep).

Correlation

Among the many insight types, many self-trackers try to find a correlation: a relationship between 

two variables. However, this is not the same as comparison as correlation is more focused on the 

causality rather than finding similarities between two data sets. 

Data summary

Some self-trackers presented a summary of the collected data such as a number of data points 

and duration of tracking – data summary. For instance, one participant commented that she had 

completed about 133 books over four years.  

Distribution

This type of insight is closely related to previous, labelled as distribution, in which people explicitly 

state the variability of the measured variable – subtype variability –  or describe the variation of the 

measured variable across all or most of the values of a categorical variable – subtype by category.

Outlier

The last insight type is labelled as outlier. Some self-trackers pointed out data points that were 

rather not fitting with the rest of the data or did not follow the trend. 

These insight types together provide an overview what the self-tracker can obtain from his data. In 

the next chapter the concept of graphicacy will be elaborated. This will increase our understanding 

of how individuals can be categorized via their graphicacy levels. It also provides some examples in 

what kind of insights belong to a certain level of graphicacy. 

Chapter 2: Quantified Self - Insight types
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A study by Carpenter and Shah (1998) proposed three processes that all have to occur in order 

to comprehend a graph: 1) detecting and encoding visual patterns; 2) identifying the quantitative 

relationship that those visual elements represent; 3) relate those quantitative relations to a variable.  

For example, a person encounters a line graph depicting a skew line: the person recognizes it as 

a growth (step 1); he recognizes the amount of growth (step 2); he recognizes that this growth is 

about a certain topic, for instance, the use of petroleum over time (step 3). As mentioned before, 

the ability to read, process, and comprehend data graphics is referred to as the concept of graphical 

literacy, or graphicacy (Wainer, 1980). Individuals with a high level of graphicacy are able to process 

graphics with more ease than individuals with a low level. Like the concept of reading literacy that 

can impact an individual his reading comprehension, graphicacy impacts a person his graphics 

comprehension. But how do we characterize someone as a person with a high graphicacy or low 

graphicacy? 

 When we characterize an individual’s ability to understand graphs on the basis of questions 

combined with a badly drawn graph is equal to characterize someone’s ability to read by asking 

questions related to a text full of spelling and grammatical errors. So what is what we are really 

testing? A practical problem is that if a graph is properly drawn, most questions are easily answered 

and even invites deeper questions. It is the nature of graphics and human information-processing. 

The level of an individual his graphicacy can be determined on the kind of questions that’s is able 

to answer by a graph. The kind of questions that graphs can answer has been classified by Bertin 

(1973) into three levels. In the elementary level, the lowest level, the questions are related to 

extraction of elementary information from the graph, for example, “According to this graph, what 

was the petroleum use in 1980?”. This level is also classified as the process of reading the data. 

The intermediate level involves questions related to the detection of trends in parts of the data, 

for example, “Between 1970 and 1985, how has the use of petroleum changed?”. In this level, the 

individual is required to read between the data. One does not need to look at each data point 

individually but can reduce the data by combining and compiling some points.  The highest level, 

the overall level, involves understanding of the deep structure of the data presented in its totality. 

This also reflects the concept of synergy - “the whole is greater than the sum of its parts” - in which 

the combined interaction of individual elements (or data points in this context) produce a total 

2.2.1  Graph comprehension

2.2  Graphicacy
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effect that is higher than the sum of the individual elements (Dictionary.com, 2018).  It is usually 

comparing trends and seeing groupings, for example, “Which fuel is predicted to show the most 

dramatic decrease in use?” or “Which fuels show the same pattern of growth?”. This process is often 

labelled as reading beyond the data. In this level one can reduce all data to a single statement, for 

instance: “It is predictable that the use of petroleum is dramatically decreasing in comparison with 

the other fuels”. This level requires extrapolating from the data, which is also one of the types of 

insights self-trackers try to obtain, for example prediction. 

 It is noticeable that an individual who has an overall graphicacy level also needs to have 

the abilities of the other levels. For example, in order to compare trends one needs to be able to 

distinguish the data by variable (elementary level), detect the trend it has (intermediate level) 

in order to make a reasonable comparison between the trends (overall level). However, there are 

more factors that can influence an individual’s ability to interpret a graphic. Brna et al. (2001) 

suggest that prior knowledge which includes skills, preferences and experiences with graphs can 

influence the ease to interpret a graphic. Decoding, incorporate and reach to a conclusion from 

visualized information is comparable with a particular form of learning in which new information 

is assimilated and integrated with existing knowledge (Hullman et al., 2011). This is important 

to consider when designing the visualizations. Therefore, this will be more elaborated in the last 

part of this chapter comprising information visualization. First, the relation between the different 

insight types and graphicacy levels will be made. 

Chapter 2: Graphicacy - Graph comprehension
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One might suggest that obtaining certain types of insights require more effort and skills of the 

self-tracker than other types of insights. For instance, finding an extreme value in a line chart may 

be considered as easier than comparing a measured variable by time. Reviewing Table 2 about the 

different types and subtypes of insights that self-trackers can obtain, one might suggest that these 

can be put in a hierarchy on the basis of complexity. Moreover, the necessary skill of obtaining a 

particular insight type seems to correspond in a way to the graphicacy levels. By this, the (sub)

types of insight can be divided per graphicacy level. Based on the definitions of each insight (sub)

type and the quotes of the participants in the study by Choe et al. (2015), each of the subtypes of 

insights can be divided in the three levels of graphicacy. The insight types which do not have any 

subtype are considered as equal to subtype and are therefore also added to the overview. This results 

in Table 3. 

 As can be seen in the Table 3, the (sub)types that belong to the elementary level of 

graphicacy are insights that are related to reading one data point in a graph, for example, the 

insight type identifying a value or identifying a reference. Sometimes the system already provides 

you this information like a data summary, e.g., the amount of books you have read in a year. This 

is also seen as reading a single data point. Furthermore, almost all subtypes of Self-reflection are 

categorized in the elementary graphicacy level. Reflection about your data, e.g., what happened on 

a certain day (external context) and whether the data confirms / contradicts this does not require a 

high graphicacy level. 

  

2.2.2  Insight types per graphicacy levels

Elementary Intermediate Overall

Trend

Variability

Distribution by category

Outlier

Identify extreme

Compare by time segmentation

Compare by factor

Identify value

Identify reference

Data summary

External context

Confirmation

Contradiction

Correlation

Prediction

Compare against external data

Table 3. Graphicacy levels and associated insight types
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 The (sub)types in the level of intermediate graphicacy require the self-tracker to look at 

more data points at the same time in order to read between the data. The common insight that 

self-trackers aim at is finding a trend, which is also the key element of the intermediate level. Once 

a person has found a trend, he can identify the variability of the measured variable and possible 

outliers (identify extreme / outliers).  Also comparing two data points of different variables, e.g., 

compare by factor, comparison by time segmentation, or comparing instances are positioned in the 

intermediate graphicacy level. They do not require to read all the data points of a particular variable 

and are therefore not categorized as an overall graphicacy level.

 The (sub)insight types belonging to the overall graphicacy level are insight types that 

require the self-tracker to read and reflect all data points of the variable(s). For instance, one needs 

to find a trend first to be able to predict future results. The insight types compare against external 

data and correlation also require this cognitive ability. When comparing variables in its totality, 

either with external data or between your own measured variables, one needs to be able to obtain 

the structure of the variable (all data points) and how it is connected to other variables. This is the 

most difficult (sub)insight type and therefore belonging to the overall graphicacy level.   

 The previous chapters have given an overview how an individual his graphicacy level is 

related to the possible obtainable insight types in the Quantified Self. Even more, it also illustrates 

how an individual can be categorized per graphicacy level based on the obtained insight type. 

Both concepts are based on interacting with visualizations. Therefore, the next chapter provides an 

overview of the field of information visualization.

In the current study it is required to design information visualizations with the goal to see the relation 

between the complexity of a visualization and an individual his graphicacy level. Consequently, this 

chapter illustrates how information can be visualized and what options there are inside the field of 

information visualization. The type of visualization as well as the interactivity moderate the process 

of obtaining an insight and will therefore be discussed as well.  

Information Visualization is an emerging field of independent research that aims at enhancing the 

cognition by developing effective visual metaphors for mapping abstract data (Card et al., 1999).  

The field is traditionally viewed as a set of methods that aims at enabling humans to understand 

2.3  Information visualization

2.3.1  Designing information

Chapter 2: Graphicacy - Insight types per graphicacy levels
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and analyse large, complex data sets, such as in the Quantified Self community. The design of such 

data visualizations is mostly supported by outcomes of visual cognition and perception research 

(Ware, 2000). As the society becomes more digital through digital interfaces, Manovich (2000) 

introduced the term info-aesthetics as a reflection to the emerging theoretical concept. The concept 

aesthetics is related to the empirical judgement of users interacting with objects or surroundings, 

often provoking various emotions. Regarding aesthetics, there is a shift happening that can be 

illustrated by the Vitruvius Triangle. The Roman architect Vitruvius already proposed a triangular 

model in his book De Architecture in 25BC that is still applicable to nowadays design cases. As in 

most other design cases (e.g. architecture, product design, and fashion), the designer attempts to 

achieve a feasible equilibrium between the requirements of utilitas (utility), firmitas (soundness) 

and venustas (aesthetics). With respect to information aesthetics, utility corresponds to ISO’s broad 

definition of usability with the aspects of effectiveness - the accuracy and completeness with which 

users achieve certain goals - and efficiency - the relation between the accuracy and completeness 

with which users achieve certain goals and the resources expended in achieving certain goals (ISO, 

1993). The requirement soundness is concerned with reliability and robustness of the system and 

the degree on how much the system can be used on different applications. Reliability and robustness 

relates to the quality of the visualization presentation and algorithm, e.g., the amount of crashes, 

the efficacy of the code and whether it fulfils it tasks and does what it is intended to do. The 

third requirement is related to the aesthetics of the system, the appeal or beauty of it. Moreover, 

aesthetics is not only related to the visual appeal but also encompasses the aspects of originality, 

innovation and novelty or the subjective factors included in the user experience. 

 In contrast to this model, the fields in computer science research in information visualization 

have mainly focused on the utility and soundness aspects by solving functional requirements 

and therefor disregarded alternative issues such as aesthetics or user experience (Vande Moere, 

Purchase, 2011).  Although the quote by Card et al. (1999) is contradicting with this shift, the 

focus on aesthetics is emerging in order to entice users. New visual forms are created as an attempt 

to compete with designers, leading to a never-ending quest for most designers. Although there are 

many forms of translating data into a visual output, Lau and Vande Moere (2007) introduced three 

factors that are central in this process: data, interaction, and aesthetics. These factors are concerned 

with issues related to how to represent (abstract) data with the focus on providing feedback on 

the user through interaction that aims at enhancing the user experience (aesthetics). The model 

is constructed by two perspectives. On the one hand it highlights the relationship between what 

“The purpose of visualization is insight, not pictures.” (Card et al.,  1999)
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the visualization can provide in terms of functionality and effectiveness (information visualization 

perspective) and on the other hand in the artistic influence and meaningfulness (visualization art 

perspective). Lau and Vande Moere (2007) also intruded the factors Data Focus and Mapping 

Technique as the factors that define this model: Data Focus is how the visualization can enhance 

the acquisition of an insight and Mapping Technique is focused on what method of representation 

can be used to map the data into a visual output.  These factors can be put in a linear process that 

starts with the data and ends with the user, as presented in Figure 4. In the present study the focus 

will be on the factor data focus, which is related to the acquisition of an insight. Representations and 

Interaction are still topics that need to be introduced and fit perfectly in line with the obtainment 

of an insight of the data. One can imagine that certain types of visualizations are easier to interpret 

than others. Moreover, in case of a complex visual output, it is often the case that the user is able 

to manipulate the visualization in certain ways in order to decrease the complexity and increase the 

readability. Therefore, these factors moderate the process in the obtainment of an insight and need 

to be elaborated in more detail.

Based on the work of Bertin (1967/1983) a theoretical framework is derived by Mackinlay (1999) 

in which he argued that graphics can be categorized into six types of graphical languages. These 

languages represent mathematical relationships among visual elements and require particular 

encoding techniques in order to obtain an insight. The six graphical languages are labelled as Axis, 

Apposed-position, Map, Retinal-list, Connection, and Miscellaneous. Each graphical language will 

also be depicted in Figure 5 on the next page.

Chapter 2: Information Visualization - Designing information

CreatorData Algorithm

Mapping Technique Data Focus

Visualization User

Figure 4. The process of information visualization

2.3.1.1 Moderator 1: Graphical Language
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 Axis language (a) is a single-position that 

encodes information by the placement of a mark on 

a single axis. Such graphical language requires the 

integration of information of the axis. 

 Apposed-position language (b) is information 

that is encoded by a marked set that is positioned 

along both x and y axes. It is necessary to integrate the 

information on the axes to come to a solution.  Some 

popular examples are a line chart or a plot chart.

 Map language (c) is information that is encoded 

by means of their spatial location of the marks. It requires 

the interpretation of information that is in general 

specific to any map task. It is often accompanied with 

the interpretation of symbols in relation to position. 

 Connection language (d) is information that is 

encoded by a set of node objects with a link of objects. 

The language requires the interpretation of information 

in relation to connections and links between sets of 

objects. Some examples include a tree graph, a network 

or an acyclic graph.

 Retinal-list language (e) does not require any 

form of position encoding as it is not needed to interpret 

information within fixed positions. Using visualization 

and orientation processes – often requiring the rotation 

or reflection of objects – one should be able to encode 

the graphical language. 

 Miscellaneous language (f ) is information 

that is encoded with additional graphical techniques 

and often requires knowledge about the assemblage of 

the graph, for instance a pie chart or a Venn diagram. 

In the case of the pie chart, one needs to know how 

information is represented proportionally on a circle.  

 One might suggest that the order of the 

graphical language presented here also increments in 
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its complexity respectively. For instance, graphical languages are more likely harder to decode when 

they are represented on a non-aligned scale, as in the last three graphical languages (Connection, 

Retinal-list, and Miscellaneous). There is also an increase in the level of abstraction, with Axis 

as the lowest and Miscellaneous as the highest form of abstraction. This could also play a role in 

the complexity of visualizations. Moreover, the complexity of a graph also increases when more 

variables are depicted in a graph (Axis and Apposed – position).  As seen in the Stage-based Model 

by Li et al. (2010)., the circles can be represented by a singular variable (uni-faceted) or multiple 

variables (multi-faceted).  The daily lives of people constitute of a variety of facets, for instance, 

their life at home, their work life, the daily interactions with people, and their physical activities. 

Some self-trackers keep track of multiple variables expecting to be able to find insights like the 

subtype self-reflection by factor. However, the integration of all the data remains a challenge in 

the field of information visualization. It is often that multi-faceted systems do not visualize the 

multiple variables together. But even if they manage to do so, the complexity of the graph increases 

and consequently, obtaining an insight will also be harder. Fortunately, there are several ways to 

deal with digital graphs, which will be explained next. 

One can imagine that raw data is often hard to interpret, regardless of the type of visualization. 

Without any possible interaction, an image becomes static or autonomously animated. The level 

of interpretation of static images becomes less when the data grows larger with more variables. 

However, even with a static image, e.g., a poster, one can interact with it by rotating it, looking 

closer or further away.  Fortunately, many tools in the Quantified Self movement collect digital 

data, resulting that it is mostly likely combined with software that is compatible with the data 

collected.  This software often enables the self-tracker to interact with it in several ways. Through 

reviewing existing literature containing taxonomies of interaction techniques inside the field of 

information aesthetics, seven categories of interaction techniques emerged by Yi et al. (2007): 

select, explore, reconfigure, encode, abstract/elaborate, filter, and connect. The overall interaction 

is focused on adapting the representation itself in order to support the user in his understanding 

or his exploration of the data. However, each interaction technique has its own advantages and is 

driven by a certain intention of the user. Therefore, each interaction technique will be discussed 

here shortly.

 Sometimes it is difficult for users to follow a particular item of interest as this one is not 

visually distinctive from the rest. The select interaction technique offers the user the possibility to 

2.3.1.2 Moderator 2:  Interaction techniques  

Chapter 2: Information Visualization - Designing information
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mark a data item(s) of interest in order to keep track of it. This interaction is often accompanied 

with putting a label onto a particular item of interest. Furthermore, the select interaction technique 

seems to be done prior to subsequent operations as it is coupled to other interaction techniques to 

enrich the user his exploration and discovery: the explore interaction technique. 

 It is often the case that users only can see a limited view of the data set due to the large 

scale, the view and/or screen limitations, and fundamental perceptual and cognitive limitations in 

the human information processing. The explore interaction technique enables the user to examine a 

subset of data cases. The most common example of this technique is panning: the movement of the 

camera across a scene or scene movement while the camera remains on his position. For example, 

this is often done by enabling the user to grab the scene and move it with a mouse or by simply 

altering the view via scrollbars.

 Another closely related interaction technique to the previous one is reconfigure: enable 

the user to have different perspectives onto the data by changing the spatial arrangement of 

representations. It allows the user to change the way the data items are arranged or the alignment 

of the data items, e.g., a baseline adjustment.

 Encode is a technique which enables the user to change the fundamental visual representation 

including the visual appearance, e.g., the colour, size and shape of each element. Another example 

of this technique is changing the data from one type of representation to a different one, for 

instance, changing a pie chart to a histogram. This change can stimulate users to uncover new 

aspects of relationships.

 Occasionally there are too many/less detail provided in a representation that it is hard to get 

any insight of the data. By abstracting/elaborating the level of abstraction of a data representation 

can be adjusted, e.g., a drill-down movement in a tree-map visualization to examine a particular 

sub-tree within the data. Another very common example is changing the scale of a representation 

in order to see the overview or a smaller set of the data: zooming-in or zooming-out. A key point 

in this interaction is that the representation is not fundamentally altered.

 The filter interaction technique enables the user to specify a range or condition with 

the intention to only those items that fit the criteria. Data that does not satisfy the range or 

condition will be hidden or shown differently in the representation. The actual data usually remains 

unchanged. Different variants of query controls can be used in this kind of interaction, e.g., alpha-

sliders, range-sliders and toggle buttons as filter of textual data, numerical data or categorical data 

respectively. 

 The last category of interaction techniques is related to the nature of graphs: connect. These 

interaction techniques are used to highlight associations and relationships between data items 
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that are already represented. Another option is to show hidden data items that are in some way 

connected to a specified item.  For example, the effect of hovering over a specified item that triggers 

other (hidden) items to become visually distinctive from the rest. 

The previous chapters have introduced several concepts and the relations between them. There 

were three central topics discussed: insight types in the field of Quantified Self (i), the graphicacy 

concept and the relation to the insight types (ii), and information visualization in general (iii). All 

topics are based on different factors: 

i-ii The graphicacy level of the self-tracker is based by the obtained insight types in a 

visualization (Table 3). And vice versa, the obtained insight types determine the graphicacy level of 

a self-tracker in a visualization.  

iii The complexity of the visualization is based on the graphical language, interaction techniques 

and prior knowledge which includes skills, preferences and experiences with the visualization (Brna 

et al., 2001). Even more, the motivation of the self-tracker might also influence the process of 

insight obtainment. For example, a higher motivated self-tracker might be more interested in 

finding higher level insights and vice versa. 

 

The aim of the study is to explore the relation between the complexity of the visualization and the 

graphicacy level of the self-tracker (Figure 6). The higher aim is to obtain a better understanding of 

how a visualization can be more supportive to a self-tracker in finding meaningful insights and how 

the visualization influences this process. In order to explore the relation, multiple visualizations 

need to be designed based on the discussed theory and tested by means of Table 3. It is necessary 

to measure the obtained insights and therewith determine the graphicacy level of a participant. 

Based on a similar study in measuring insights (North, 2006), an open-ended protocol will be used, 

combined with a qualitative insight analysis. This will be elaborated in the next chapter.

2.4  Research aims

Chapter 2: Research aims
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A 1 by 3 design was used, comprising 3 visualizations that were manipulated with-in participants. An 

open-ended protocol was used, combined with a qualitative insight analysis. In order to determine 

the graphicacy level of the participants, obtained insights per visualizations were captured and 

categorized according to Table 3. Participants verbalized their findings through a think-out-loud 

protocol. Through exploring on the one side the functionality of the visual and the on the other side 

the representation, insights about their data were obtained, verbalized and captured. The order of the 

visuals was counterbalanced as it could influence the obtainment of insights per visualization. This 

resulted in 6 orders of presentation. The three visuals are labelled as Dots-Lines, Flowergraph, and 

Abacus.  A small interview is conducted before the think-out-loud protocol to get the participant 

more in the mood and a small survey was filled in afterwards in which the visuals were evaluated 

based on aesthetics, intuitiveness, interaction and insightfulness. The results on the survey could 

serve as a control analysis to check whether the performance of the participants matched with their 

evaluations. 

3. Method

3.1  Design
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The study was conducted with 10 participants, 3 male and 7 females. The participants (mean = 

22.4 years, SD = 1.38) consisted of Fitbit users that were eager to explore their own data by means 

of different visualizations. All participants were Dutch-speaking students of the University of 

Technology in Eindhoven. The only condition for participating was to be in possession of a Fitbit 

with data of at least one month. This data also needs be fairly recent in such a way that they can, 

for example, memorize about any events of that particular month.

Visualizations

Three interactive visuals were designed with Adobe Flash Professional CS6 (www.adobe.com) in 

such a way that the participants his data could easily be implemented. The code of implementing 

the data can be seen in appendix C. Fitbit has limited the data export to one month, and therefore, 

each visual represents Fitbit data of maximum one month of data. The following variables have been 

used in the study: Date, Calories Burned, Steps, Distance, Floors, Minutes Sedentary, Minutes 

Lightly Active, Minutes Fairly Active, Minutes Very Active, and Activity Calories. The visuals 

will be presented here with an increasing complexity respectively. After the description of the 

visualizations, the design rationale per visualization will be discussed. 

Dots-Lines

The visual consists of an empty plain line graph in which the participant could choose what kind 

of variable he wants to be depicted in the graph. By selecting the variable, data points will be shot 

into the graph and connected with a line. The specific value and variable will be depicted in the 

textbox above the graph when hovering over the data point with the mouse. It is also possible to 

remove the dots by deselecting the variable. The x-axis represents the day of the month and the 

y-axis the normalized value, resulting in the minimum value on the lowest x-axis and maximum on 

the highest x-axis. As each value has a different unit and range they needed to be normalized and 

scaled between the highest and lowest y-axis. An example is provided in Figure 7.

Flowergraph

The Flowergraph is based on a bar histogram. Instead of the normal horizontal direction, this graph 

is depicted in a circular direction resulting in a flower-shaped visual. An example is provided in

3.2  Participants

3.3 Stimuli
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Figure 8. Likewise the previous graph, the so-to-say x-axis depicts the day of the month and the 

height of the bar represents the value. There are by default 4 variables depicted, each on top of each 

other. These can individually be changed by clicking on the little triangle. One can select a new 

variable and determine in which ring it will be depicted. The specific value and date of a particular 

bar will be shown in the center of the flower by hovering over the bar of interest. 

Chapter 3: Method - Stimuli

Figure 7.  A screenshot from the Dots-Lines visualization

Figure 8.  A screenshot from the Flowergraph visualization
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Abacus

The Abacus is the most abstract representation and probably the most unfamiliar one of the three 

visualizations in dealing with it. Therefore, the Abacus is intended to be the most complex one. 

An example is provided in Figure 9. The visualization is inspired by a vertical abacus where each 

column represents one variable. However, instead of a single rod per column, the column is divided 

into two rods: one representing weekdays and the other weekend days. The y-axis indicates the 

day of the month and the size of the ball represents the value: a small ball indicates a small value 

respectively and vice versa.  There are in total 8 rods that represent 4 variables. When selecting a 

new variable in the menu, the current balls will drop out and make room for new balls. New balls 

will be inserted when one clicks on the little square below the menu. There is also a small indicator 

(red/green dot) that indicates whether the column is ready or not to be explored, meaning that all 

the balls have fallen into a particular rod. The exploration could again be done through hovering 

over the balls. The hovered ball will get an extra line around it and it gets connected through a line 

to other balls of other variables of the same day. This results in 4 highlighted and connected balls. 

Therewith, the value of each ball will be shown in the textbox in the menu. 

Design rationale

The three visuals were designed with the background of graph languages and interaction types. 

As stated in chapter 2.1.1, Mackinlay (1999) introduced 6 graphical languages: Axis, Apposed-

position, Map, Connection, Retinal-list, and Miscellaneous. I already argued that the order 

Figure 9.  A screenshot from the Abacus visualization
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presented here shows an increase in complexity with Axis as the easiest graphical language and 

Miscellaneous as the hardest. The visualizations needed to have different complexities to determine 

the relation between graphicacy level and the complexity of visualizations. Therefore, a visualization 

with a relatively easy graphical language (the Dots-Lines with Apposed-position) and relatively 

hard graphical language (Abacus with Connection, Retinal-list and Miscellaneous) have been 

designed first. Thereafter, a visualization is designed with a graphical language that is somewhat 

easy and somewhat hard and should be between the complexity of the others (Flowergraph with 

Retinal-list and Axis).  The relation between the designed visualizations and graphical languages is 

elaborated here below.

 The Dots-Lines visualization fits mostly the characteristics of Apposed-position as it simply 

has an x-axis and a y-axis. It has the advantage that the participant can easily spot the maximum 

and minimum of a variable. For obtaining the range of a variable the participant simply needs to 

hover over these two dots. However, the visual can get quite complex when multiple variables are 

selected as multiple lines and colours are depicted in the graph.  

 The Flowergraph fits the characteristics of the graphical languages Axis and Retinal-list 

due to its circular orientation. The bars are presented on top of each other resulting in multiple 

single axes. This has the advantage that the participant can easier notice, for example, how the other 

variables correspond when a value is low on a particular day. However, it is still possible to consider 

the graph as an Apposed-position as there is a circular “x-axis” representing the days. It requires 

spatial and orientation thinking to determine which bar is higher or lower as these bars are more 

abstract than data points. Moreover, this cognitive task is especially necessary when comparing two 

bars on opposite sides of the visualization. Therefore, it fits the characteristics of the Retinal-list 

graph language.

 The Abacus fits the characteristics of the graphical languages Connection, Retinal-list 

and Miscellaneous. There does not seem to be a real “x-axis” or “y-axis”, but more a single axis 

that indicates the temporal information. With the interaction technique, it shows the relation 

between the other balls and therefore the Connection graph language. It also belongs to Retinal-

list as one needs to use visualization processes to compare the data points with each other, e.g., 

determine which ball is bigger and thus has a higher value. At last, it belongs to the graph language 

Miscellaneous as one needs to know beforehand how the graph is built before being able to explore 

it.

 All visualizations make use of the same interaction technique encode and reconfigure. The 

participant can change his perspective by changing spatial arrangements or its visual appearance, 

the colour. The Abacus has an extra interaction technique, connect, as it highlights associations and 

Chapter 3: Method - Stimuli
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relationships between the data. The interaction techniques between the visualizations is mostly the 

same as the focus is on the visualization themselves and not the interaction techniques. It would be 

an incorrect, for example, to compare a relatively easy visualization with complex interactions with 

a relatively complex visualization with easy interactions. This does not inform us about the inherent 

complexity of the visualization.

Survey

The survey consisted of 3 parts: the evaluation of the visualizations, the intrinsic and extrinsic 

motivation, and some demographic information. The full survey can be found in appendix B. 

 The visualizations were evaluated based on aesthetics, interaction, intuitiveness, and 

insightfulness. A 5-point Likert-scale was used to measure each variable. This resulted in 4 items 

per visualization and therewith 16 items in total for this part.  

 The motivation of the participant for using a Fitbit was measured via the SIMS-scale 

(Guay, Vallerand and Blanchard, 2000). By means of this 7-point Likert-scale, the participant could 

be categorized into one of the 4 motivation categories: intrinsic motivated, identified regulation, 

external regulation, and a-motivated. The description of the categories is discussed in chapter 2.1.1. 

Each motivation category had 4 items associated, resulting in a total of 16 items for this part of the 

survey. 

 Some questions related to the participants demographic were also in the survey, comprising 

their age, gender, occupation, and nationality. Together with the motivation categories, it could 

indicate how homogeneous the sample was. 

Each session was audio-recorded in order to categorize when possible each uttering to an insight 

type. It was made sure that nobody could interfere with the recording throughout the session. The 

survey regarding the visualizations, intrinsic/extrinsic motivation, and demographics was filled in 

afterwards on paper.

Each session took about 30 minutes and was divided into 3 parts. During the introductory part 

the participants were welcomed, registered, including the informed consent, and introduced to the 

setup of the session. Thereafter, they were interviewed about their use of the Fitbit, the amount 

3.4 Measurement

3.5 Procedure
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of months/years wearing the Fitbit and the reason of using it. Also, their method in dealing with 

their data was questioned, and especially where they focus on while analysing their data. Thereafter 

they were introduced to the think-out-loud protocol. During the second part they were provided 

with the 3 visuals separately. As mentioned before, the order of the visuals was counterbalanced. 

After being introduced to the think-out-loud protocol, they were set off and explored as long as 

they could about the visual with a maximum of 7 minutes. Each exploration per visual took about 

4 to 7 minutes. While they were exploring the visual, questions were asked to keep the participant 

motivated in exploring the data. The last part consisted of filling in a survey which took about 3-5 

minutes. At the end, they were compensated €5, - for their participation.

A content analysis (Braun & Clarke, 2006) was conducted to categorize the utterings to the found 

insight types by Choe et al. (2015). By comparing the utterings of the participants to the quotes 

from the participants in the study of Choe et al. (2015) or the description of each insight type, 

each uttering was when possible categorized to an insight type from Table 3. This process was done 

per visualization per participant. This resulted in a binary score per insight type per participant per 

visualization. The participant either obtained an insight type or not. By that, the overall amount 

of obtained insight types could be determined per participant per visualization. Moreover, the 

graphicacy level of the participant per visualization could be determined and therewith the relation 

between those two. 

 The motivation category of the participant was determined by calculating the averages 

of the 4 items per motivation category. This resulted in 1 average score per motivation category 

per participant. The higher the average of the items in a particular motivation category, the more 

the participant belongs to that motivation category. The highest average of a certain motivation 

category resulted in the participant being categorized with that motivation category. 

3.6 Analysis

Chapter 3: Method - Analysis
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The present study tried to obtain more understanding about the relation between the graphicacy 

level of a self-tracker and the complexity of a visualization. As mentioned before, the graphicacy 

level of a self-tracker could be determined based on the obtained insights types in a visualization.

Before making any suggestions on this relation, there are 5 steps that need to be done. First, it is 

required to analyse the participant’s utterings to determine which insights types are found (i). The 

obtained insight types already indicate to some extent how the participants deal with their data and 

how well the visualizations in general are being comprehended. However, this does not inform us 

about which visualizations provide more insight types and whether the order of presentation had 

an influence. Therefore, as second step, the obtained insight types will be presented per visualization 

and per order (ii).  To understand which visualization provided a deeper understanding, the found 

insight types were matched to a graphicacy level, which could either be elementary, intermediate, 

or overall. This will inform us how the obtained insight types are distributed per visualization 

with respect to the graphicacy level, and therefore, the level of understanding (iii). Thereafter, the 

participants can be categorized in graphicacy levels based on the previous steps (iv). The previous 

steps are based on 3 visualizations that are intended to have different complexities. As a control 

analysis, the results of the survey regarding the visualizations could inform us whether the designed 

visualizations were indeed experienced as it should be (v). Taken into account the results and 

deliberations from the previous steps, a relation between graphicacy levels of the participant and 

the complexity of the visualizations can be suggested and therewith an answer to our research aim.

4. Results & Discussion

visualizations
?determines

graphicacy levelinsight types
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 Furthermore, there were two possible factors that could influence the process of insight 

obtainment by the participant – the motivation of the participant and the order of the visualizations. 

The influence of motivation will be elaborated here and the order of presentation will be discussed 

along the process.

Participants

The SIMS-scale (Guay, Vallerand and Blanchard, 2000) resulted in an average score per motivation 

category per participant, meaning 4 averages per participant. The participants were categorized into 

one of the 4 motivation groups based on the highest average. The results show that 6 participants 

obtained a highest average in the intrinsically motivated category; 3 participants obtained a 

highest average in identified regulation; and 1 participant obtained equal averages in the categories 

intrinsically motivated and identified regulation. This means that 6 participants were categorized 

as intrinsically motivated, 3 participants into identified regulation and 1 participant belonged to 

both intrinsic motivated as identified regulation. As the difference between the averages for these 

two categories were rather similar for all participants, they were considered as equal. This shows 

that the participants were very homogenous to each other, both in motivation as in demographics. 

Therefore, no further analyses were done whether any dissimilarities in motivation or demographics 

had an impact on their performance and exploration on the visualizations.

Each uttering was when possible categorized into an insight type and denoted per visualization 

per participant. There were in total 159 utterings categorized, resulting on average in 15.9 utterings 

per participant. Some examples are provided in Table 4, illustrating that utterings often can be 

categorized into multiple insight types, and therefore, also multiple graphicacy levels.  

 Figure 10 shows the frequencies per obtained insight type and per visualization. It is 

noticeable that some insight types were considerably more often obtained than others. Insight types 

prediction and data summary were not obtained at all. It makes sense that these were not obtained 

as the visuals did not provide any support in doing so. The top 3 insight types were identify extreme 

(20x), external context (21x), and comparison by factor (21x). These sub insight types belong to 

the main insight types of Detail and Self-reflection. Identical to the study of Choe et al. (2015), 

these main insight types were most often obtained. Furthermore, these insight types are also often 

related to each other. Many participants tried to find extreme values (identify extreme) and tried to 

remember what they did on that particular day (external context) and sometimes how this is 

4.1 Categorizing utterings into insight types
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related to other variables (comparison by factor). For example, the quote of participant 6 in Table 

4 illustrates this with respect to the variable active minutes in the Dots-Lines.

 Almost all participants had obtained these types of insights. According to Figure 10, 8 

participants obtained the insight types of identify extreme and external context and 9 participants 

the comparison by factor in the Dots-Lines visualization. It could be that this approach of finding 

extremes is also a typical data analysis of the Fitbit users. Even more, it could also be due to the 

design of that visualization.  However, some participants also complained that the visualizations did 

not provide a baseline, especially regarding the amount of steps per day. Therefore, their reflection 

on whether they achieved their daily goal was sometimes not easy to do. Furthermore, Figure 10 

also shows that the top 3 insight types were all most often obtained via the Dots-Lines visual, 

which could be influenced by the order of presentation. No insight type is found by all participants 

as there is no score of 10.  Other noteworthy finding of Figure 10 is that in general the frequency 

of the obtained insight types is often higher with the Dots-Lines visual or the Abacus, except the 

insight types correlation and outlier were more obtained in the Flowergraph. This makes sense as 

the structure of the Flowergraph invited them more in doing so. For example, when a variable pops 

out somewhere (outlier/identify extreme), it is often very noticeable that another variable also pops 

out because the bars are connecting on that day. The participants often looked at those bars and 

tried to compare them by factors, often resulting in a quote like participant 10:

 

“When I have burned a lot of calories, I also had a lot of steps and walked a long distance.” [P10]

Chapter 4: Results & Discussion - Categorizing utterings into insight types

Quote Insight type(s)

“ I see that I take the stairs more in the weekend, because I am with my parents 
during the weekend”.

Comparison by time 
External context

Correlation

External context
Comparison by factor

Correlation 
Comparison by factor
Contradiction

Identify extreme
External context

“It is funny to see that if you walk a longer distance, you take more steps and 
therefore more calories, especially because it is one line like this”

“I see a lot of activity but not a lot of steps, so I probably sported on that day”

That’s weird, I did burn some calories but I didn’t walk a distance that day”

“I have been very busy on that day, which makes sense because I was scouting that 
weekend” 

[P1]

[P1]

[P2]

[P3]

[P6]

Table 4.  Quotes from participants and the associated insight type 
[P#] indicates the ID number of the participant.
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As discussed, Figure 10 already indicates to some extent how the participants deal with their data 

and how well the visualizations in general are being comprehended. However, it did not inform us 

precisely which visualizations provide more insight types and whether the order of presentation 

had an influence. This will be elaborated in the next step.

Figure 10.  The frequencies of obtained insight types per visualization. 
The numbers on the x-axis indicate the visualization with (1) = Dots-Lines, (2) = Flowergraph,  and (3) = Abacus.
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One would expect that the Dots-Lines visualization resulted in the most obtained  insight types, 

fewer with the Flowergraph and the least with Abacus. However, the average amount of obtained 

insight types for the Dots-Lines  is 6.00 (SD: 2.11), for the Flowergraph 4.1 (SD: 1.37) and the 

Abacus 5.8 (SD: 2.20), as presented in Figure 11a. The Flowergraph provided less insight types 

to the participants than the other two. The Abacus and the Dots-Lines provide on average about 

the same amount of insight types. To see whether the order of presentation might have had an 

influence on this, the averages per order are also plotted in Figure 2. The average number per order 

were 6.17 (SD = 1.94), 5.33 (SD = 2.16), 5.67 (SD = 2.08), 6.17 (SD= 1.94), 5.00 (SD = 1.00), 

3.50 (SD = 2.07),  respectively from order 1 to 6. The orders are also depicted below the x-axis in 

Figure 11b.  

This indicates that there is some spreading per order which could be due to the order of presentation 

itself or the graphicacy level of the participants. It is also noticeable that the average amount 

of obtained insight types is rather low in order 6, with the order Flowergraph, Dots-Lines, and 

Abacus. To get a better idea whether there is a possible effect through the order of presentation, the 

averages of amount insight types are presented per order in Figure 12. 

 It is noticeable that there is a pattern visible per order. The second visualization in each 

order provided more insight types than the first or third visualization, except when the second 

visualization is the Flowergraph (order 2 and 4). This again could indicate that the Flowergraph is 

providing fewer insight types or is experienced as a more complex visualization. The reason that the 

second visualization provided more insight types on average might be due to the obtained insight 

4.2 Insight types per visualization & per order

Chapter 4: Results & Discussion - Insight types per visualization & per order
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Figure 11.  Average amount obtained insight types per visualization (a) and per order (b)
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Figure 12.  Average amount of insight types per order and per visualization
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types of the first visualization. Participants learn from their previous visualization and can use this 

new knowledge in the process. Consequently, one would expect that the amount of found insight 

types would increase per visualization due to the knowledge obtained by the previous visualization. 

However, this effect did not occur in any of the orders. The third visualization provided on average 

always fewer insight types. It might be that the participant did not feel at ease in repeating himself/

herself per visualization and therefore did not speak out the same obtained insight as before. 

Moreover, it might also be that the motivation level of the participant decreased after analyzing the 

first two visualizations, resulting in fewer (new) obtained insight types in the third visualization. 

This decrease is also visual in Figure 12, except for order 2 and 4 where the Flowergraph is the 

second visualization and thus leading to fewer insight types on average. This effect also might have 

happened due to the use of the same data for all visualizations. Analyzing two visualizations with 

the same data set might impact the analysis of the third visualization, either due to their motivation 

or the inconvenience of repeating previous obtained insight.  

 Figure 12 shows the overall insight obtainment but does not illustrate how deep the 

understanding of each visualization is and whether the order also had an influence in this aspect. 

Therefore, the next step is to analyze the insight obtainment based on the graphicacy levels. 

Each insight type belongs to a certain graphicacy level, either elementary, intermediate or overall, 

respectively from easy to hard (Table 3). One would expect that the insight types belonging to 

the elementary graphicacy level would be most often obtained as these should be the easiest ones. 

The amount should be followed by insight types belonging to the intermediate graphicacy level 

and overall graphicacy level. Even more, the Dots-Lines visualization should provide the most 

and highest level of insights as this should the easiest visualization. This should be vice versa for 

the Abacus. Figure 13 presents the average amount of insight types per graphicacy level and per 

visualization.

 As expected, the average amount of insights belonging to the overall graphicacy level were 

most obtained via the Dots-Lines, but equal between the Flowergraph and Abacus. This could 

indicate that the Flowergraph and Abacus were equal in complexity. In contrast to the expectations, 

the insight types belonging to graphicacy level intermediate were more often obtained, followed by 

the elementary insight types. This does not necessarily mean that the insight types were incorrectly 

categorized to a graphicacy level. The insight types belonging to the elementary graphicacy level 

mainly cover the main insight type of Self-reflection, which is less connected to interpreting 

4.3 Insight types to graphicacy levels

Chapter 4: Results & Discussion - Insight types to graphicacy levels
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visualizations and more about whether the data and obtained insights makes sense to them. In 

addition, it might also be that the participants did not feel the need to point out easy obtainable 

insights, e.g., speak out loud a value of a certain element.  Therefore, it is understandable why 

insight types belonging to the elementary graphicacy level were less obtained or verbalized. 

Again, the average amount of obtained insights belonging to the intermediate graphicacy level 

were about equal between the Dots-Lines and Abacus, but fewer in the Flowergraph. This also 

reflects the previous finding that in general fewer insight types were obtained via the Flowergraph. 

Furthermore, the average amount of obtained insights belonging to the elementary is about equal 

between the three visualizations. This could indicate that the participants could equally relate to 

the data between the visuals. 

 Figure 13 also shows differences between participant’s graphicacy levels. The next step is to 

categorize the participants in a certain graphicacy level per visualization.    

The participants were categorized into a single graphicacy level per visualization. The graphicacy 

level of the participant was determined according to Table 3, including the different types of insight 

types matched to a graphicacy level. This resulted in either a graphicacy of elementary level, 

4.4 Graphicacy levels of the participants

Figure 13.  Average amount of insight types per visualization and per graphicacy level
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intermediate level, or overall level. For example, if a participant obtained an insight type belonging 

to the intermediate graphicacy level, he/she would be categorized as intermediate. The amount of 

participants per graphicacy level per visualization is presented in Table 5.

 In the previous step, it was expected that the amount of participants obtaining an overall 

graphicacy level should be higher with the Dots-lines visualization and lower with the Flowergraph 

and Abacus.  In contrast, Table 5 shows that 6 participants were categorized with an overall graphicacy 

level with the Dots-Lines and Flowergraph visualization and 4 participants with an intermediate 

graphicacy level. Half of the participants were categorized with an intermediate and overall 

graphicacy level for the Abacus. No participant was categorized with an elementary graphicacy 

level. However, it could be that a participant was categorized with an overall graphicacy level for 

the Dots-Lines visualization and with an intermediate graphicacy level for the Flowergraph. This 

does not inform us well about the interpersonal differences. Therefore, Table 5 does not support 

us in our research aim in finding a relation between the graphicacy level of self-trackers and the 

visualizations. The performance of the participants (graphicacy) should be evaluated through a 

different method. 

Graphicacy score

It could be the case that the participant only obtained a single insight belonging to the overall 

graphicacy level and consequently being categorized as someone with an overall graphicacy level. 

However, this may not inform us about how well the readability of the visualization is and the 

interpersonal differences. In order to see the interpersonal differences, the categorical variable 

graphicacy is in the further analyses transformed to a numerical variable, labelled as graphicacy 

score. The score increases 1 point for each found insight type belonging to elementary graphicacy 

level, 2 points for each found insight type belonging to intermediate graphicacy level, and 3 points 

for each found insight type belonging to an overall graphicacy level. This scoring system is not 

Chapter 4: Results & Discussion - Graphicacy levels of the participants
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Table 5.  Amount participants per graphicacy level per visualization 
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arbitrary chosen, but based on the interpretation of the score. If a different scoring system would 

have been used with a bigger spreading, e.g., 1, 5, and 10 points per graphicacy level, it could cause 

the following scenario: a participant who obtained two insights from the overall graphicacy level - 

resulting in a graphicacy score of 20 -  would be considered equal in performance to a participant 

who obtained four insights from the intermediate graphicacy level. With this system, the score 

would inform us less specific about the interpersonal differences. Again, the frequency of a obtained 

insight type is not taken into account. The score would be incorrect if, for example, a participant 

would read out 10 times a value in the visualization and consequently increase his score with 10 

points. This does not inform us about how well understandable the visualization is. It is only our 

interest to see whether the participant is able to obtain certain types of insights. 

 It should be the case that more obtained insight types should lead to a higher graphicacy 

score, meaning that a participant could better process and deal with a visualization. Therefore, the 

graphicacy scores are plotted with the amount of obtained insight types per participant, resulting in 

a scatterplot in Figure 14. The scatterplot shows that indeed more insight types obtained results in 

a higher graphicacy score. Even more, the participants individual differences can better be analysed 

now. The previous described scenario is limited to only 1 insight type, meaning that a participant 

who, for instance, obtained 6 insight types could have an equal score to someone who obtained 5 or 

7 insight types. Therefore, the interpersonal differences can now be better analysed as this margin 

is limited to 1 insight type.
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Figure 14.  A scatterplot of the amount obtained insight types and graphicacy 
score. Some participants performed equally as there are only 22 dots, instead of 
30. The line is plotted to illustrate the correlation.  
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Using the new graphicacy score, the previous analyses in step (ii) can be redone and re-analyzed. 

The average graphicacy score for the Dots-Lines is 11.2 (SD = 4.26), the Flowergraph 7.60 (SD 

= 2.95), and the Abacus 10.4 (SD = 4.14). The average graphicacy scores per order were 12.3 (SD 

= 4.03), 8.83 (SD = 3.71), 11.0 (SD = 4.36), 10.8 (SD= 3.19), 8.67 (SD = 3.05), 6.80 (SD= 4.46), 

respectively from order 1 to 6. The new graphicacy scores per visualization (a) and per order (b) are 

presented in Figure 15a-b.

 As noticeable, Figure 15a-b very much resemble the previous Figure 11a-b because the 

graphicacy score and amount of insights is correlating to each other (Figure 14). However, as 

expected, there is a bigger spreading due to the scoring systems. 

The graphicacy score for the Abacus now shows some outliers. The previous findings still apply 

to the graphicacy score. The Flowergraph provides a lower graphicacy score on average, meaning 

that it is less readable than the others. The  Dots-Lines and Abacus provide on average the same 

graphicacy score. However, disregarding the outliers from the Abacus, the Dots-Lines has a bigger 

spreading than the Abacus. Figure 6 shows that on average, the graphicacy scores between the 

different orders are more or less equal, while order 6 has on average a lower graphicacy score. 

Likewise as Figure 12, the average graphicacy scores per order are depicted in Figure 16. The figure 

shows that the previous findings also apply with the graphicacy score: the second visualization 

provides a higher graphicacy score on average unless it is the Flowergraph (order 2 and 4); besides 

the order 2 and 4, the third visualization results in a lower graphicacy score than the first and 

second visualization. 

 Again, this is explainable due to the high correlation between graphicacy score and 

Chapter 4: Results & Discussion - Graphicacy levels of the participants
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Figure 15.  Average graphicacy score per visualization (a) and per order (b)
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Figure 16.  Average graphicacy score per order per visualization
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the amount of obtained insight types. Nevertheless, the relation between the graphicacy of the 

participant and the complexity can be analyzed better through this method than the previous 

categorization method. Before analyzing that relation, it is necessary to validate the visuals first 

whether the complexity was indeed evaluated as it should be.  

Some visualizations were easier to interpret than others and this could lead to more insights, 

more insight types or even insight types belonging to a higher graphicacy level. Three interactive 

visuals have been designed, each with the intention to have a different complexity. The intended 

order of increasing complexity of the visuals should be: Dots-Lines, Flowergraph, and Abacus. This 

order also indicates the increase of abstraction and familiarity of the visuals which should increase 

the complexity of the visualization. The answers to the survey, regarding insightfulness, aesthetics, 

interaction, and intuitiveness, served as a control analysis in whether this order of complexity is 

indeed experienced.  The averages per measurement are presented in Figure 17. 

 

 The Dots-Lines visualization scored on average the highest on all measurements, except for 

the variable aesthetics. This makes sense as this visualization is based on a regular line-graph that 

the participants are used to. 

4.5 Evaluation of the surveys

Chapter 4: Results & Discussion - Evaluation of the surveys
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Figure 17.  Average evaluations of the visualizations
The numbers on the x-axis indicate the visualization with (1) = Dots-Lines, (2) = Flowergraph,  and (3) = Abacus.
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 As expected, both the Flowergraph and Abacus were experienced on average as more 

appealing to the Dots-Lines, but interestingly equal to each other. The Flowergraph and Abacus were 

both considered as equally insightful but less insightful than the Dots-lines. This is contradicting 

with the results from Figure 11 and Figure 15, showing that the Abacus has on average the same 

amount of found insight types and graphicacy score as the Dots-Lines graph. The interaction was 

on average equal helpful between the Flowergraph and Abacus, but lower than the Dots-Lines. 

This is also contradicting as all visualizations used the same interaction techniques, including the 

same action and result - hovering over the item of interest to get specific details of the data. A 

difference was expected between the Abacus and the other visuals as the Abacus is the only visual 

that has an extra interaction by connecting the different variables with each other. 

 At last, the evaluation of intuitiveness shows that both the Flowergraph and Abacus 

are experienced on average as less intuitive than the Dots-lines. Again, there is no difference on 

average experienced between the Flowergraph and Abacus on this evaluation. These results are in 

line with a similar study done by Wang et al. (2015)  in which also was demonstrated that abstract 

visualizations are experienced as more aesthetically pleasing but less insightful. The abstraction 

of the visualization might enhance the participant his motivation to explore on the one hand the 

functionality of the visual as well as the data itself. This in turn could lead to more insight types 

but experienced as less insightful and less intuitive as it requires more cognitive effort. This effect is 

also shown in Figure 11 and Figure 15, where the average amount of obtained insight types of the 

Dots-Lines is almost equal to the Abacus.    

 From only the results of the survey it is arguable that there is a difference in complexity 

between Dots-Lines and the Flowergraph or Abacus, but not between the Flowergraph and 

Abacus as these are evaluated as almost equal on average. The Dots-Lines was indeed experienced 

as a visualization with a lower complexity, as it was evaluated as more intuitive and insightful. 

The Flowergraph and Abacus were both experienced as visualizations with a higher complexity, 

but equal to each other. However, this equality is not found in the previous steps (4.1-4.5). Even 

more, the Abacus – the visualization with the highest complexity - provided on average an almost 

equal amount of insights and graphicacy score to the Dots-lines- the visualization with the lowest 

complexity.  The following and final step will elaborate on this findings and therewith provide a 

suggestion on the research aim. 

Taken into account the previous findings and elaborations, a suggestion will be made on the research 

4.6 Graphicacy & the complexity of a visualization
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question “What makes a good visualization for self-trackers, given the individual differences 

in graphicacy?”. As discussed, categorizing people into 3 graphicacy level does not suggest well 

the interpersonal differences. In contrast, the graphicacy score does seem to provide better the 

interpersonal differences. Therefore, the relation between the complexity of the visualization and 

graphicacy score will be discussed here. 

 Brna et al (2001) suggested that prior knowledge, including skills, preferences and 

experiences with graphs influences the comprehension of visualizations, and therefore, also insight 

obtainment. It is reasonable to argue that the more prior knowledge, skills and experience one 

has with a certain graph would result in a better graph comprehension. And vice versa, unknown 

types of visualizations or standard visualizations that are a bit abstracted might decrease the graph 

comprehension. However, the current results show that the most insightful and intuitive visualization 

(Dots-Lines) and the least insightful and intuitive visualization (Abacus) scored on average equal 

to each other with respect to the amount of insight types and graphicacy score. This means that the 

visual with the lowest complexity, lowest abstraction, and highest familiarity and the visual with 

highest complexity, highest abstraction, and lowest familiarity resulted in more or less the same 

result. The visualization between those two complexities, abstraction and familiarity (Flowergraph) 

resulted in fewer obtained insight types and therefore a lower graphicacy score. Taking into account 

the notion of Brna et al. (2011), it could be argued that the level of graph comprehension decreases 

when a standard graph, e.g., a line graph or bar histogram, is abstracted to a certain level, but 

increases once the graph reaches a level of abstraction to a certain level.  In addition, the current 

results show that too little abstraction does not support the graph comprehension and might only 

distract and confuse the self-tracker. For example, the Flowergraph is a little abstraction from a 

normal bar histogram. It could be that a normal bar histogram would provide more insight types 

than the Flowergraph due to its abstraction, unfamiliarity and therefore complexity.

 Equally to the study by Wang et al. (2015), their two abstract visuals were also evaluated as 

less intuitive but more insightful. However, their visuals were really abstract and were hardly related 

to any mathematical graphical language: one visual resembled a flower and the other a sparkle. 

These visualizations required also some training in order to obtain some understanding and were 

therefore experienced as more insightful and enjoyable. However, Wang et al. (2015) suggest that 

abstract visualizations with too much emphasis on aesthetics may cause the visualization too hard 

to comprehend as the visual gets disconnected from the represented information. 

The previous deliberation might suggest the following hypothetical relation and therewith suggest 

an answer to the research question. There seems to be two kinds of visualizations that result in the 

optimum graph comprehension: a very standard visualization and a visualization that is abstracted 

Chapter 4: Results & Discussion - Graphicacy & the complexity of a visualization
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to a certain level (Figure 18). However, the experiences of those visualizations are different, where 

the abstract one is favorable as illustrated in the current study and the study by Wang et al (2015). 

The Dots-Lines visualization scored almost similar as the Abacus, but was aesthetically less 

appealing and also experienced as less fun. The abstract visualizations all scored higher on this 

aspect than the more common visualization. Therefore, as abstract visualizations are experienced 

more enjoyable, we should strive for those visualizations that are providing an optimal graphicacy 

score. More visualizations with different abstract/complexity levels should be designed and tested 

to specify the level of abstraction that results in an optimum graphicacy score. 

 Admittedly, Figure 18 is based on the results of the current study and somewhat on the 

results by Wang et al. (2015) and is merely a tentative suggestion to the research question. Some 

limitations were present in the process and might be interesting for future work. This will be 

elaborated next. 

One of the limitations in this study is the background of participants. All participants were students 

from a technical university, meaning that they were trained in abstract thinking and obtaining 

insights from a graph, resulting in relatively high graphicacy scores . In a future research it would 

be interesting to see how this study would turn out when the participants were people who are not 

trained in dealing with graphs and abstract thinking on daily basis. It would also be interesting to 

4.7 Limitations & Future research
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Figure 18.  Hypothetical relation between complexity of visualizations and graphicacy score
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see the relation between self-trackers with different motivations and personality types and their 

graphicacy score.  

 Another limitation is the specific aspects of Fitbit data that enhances the obtainment of 

some insight types, for example, the insight type correlation as discussed in step (i). The Fitbit 

provides several measurements that are all somewhat based on each other. For example, it is often 

the case that a person has burned a lot of calories when he/she has walked a lot. This in turn is 

also often linked to the amount of active/non-active minutes per day. This already implicates a 

logical correlation and does not require the same cognitive effort to find new correlations between 

other kinds of measurements. It was also noticeable that all found correlations were similar to the 

previous given example. It also says something about the way they normally deal with their Fitbit 

data. 

 Most of them are following the track & act process as presented in the Livid Informatics 

model by Epstein et al. (2015). Most participants had a daily step-goal and checked whether they 

were in line with it or not. Some participants also looked back to the previous week and see how 

well they did regarding their daily step-goal. However, none of the participants were used to look 

back at their Fitbit data of 1 month. In addition, they often missed a baseline to see whether they 

achieved their daily goal or not, especially in the Dots-Lines visualization.

 Furthermore, as there were 3 visualizations presented in one session, it could be the case that 

certain insight types were obtained due to previous obtained insights from previous visualizations. 

As said, the second and third presented visualization could be biased by the first or second one due 

to the use of one data set. Future studies should use multiple personal data sets from a person or 

have multiple sessions with each participant with different personal data sets.  This is necessary to 

avoid any effect of order of the visualizations, motivation, and interest of the participant. 

 Some analytical limitation was that Table 3 is not validated yet. Some insight types 

are debatable whether they belong to certain graphicacy level. The results of this study could 

be somewhat different if the insight types were divided different among the graphicacy levels. 

However, the results do not indicate that the insight types were misplaced in that table. To be more 

sure, future research could validate the complexity of each insight type. 

 Besides the determination of the graphicacy level of each insight type, the categorization 

of each uttering is also subjective and sometimes debatable. Again, an other researcher could 

categorize an uttering to a different insight type and consequently change the result somewhat of 

the study. The effect of incorrect categorizing utterings to insight types is also not tested. Future 

research could be designed to create a tool which enables you to determine which kind of insight 

types a visualization can provide.

Chapter 4: Results & Discussion - Limitations  & Future work
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In the current study, 3 interactive visualizations have been designed, each with a different complexity. 

Through the use of a think-out-loud protocol, participants’ insights about their Fitbit data were 

verbalized, captured and analysed and therewith, their individual graph comprehension skills could 

be determined. The categorization of participants into 3 graphicacy levels did not inform us well 

about the interpersonal differences. However, a new method was developed based on a scoring 

system that enabled us to study the interpersonal differences better. 

 A hypothetical relation between graphicacy and the complexity of the visualization emerged 

from the results. There seems to be two conditions of a visualization that result in an optimum 

insight obtainment. The visualization needs to be either very concrete and familiar (low complexity) 

to the self-tracker or abstract and unfamiliar to a certain level (high complexity). Visualizations 

with features that are between these levels result in less insight obtainment. However, abstract and 

unfamiliar were experienced as more enjoyable and aesthetically pleasing. Therefore, we should 

strive for those abstract visualizations that are providing an optimal insight obtainment. More 

visualizations with different abstraction/complexity levels should be designed and tested with a 

more diverse sample. This is needed to specify the level of abstraction that results in an optimum 

insight obtainment. 

 Looking back to the starting point of the thesis, it was illustrated that more and more 

people are becoming self-trackers, either exploring their own biology, behavior or environmental 

issues. The problem was brought to light that self-trackers need to be able to obtain meaningful 

insights from their collected data in order to be able to improve their live through data. Another 

consequent effect could be that the self-tracker quits his self-tracking activities as no meaningful 

insights could be obtained. With the results of this study, a higher understanding is gained on the 

relation between the complexity of the visualization and the self-tracker his graph comprehension 

skills. This new understanding should support 1) the design of new better fitting and enjoyable 

visuals for self-trackers, 2) the obtainment of meaningful insights by self-trackers, and 3) the 

foundation for future research by making use of the new method. This should make the activity of 

self-tracking worthwhile again, resulting in more similar people as the person of the quote at the 

beginning of the thesis.

5. Conclusion

Chapter 5: Conclusion
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Summary

This little anecdote illustrates the current movement nowadays worldwide: people in relation with 

technology and sensors exploring their own biology, (social) behaviour or environmental related 

issues. Swan (2013) labelled these people as Quantified Selfers (or self-trackers). This community 

aims to create systems that not only allow users to collect data, but also provide insights in our daily 

life leading to a favourable change in our behaviour. I argued that self-trackers need their data to be 

visualized in order to deal with their data and to continue their self-tracking. Visualizations work 

well because humans are very good at detecting relations and especially spatial relations (Wainer, 

1980). Wainer (1980) labelled the necessary skill for obtaining insights from a data graphics as 

graphicacy - the ability to read, process, and comprehend data graphics. The graphicacy level of 

an individual and the complexity of a graph determines the kind and level of obtainable insight. 

However, many self-trackers do not succeed in obtaining complex insights either due to their 

limited graphicacy level or due to the high complexity of the visualization. Therefore, one might 

wonder:  What makes a good visualization for self-trackers, given the individual differences in 

graphicacy?

 Multiple visualizations need to be designed based on the discussed theory. It is necessary 

to measure the obtained insights and therewith determine the graphicacy level of a participant. 

Based on a similar study in measuring insights (North, 2006), an open-ended protocol will be used, 

combined with a qualitative insight analysis.

 Three interactive visualizations have been designed in which Fitbit users could implement 

Look at my watch! Each time my mother in law talks to me, 

my heart rate raises over a 100! And if she stops talking, it 

goes back to about 80. Interesting, right? “

“
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their data of one month. The visualizations differed in complexity: a line graph, a multi-variable 

circular bar histogram, and an abstract abacus, respectively from low to high complexity. The order 

of visualization was counterbalanced, resulting in 6 different orders. Through exploring on the one 

side the functionality of the visual and the on the other side the representation, insights about 

their Fitbit data were obtained, verbalized, and captured through a think-out-loud protocol. The 

utterings of each participant were categorized to a certain insight type and therewith its graphicacy 

level. At last, a survey was filled in about their evaluation per visualization.

 The results show that the line graph resulted on average equal to the abacus regarding the 

amount and level of insight types. The circular bar histogram scored less in this aspect. However, 

the order of presentation did have an influence on the insight obtainment. Most insight types 

were obtained in the second visualization, unless it is the circular bar histogram. Fewer insight 

types were obtained in the third visualization.  Both the circular bar histogram as the abacus were 

evaluated as more appealing than the line graph by the participants. The abstract visualizations 

seemed more enjoyable to explore than the plain line-graph.  

 There seems to be two kinds of visualizations that result in the optimum graph 

comprehension: a very standard visualization and visualization that is abstracted to a certain level. 

The results indicate that once the visualization has reached a level of abstraction, the visualization 

provides on average almost an equal amount and level of insights as normal visualizations that we 

are used to, e.g., a line graph. Even more, the abstract visualizations are also experienced as more 

appealing and enjoyable. However, it does not provide on average an equal amount and level of 

insight once the visualization does not reach that level of abstraction. These results indicate that 

the concrete visualization scored equal to the most abstract one, while the somewhat abstract and 

somewhat concrete visualization scored less. 

 To conclude, 3 interactive visualizations have been designed each with a different complexity. 

Through the use of a think-out-loud protocol, participants insights about their Fitbit data were 

verbalized, captured and analysed and therewith, their individual graph comprehension skills could 

be determined. The results show an interesting relation between the complexity of the visualization 

and the level of insight obtainment. There seems to be two conditions of a visualization that result 

in an optimum insight obtainment: a very concrete and familiar visualization or a visualization 

that reaches a certain level of abstraction. The new understanding should support 1) the design of 

new better fitting and enjoyable visuals for self-trackers, 2) the obtainment of meaningful insights 

by self-trackers, and 3) the foundation for future research by making use of the new method. This 

should make the activity of self-tracking worthwhile again, resulting in more similar people as the 

person of the quote at the beginning of the summary.
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Participant’s paraph _____  
 

 

 

Informed consent form 
This document gives you information about the study “Understanding your Fitbit data”. 
Before the study begins, it is important that you learn about the procedure followed in this 
study and that you give your informed consent for voluntary participation. Please read this 
document carefully.  
 
Aim and benefit of the study 
The aim of this study is to measure the type, level and amount of insights people obtain 
from visualizations of their own data. This information is used to �ind out the relation 
between a visualization type and the level, type and amount of insights. 
 
This study is performed by René van Knippenberg, a student under the supervision of 
Peter Ruijten and Els Kersten of the Human-Technology Interaction group. 
 
Procedure  
This study is divided into 3 parts. In the �irst part you will be brie�ly interviewed about 
your Fitbit use and insight obtainment. During the second part, you will be provided with 3 
types of interactive visuals that represent your personal collected data by the Fitbit of one 
month. Your task is to interact, analyze and re�lect on the visuals with the goal to �ind any 
possible insight of your personal data. At last, you will �ill in a brief survey. 
 
Risks 
The study does not involve any risks or detrimental side effects.  
 
Duration 
The study will last approximately 30 minutes. 
 
Participants 
You were selected because you were registered as participant in the participant database 
of the Human Technology Interaction group of the Eindhoven University of Technology 
and you wear a Fitbit device on a daily basis.  
 
Voluntary 
Your participation is completely voluntary. You can refuse to participate without giving 
any reasons and you can stop your participation at any time during the study. You can also 
withdraw your permission to use your data up to 24 hours after the study is �inished. All 
this will have no negative consequences whatsoever. 
 
Compensation 
You will be paid 5 euros (€2.00 extra if you do not study or work at the TU/e or Fontys 
Eindhoven). 

Appendix  <A>  Informed consent



77

 
Confidentiality  
All research conducted at the Human-Technology Interaction Group adheres to the Code of 
Ethics of the NIP (Nederlands Instituut voor Psychologen – Dutch Institute for 
Psychologists). 
 
We will not be sharing personal information about you to anyone outside of the research 
team. The audio recordings that are made during this study will not be distributed and will 
not be played back in the presence of persons other than the researchers. The material will 
be used only for scienti�ic analysis. The information that we collect from this study is used 
for writing scienti�ic publications and will only be reported at group level. It will be 
completely anonymous and it cannot be traced back to you. 
  
Further information 
If you want more information about this study you can ask René van Knippenberg (contact 
email: r.m.d.v.knippenberg@student.tue.nl  
  
If you have any complaints about this study, please contact the supervisor, Peter Ruijten 
(p.a.m.ruijten@tue.nl). 
 
 

Certificate of Consent 
 
I, (NAME)……………………………………….. have read and understood this consent form and 
have been given the opportunity to ask questions. I agree to voluntarily participate in this 
study carried out by the research group Human Technology Interaction of the Eindhoven 
University of Technology. 
 
 
 
 
 
 
 
 
 
 
 
Participant’s Signature Date 
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Linegraph

Flowergraph

Abacus

Using the scale below, please circle the number that best indicates your (dis)agreement.
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The visual provided me with meaningful insights

The visual provided me with meaningful insights

The visual provided me with meaningful insights

The design of the visual was appealing to me

The design of the visual was appealing to me

The design of the visual was appealing to me

The interaction with the visual helped me in obtaining insights

The interaction with the visual helped me in obtaining insights

The interaction with the visual helped me in obtaining insights

The visual was understandable and usable immediately

The visual was understandable and usable immediately

The visual was understandable and usable immediately

V isuals
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Why are you currently engaged in self-tracking?

Demographics

Read each item carefully. Using the scale below, please circle the number 

that best describes the reason why you are currently engaged in self-

tracking. Answer each item according to the following scale: 

1:  corresponds not at all  

2:  corresponds a very little  

3:  corresponds a little

4:  corresponds moderately    

5:  corresponds enough

6:  corresponds a lot    

7:  corresponds exactly

Mot ivat ion
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1
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1. Because I think that self-tracking is interesting 

Age: 

Gender:

Nationality:

Occupation:

5. Because I think that self-tracking is pleasant  

9. Because self-tracking is fun 

15. Because I feel that I have to do it 

2. Because I am doing it for my own good  

6. Because I think that self-tracking is good for me 

10. By personal decision 

16. I do self-tracking, but I am not sure it is a good thing to pursue it 

3. Because I am supposed to do it 

7. Because it is something that I have to do 

13. Because I feel good when doing self-tracking 

11. Because I don’t have any choice 

4. There may be good reasons to do self-tracking, but personally I don’t see any 

8. I do self-tracking but I am not sure if it is worth it 

14. Because I believe that self-tracking is important for me 

12. I don’t know; I don’t see what self-tracking brings me 
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********************************************************************************
   
	 	 	 Collecting	the	data	from	the	.txt	file	
   and insiert into the correct variable   

******************************************************************************** 
   
 // This function starts as soon the EVENT is loaded
loader.addEventListener(Event.COMPLETE, onComplete);

function onComplete(event:Event):void
{

 // Split data by enters
 DataList = event.target.data.split(/\n/);
 sizeData = DataList.length-1;
 trace(“Succesfully collected “ + sizeData + “ data! “);

 for (var n:Number = 0; n<sizeData; n++)
 {
  
  // Replace elements from data
  DataList[n] = DataList[n].replace(/”/ig,”*”);
  DataList[n] = DataList[n].replace(/,/ig,””);
  // Split data by commas
  var DataString:String = DataList[n];
  var DataArray:Array = DataString.split(“*”);

  // Check whether element is empty
  for (var q = 0; q<DataArray.length; q++)
  {

   if (! DataArray[q] == “ “)
   {
    ItemsPerString[Index] = DataArray[q];
    Index++;
   }

  }
  // Insert data in the right array/variable
  Index = 0;
  Datum[n] = ItemsPerString[Index];
  CaloriesBurned[n] = ItemsPerString[Index + 1];
  Steps[n] = ItemsPerString[Index + 2];
  Distance[n] = ItemsPerString[Index + 3];
  Floors[n] = ItemsPerString[Index + 4];
  SedentaryMinutes[n] = ItemsPerString[Index + 5];
  LightlyActiveMinutes[n] = ItemsPerString[Index + 6];
  FairlyActiveMinutes[n] = ItemsPerString[Index + 7];
  VeryActiveMinutes[n] = ItemsPerString[Index + 8];
  ActivityCalories[n] = ItemsPerString[Index + 9];
  Index = 0;
 }

}

*
*
*
*
*
*
*
*

*
*
*
*
*
*
*
*
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*******************************************************************************
   
 Calculating the minimum and maximum value 
  
************************************************************************

// This function starts after the START button is clicked

button.addEventListener(MouseEvent.CLICK, startEvent);

function startEvent(event:MouseEvent):void
{
 //Determine minimum and maximum value
 for (var q = 1; q<10; q++)
 {
  var min:Number = Number.MAX_VALUE;
  var max:Number = Number.MIN_VALUE;
  var check1:Number;  // control number

  for (var i:int = 0; i < sizeData; i++)
  {
   check1 = AllData[q][i];

   if (check1 < min)
   {
    min = check1;
   }

   if (check1 > max)
   {
    max = check1;
   }
  }
  minData[q] = min;
  maxData[q] = max;
  

 }
*
*
*
*
*
*

*
*
*
*
*
*

Appendix  <C>  Basic code for implementing data
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