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Abstract

The thesis demonstrates an idea for helping users in visual analytic tasks by in-

vestigating some critical steps required for providing recommendations. The

proposed model uses mixed-initiative interaction approach by detecting users’

negative emotions, caused by the visual analytic tasks, as a cue to generate

useful guidance. For building a negative emotion detection classifier, I have

created a dataset from 28 participants carrying out intentionally difficult vi-

sualization tasks and collected their emotional responses using multiple bio-

sensors. I used this dataset to built a real-time emotion detection model which

predicts mental state in every 4s. Next, the visualization tool uses the detected

emotions to generate a recommendation and decide when to intervene. Ad-

ditionally, the system also adapts intrusion level by analyzing long-term emo-

tions, and decide the best way to show the help. Finally, I have concluded

this work by discussing the design space of interventions for providing just-

in-time assistance in visual analytics.
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Chapter 1

Introduction

Data visualization has been around for decades and is gaining a lot of atten-

tion in every area, such as medical, business and text analysis, throughout the

world [12]. Visualizing a big dataset helps users to understand patterns, allows

them to interact with data and calculate the key �ndings visually. In addition,

analyzing data from the past can help in making decisions based on the trends

or in predicting the future outcomes. Figures 1.1 and 1.2 show an interactive

text visualization interface for analyzing patterns in a document and a health

activity visualization respectively.

The complexity of data visualization is dependent on the tasks and can

vary from a simple bar graph to a more complicated design for solving real-

world problems like predicting a natural disaster based on the historical data.

Again, as can be seen in Figure 1.1, a clear representation of a large text docu-

ment helps users understanding something which was not visible in the orig-

inal text �le and allows them to see the trends in the text. Information visu-

alization is used by both non-expert users (people who don't work in a data

science �eld) and expert users. For example, non-experts deciding between

which car to buy based on multiple attributes such as budget, model, type etc.

(Figure 1.3); and experts analyzing big data for companies, predicting stock

1



Chapter 1: Introduction

Figure 1.1: DocuBurst interface for analyzing contents of long documents [6].

2



Chapter 1: Introduction

Figure 1.2: Fitbit activity visualization (�tbit.com).

pricing, understanding text or in academics.

Although information visualization is very helpful, it is also a challenging

task [20, 44]. Some of the signi�cant challenges are: (1) dealing with a com-

plex dataset involving multiple variables; (2) using a new or unfamiliar dataset

where the nature of the data is unknown; (3) using a new tool or merely a new

visualization. Any of these cases requires an extra effort from the user which

could result in a high cognitive load. Moreover, working in the real world sce-

nario where deadline pressure, work stress and personal life crises are already

affecting the performance of a user [10], it becomes dif�cult to stay focused

while solving these data analysis tasks.

3



Chapter 1: Introduction

Figure 1.3: Comparing a car based on multiple attributes [37].

All users, expert and non-expert, go through a range of negative emotions

such as confusion, frustration and anger; when they get stuck in a task, and

this increases the chance of making more errors or disengagement [4]. For ex-

ample, if a user is new to a particular visualization tool and got stuck while do-

ing a task due to the complex user-interface (UI), then the user will go through

a range of negative emotions because this complexity is blocking the work�ow

and distracting the user's attention. Therefore, after a certain amount of time

the user will feel demotivated and ultimately disengage [4]. In other words,

these negative emotions might be an indication of a hindrance in the work-

�ow which could lead to mind wandering or disengagement [2]. Moreover,

there are many existing visualization tools available which help in facilitating

the data analysis process such as Tableau, Microsoft Power BI and Google An-

alytics (Figure 1.4), but these interfaces also display many functions which can

be overwhelming and confusing for the users.

There is a need to build a support system which would provide users with

meaningful recommendation or guidance and help them to overcome issues

4



Chapter 1: Introduction

Figure 1.4: Existing data visualization tools have many interactive capabilities
which may be confusing to users. Top: Tableau; Middle: Microsoft Power BI;
Bottom: Google Analytics. 5



Chapter 1: Introduction

in understanding the data and hence, prevent disengagement. Providing mean-

ingful recommendations in a visual data analytic tools have been a challeng-

ing task because: (1) The recommendation system doesn't know when is the

right time to provide help and continuously showing help on the screen would

cause distraction and could be annoying; (2) If a user is stuck and feeling con-

fused, the system doesn't know the cause of this emotion and how to �x it as

same emotion can occur for different cases (interface-related, data-related or

external factors); (3) System cannot predict intensity of an emotion and there-

fore, failed to vary the intrusiveness accurately. Moreover, the overall interac-

tion is still one-sided, and the system doesn't understand the mental state of

users or how to react differently to different states. This work argues that to

build a smart recommendation system; there is a need for leveraging mixed-

initiative interaction approach so that the system could understand the cues

from the user and react accordingly (bi-directional interaction).

A recommendation tool called Clippy was introduced in Microsoft Of�ce,

but in a short period, it was discontinued due to poor feedback from the users.

After the discontinuation, many studies and articles [15, 23, 45] found that

the problem with Clippy was its intrusiveness and providing help which nei-

ther meaningful nor related to the task. The example demonstrates the need

to improve two-way interaction, also known as mixed-initiative interaction,

for building a better recommendation system which could understand what

a user needs and guide them accordingly while also taking intrusion level into

account.

1.1 Motivation

Recommendation systems have been extensively studied and are successfully

implemented in many different areas; for example, in games [31], e-commerce [36],

and tutoring systems [48]. Some common examples of recommendations sys-

6



Chapter 1: Introduction

tems which we use in our daily life are video suggestion on YouTube, movie

recommendation on Net�ix, friend suggestion on Facebook, and Amazon “what

you might like” product suggestions; these systems are getting smarter every

day with the boom in machine learning technology [41]. Usually, these sys-

tems construct a user pro�le for each individual and use implicit or explicit

feedback from the users to learn about their preferences. Here, implicit feed-

back is information that gets collected in the background for deducing user's

behaviour such as monitoring user's mouse movements, history or time spent

on a speci�c page; whereas, explicit feedback collects the data by prompting

users to provide particular information like rating a product or �lling a survey.

As users can't infer implicit feedback because they might not necessarily be

aware of it, this type of feedback has proven successful in tutoring systems and

websites for forming a useful recommendation in comparison to the explicit

feedback which can be subjective and biased [18].

1.1.1 Adaptive Systems

There are many existing tutoring software and video games which adapt to

user's learning curve [4, 13, 42]. Moreover, they use different prediction mod-

els, ranging from simple classi�cation models like k-nearest neighbours to

more complex classi�ers like neural networks. These models run in the back-

end and use implicit or explicit feedback from the user for deciding an appro-

priate action in real-time. Although these techniques have been applied to

visual analytic tasks [25, 42] but never have tried to use emotions as a feed-

back for the recommendation systems, to best of my knowledge.

7
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Chapter 1: Introduction

1.1.2 Affective Computing

Emotion detection and user behaviour analysis got its roots from psychology,

but R. Picard �rst introduced the affective computing term in computer sci-

ence in 1995 [33], and since then researchers are applying this technique in

different areas of computer science [3]. Affective computing is the study of de-

tecting or interpreting human emotions by reading patterns or signals emitted

by the body, for example, blinking rate and gestures. These signals or patterns

are often recorded with the help of bio-metric sensors such as an eye tracker or

electroencephalography (EEG) [26, 51]. The affective computing �eld comes

under the family of cognitive science which is the study of mind and its pro-

cesses.

The fundamental idea to recognize an emotion is by calculating the values

of valence and arousal using bio-senors. Arousal is the intensity of emotion

and valence helps to distinguish between positive and negative emotion. Dif-

ferent values of arousal and valence are the measure of different emotions, for

example, positive values of valence and arousal represent positive emotions

such as joy and excitement. Figure 1.5 visualizes a 2 dimensional and 3 di-

mensional emotion graph which explains how a basic emotion (in 2D graph)

or more complicated emotions (in 3D graph) varies with valence and arousal

values [21].

Furthermore, bio-sensors record two types of signals — physical and phys-

iological, and allow researchers to observe the patterns and distinguish differ-

ent mental states. The human body reacts differently with every emotion such

as in case of anger, heart rate increases with an increase in blood pressure and

breathing rate. These signals help in calculating valance and arousal levels.

Physical Signal can be captured from body movements for example — body

gestures, muscle movements, and gaze movement. Recent studies have shown

that these signals can be bene�cial to detect user state. People tend to show

some common patterns for particular mental states. For example, a study by

9
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McCuaig et al. [28] revealed that people tend to tilt their head to the left while

frustrated. Moreover, the predicted emotions from the physical signals are

easy to verify by video recording the experiment and doing a retrospective

think-aloud study or just a simple note-taking and observing the user. Tak-

ing the same example by McCuaig et al. [28], tilting head was an indication of

frustration which was later veri�ed by looking at the video. The only draw-

back with these signals are, physical signals are conscious and can be easily

manipulated or suppressed by users.

Physiological Signal are the signals discharged by a human body involuntar-

ily and any changes in these signals mean some reaction or change in mental

state. Many researchers have used physiological signals in their studies for

detecting emotions as these signals are continuous and unconscious; that is,

they can't be manipulated by the participants. Electrical signals �ring by neu-

rons, skin conductance and heart rate are some of the examples of physiolog-

ical signals; but �ltering the noise from these signals is one of the main chal-

lenges. Another challenge is ambiguity; it dif�cult to prove that the changes

recorded are from the test session or another reason such as �uctuation in

the room temperature. Therefore, it is essential to keep the environment con-

trolled through-out the session to record accurate data. Moreover, to over-

come these limitations, the physiological signals are used in combination with

other methods for justifying the predicted emotion. For example, if the signals

predicted that a user is feeling angry while performing a task then tracking

gaze activity could con�rm that this anger was caused by the given task and

not by any change in the experiment environment. Some of the most com-

monly used signal are Electroencephalography (EEG), Galvanic skin response

(GSR) and Electrocardiography (ECG).

Using different bio-sensors to track these body signals has shown potential

in accurately detecting mental states (details examples are in the next chap-

ter). Additionally, previous research has also tested prediction models for on-

the-�y for emotion detection [26]. Though, placement of these devices on a

10
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Chapter 1: Introduction

user's body has been shown to be distracting in the tasks [46]. As the tech-

nology is advancing, the size of these sensors shrinking rapidly, for example,

ECG sensors used in Fitbit device. I believe that blending these techniques in

information visualization could help in developing a better recommendation

system for visual analytic tools.

1.2 Contribution

After observing the gaps in recommendation system design and work in affec-

tive computing, I propose a recommendation model in visual analytics that

would detect the negative emotions of the user, analyze it and provide mean-

ingful guidance in real-time to prevent disengagement. Figure 1.6 gives an

insight of the work-�ow of the proposed system, and the contribution of this

thesis leads to:

� Choosing the least intrusive bio-sensors which will minimize the users'

distraction caused by the complicated setup or calibration process. Also,

these devices should still be able to provide enough information for neg-

ative emotion detection.

� Next, developing a real-time negative emotion detection algorithm us-

ing the selected sensors. This thesis focuses on detecting frustration and

any further mentions of the term negative emotion(s) is referred to de-

tecting frustration state.

� Helping users in visual analytic tasks by providing meaningful recom-

mendations in real time using human emotions as implicit feedback.

For investigating the last contribution point, I followed up the idea men-

tioned by Conati et al. [7] and Olmo et al. [8] in adaptive visualization interface

context and applied it on building a smart recommendation system. The idea

12
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served as a foundation for this thesis which explored all the dimensions men-

tioned below.

1.2.1 When to Show Help

Real-time detection for predicting user's mental state, here negative emotions,

and feeding back into the analytic system to �nd out when a user needs help

or when is the time to show help so it won't annoy the user.

1.2.2 What Type of Help Should be Shown

For an effective and useful recommendation, detecting the source of negative

emotion is very important. For example, a user can be frustrated by either

the interface functions or dataset complexity. Knowing this would help the

system to decide what kind of help should be provided — interface related or

dataset related. I leveraged gaze location information to differentiate between

these cases. Details are discussed in the later chapters.

1.2.3 How to Show the Help

After knowing when and what help a user needs, it is also important how to

show it so that it would aid the users in solving the task or understanding the

dataset and helping them to overcome the negative emotion. For example, if

the system detects that a user is confused because of the interface function-

ality, the next step is “how to help the user?”. Would it be helpful to highlight

some interface buttons, or pop up a message box, or open up the interface

manual? There are ample possibilities to show the help but �nding out which

way would be the best for users, so that they won't get annoyed by it, is a chal-

lenge. Therefore, I explored this topic and discussed some necessary steps to

13



Chapter 1: Introduction

consider like the degree of intrusion and design space of recommendations,

before providing a recommendation.

1.3 Organization

Chapter 2 discusses related work on the emotion detection techniques, adap-

tive systems and challenges in recommendation systems. Chapter 3 describes

the user study design and data collection process. The details about the data

processing and classi�cation model testing are discussed in Chapter 4 fol-

lowed by designing the real-time negative emotion detection in Chapter 5.

Chapter 6 explains fundamentals of creating a recommendation system. Fi-

nally, Chapter 7 addresses limitations of this work, discusses the results and

concludes the thesis with ideas for future work.

14



Chapter 2

Related Work

This chapter gives an insight of previous related work done in affecting com-

puting and recommendations in visualization which inspired this thesis.

2.1 Affective Computing

Past research in affective computing has investigated detecting user's mental

state such as mind wandering, stress and frustration. Bixler et al. [2] demon-

strated a novel technique for detecting mind-wandering (MW) using eye gaze

information. MW is one of the outcomes of negative emotion, and this is what

I wanted to detect and prevent before users become disengaged. Similar to the

motivation of my work, the authors attempted to sustain the engagement pe-

riod by reducing the factors that could potentially cause MW. Moreover, the

paper talks about the idea of creating intelligent systems that could use this

information to intervene and restore user's attention to the respective task.

For building the MW classi�er, gaze data were collected from 178 participants

in an on-screen reading tasks (see Figure 2.1). Three sets of gaze features were

used for supervised classi�cation — 30 global features, 19 local features, and
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Figure 2.1: Gaze pattern from reading, showing pauses and re-reading [2].

Figure 2.2: Interface used for teaching by D'Mello et al. [9]. The numbers rep-
resent different gaze zones in the interface.
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12 contextual features yielded at 72% accuracy in detecting MW.

Similarly, gaze information was used in intelligent tutoring systems (ITS)

to detect students' boredom and disengagement dynamically. Later, the au-

thors used gaze-sensitive dialogue based interventions to re-orient the user's

attention towards the tasks [9]. They did a controlled experiment with 48 stu-

dents on four biology topics — two on gaze reactive and two on non-gaze ver-

sions of the tutor. Figure 2.2 shows the tutoring system that was used in the

user study. In the Figure, zone 0 shows the animated tutoring agent, zone 1

shows the pictures related to the topic, zone 3 and 4 were the blank area, zone

2 was a text box, and zone 5 was an off-screen area. The interface can have

15 different responses based on the gaze patterns on different zones. To trig-

ger the gaze-reactive interventions, the authors used a rule-based approach

where one of the conditions was that if the user hasn't looked at the zone 0

and 1 for more than 5s. One of the dialogues the agent could say was “Please

pay attention.” After each lecture, the participants were required to self-report

their attention level on a post-lecture engagement questionnaire. The results

indicated that gaze-sensitive dialogues were successful in re-orienting the at-

tention.

These two papers gave me some insight into how an eye tracker can be

helpful in determining user's attention on the screen. Moreover, I also con-

cluded that recording gaze data is least intrusive as the eye tracker doesn't

need to be attached to the user's body and doesn't require any complicated

calibration.

Work by Conati looks over human factors in visualization and recommen-

dation systems and has also inspired this thesis. Her work with Steichen [38,

39] have proposed a method which looks over adapting aspects of visualiza-

tion with every individual by measuring user's cognitive abilities and predict-

ing performance from eye gaze data. The research questions this article tried

to answer were: (1) To what extent can a user's current task, performance,

17
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Figure 2.3: Bar graph and radar graph interface used by Steichen et al. [39] for
studying gaze path on different areas of the interfaces.
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