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Abstract

Reading is a complex skill that involves interaction of many different stages of in-
formation processesing [Rei00]. For instance, where the eyes looking at? How long
do we look at? In order to find answers to those questions many reading models are
developed. Nowadays, many eye tracking based research have been conducted to
explore reading. Those readings can include long and short texts, text with pictures
and text with graphics where they can be found in newspapers, on webpages, books
and so on. Assuming that readers are reading whenever they look at text is not a
good solution to detect and analyze the reading. For instance, such an assumption
cannot distinguish between different types of reading, such as scanning from skim-
ming. Thus, in this thesis a reading model are developed to classify different types
of human reading behavior in eye movements recorded by an eye tracker. The clas-
sification uses the fixations, saccades and unclassified seqeunces with their features
in the gaze data. The implemented method is Hidden Markov Model (HMM) as
certain eye movement patterns are charecteristic for reading and HMM is used in
sequence classification.

Keywords. Eye Movements, Types of Reading Behavior, Sequence Classification,
Fitting Distributions, Hidden Markov Model
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1. Introduction

Reading is a complex skill that involves the interaction of many different stages
of information processing [Rei00]. For instance, where the eyes looking at? and
how much time do we spend looking at it? In order to find answers to this type
of questions researchers developed many reading models to explain how the eye
movements are controlled reading. For example, E-Z Reader model, SWIFT and
EMMA [Rei00]. However, those models explain reading if reading is happening,
they are not able to detect reading. Thus, we require a new model that can identify
reading. Furthermore, classify different types of reading behavior.

To date, many eye tracking based studies are referenced to detect reading process.
Such reading could be on web pages, books, newspapers and so on. In the most
cases, those materials could include not only text but also pictures. For instance, in
Figure 1.1 one can see a webpage that includes text and picture with the location
of fixation points of the eye movements. Besides, a reader may be looking for a
piece of information on the text so he is not interested in full text but he might be
looking for instance for a number. Thus, depending on the task, eye movements may
show different type of processes; scanning the page, reading the passage, viewing the
picture and many. Those processes are needed to be distinguished when it comes to
statical analysis of experimental data.

A commonly used method to classify eye movements is a Region of Interest Analysis
(ROI). This method basically assumes that if the reader looks at the text then
s/he is reading. Such simple assumption may fail as eye movements in reading have
different processes. For instance, when looking at a screen one may not be interested
in text on it; one might probably think about something else while his gaze points
may stay on text ROIs, although he is not reading. In these situations much more
complicated technique is needed. Thus, one of the machine learning algorithms has
been decided to be used: Hidden Markov Model (HMM) as certain eye movement
patterns are characteristic for reading. By so, HMM is going to learn and recognize
the pattern of reading process. This approach only uses the tracked eye movements
extracted from the eye tracking software; Tobii Studio. The approach does not take
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ROIs or any other method. Besides the standard HMM, we are also going to use
the Naive Bayes HMM as a baseline for comparison of the methods.

We tested our approach on a large amount of experimental data which have been
recorded before, using different study cases for [KGSN17b]. The states of scanning,
skimming, reading, media view and unknown has been annotated in a fraction of
that data to obtain a training and validation set.

1.1 Problem Description and Motivation

In this thesis, the problem of classifying reading behavior has been addressed. De-
termining user interest when interacting with a screen is not an easy task. Hence,
it is important to know what types of reading behavior the user shows.

Given the problem, our motivation is the classification of reading behavior that can
be used to support individual users in their web searches and in any other area
that requires reading. In order to support individual users, their reading behavior
with tracking eye movements is needed to be defined and to be classified which
moment the user is doing. If what the user is doing currently can be detected,
better individual support can be provided to the user. Results of reading behavior
classification may be helpful to detect web search activities; such as Fact-Finding
Search or Exploratory Search. For instance, if the user is doing Exploratory Search,
then more search engine result pages may be given to him. However, this scope
refers to future works of this thesis.

Regarding the problem description and motivation, the research questions of the
thesis are;
RQ1. How accurate the developed reading model correctly detects reading behavior

when compared with the labeled data?

RQ2. How good the model is able to distinguish between the types of reading be-
havior?

RQ3. How effects of using the developed model transition compared to the baseline?

Figure 1.1: An example of a webpage with fixation points. Adapted from [usal§]
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1.2 Goal and Contributions

The goal of this thesis is to develop a reading model that is able to classify reading
behavior of eye movement processes. By doing that, the following contributions are
provided:

e A reading model is provided that uses gaze data to detect reading.

e The model is able to distinguish between different types of human reading
behavior such as scanning, skimming, reading, mediaview and unknown.

e For a given problem, how to estimate the parameters of the gaze data distri-
butions.

e In order to illustrate the performance of the model, an evaluation if the devel-
oped reading model correctly detects reading behavior regarding the labeled
data are presented and compared to the baseline.

1.3 Structure of the Thesis

This thesis is organized as follows. In Chapter 2 existing scientific work related to
the thesis topic is presented. Chapter 3 introduces the background concepts of Fye
Movements and Hidden Markov Model. Chapter 4 introduces the experimental data,
and it presents the development of a reading model with HMM. Chapter 5 presents
and discusses the evaluation concept, how well the reading model to classify reading
behavior. Chapter 6 first evaluates and discusses the approach and then summarize
the thesis and provide possible further research directions.
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2. Related Work

In this chapter, the related work to thesis is presented. Gaze data can be used to
detect what kind of task the user is doing ([IB04], [KGSN17a]) or whether a person
is reading or not ([CMO1], [Gus10], [KHO7], [BDvEOS], [CGL*"11], [BHB12]). As this
thesis focuses on classifying reading behaviors, more details from reading detection
works by the year of publication will be given.

In 2001, Campbell and Maglio [CMO1] presented a reading detection algorithm.
Their reading detection system relies on three mechanism: (a) eye movements in
both x and y positions are averaged over 100 ms intervals. (b) evidence of reading
is accumulated until it crosses a predefined threshold value. If the eye moves to the
right (to reading direction), then reading evidence was increased. Vice versa, if the
eye moves to the left (to regression direction), then reading evidence was decreased.
(¢) mode switching: if the evidence reaches a threshold, then reading is detected and
the mode is switched to reading from scanning. To accumulate evidence of reading
they track some specific eye movements. For instance, if the eye moves a short
distance right then the event is categorized as “read forward” and awarded with +10
points. But, if the eye moves a short distance left then the event is categorized
as “regression saccade” and awarded with -10 points. When the systems reaches
+30 points threshold, it switches into reading mode. In their approach there are 13
different events with some points, so as an input to the algorithm they used fixation
points and the difference vectors between them. According to [Gus10], this approach
was tested on a Tobii system by Olsson 2007 and result was that it only worked for
long reading sequences but had problems with short reading sequences. We consider
this work is a traditional reading detection based on character lengths and reflects
the state of the art of character-based classification methods.

In 2004, [IB04] provided an alternative and complementary approach to identifying
user tasks based on analyzing patterns of eye movements. For that, they collected
eye movements of the users who applied different computer-based tasks and they
have shown that each task has unique eye movements. To classify those tasks, they
simply calculated the percentage time spent on AOIs and the fixations within each

AOL
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In 2007, Kollmorgen and Holmqvist [KHO7] presented a method for reading detection
using Hidden Markov Models with six states where three of them was considered
as reading and the rest of three was considered as non-reading. The classes of each
state were fixation and saccade with the duration and length features respectively
and blink with no feature. The classification of the states was done by the Viterbi
algorithm as reading or non-reading. The differences between our approach and
theirs are that they only classify two classes where we do for five classes, and they
do not model the fraction of the observation given the state. Besides, the emission
distributions that they used in their HMM was discrete probability distributions
while we applied continuous probability distributions. In this thesis, duration is
treated as continuous variable that can take any value between two timestamps as
well as the absolute saccadic direction where the angle can take any value between
two angles. However, they also used a neural network to detect reading and they
got almost similar results when compared with HMM.

In 2008, Buscher [BDvEOS] presented an algorithm to detect whether a person is
reading or skimming. As [CMO1] did in 2001 their algorithm is also character-based
reading detection. Their algorithm follows three steps. Those are; 1. Algorithm
detects the fixations 2. Algorithm classifies the transitions from one fixation to the
next one as features. 3. Scores related with the features are accumulated. Like
in [CMO1] if the accumulated score reaches the predefined threshold value (430 for
reading and +20 for skimming) then reading or skimming is detected. They also
pointed out the idea of the algorithm is related to the [CMO1]. However, their
algorithm has some modifications. First of all, they concerned about the detection
of fixations. Besides, their accumulation strategy is different. For instance, when
the eye move, they calculate the distance and direction in letter space. If the eye
move to the right and the movement is between 0 and 11 letter space which is called
“read forward”, then they award +10 points for reading and +5 for skimming. If
the eye move to the left and the movement is between 0 and -6 letter space which is
called “short regression”, then they award -8 points for both reading and skimming,.

In 2010, Gustavsson [Gusl0] presented an evaluation of HMM and Neural Network
for classification of reading in eye movements in his thesis. In his HMM, the hidden
states are the read saccades, regressions and four directions of long saccades (for-
ward, return, up and down sweeps). Besides, he set the state transition probabilities
as uniform distribution, so in every state has equal probability to any state. For the
emission distribution part of the HMM, he uses standard 2-dimensional Gaussian
distributions to represent observations which are saccades in terms of x and y po-
sitions in pixels. After building HMM, he trains the model with the Baum-Welch
algorithm. The differences between our approach and his are that our HMM pa-
rameters; observations, hidden states and the representation of the distributions are
different. He uses just the features of the saccade. Furthermore, as the all state
transitions are occurring in our work; we do not set the transition probabilities as
uniform.

In 2011, Cole [CGL"11] constructed a line-oriented reading model based on EZ
reader model to distinguish single fixations from the sequence of fixations. If there
was a sequence of fixations near enough to one another, taking account of regressions,
this was labeled as a “reading” sequence. The inputs to their algorithm are fixation



Table 2.1: A list of Related Works

Pu%:::wn Study Name Type of Method(s)
2001 A Robust Algorithm for Reading Detection [CMO01] Reading detection based on char-
acter lengths
2004 Using Eye Gaze Patterns to Identify User Tasks [IB04] Percentage time spent on AOIs
and the fixations within each AOI
2007 Automatically Detecting Reading in Eye Tracking Data [KHO07] HMM & Neural Network
2008 Eye Movements As Implicit Relevance Feedback [BDvEOS] Character-based reading detec-
tion
2010 Real Time Classification of Reading in Gaze Data [Gus10] Neural Network
2011 Task and user effects on reading patterns in information search | Line-oriented reading model
[CGL*11] based on EZ reader model
2012 A Robust Realtime Reading-skimming Classifier [BHB12] RBF-SVM
2017 Inferring User’s Search Activity Using Interaction Logs and Gaze | HMM
Data [KGSN17a]

locations and their duration. The output is a classification of the sequences as
reading or scanning. From our understanding, their algorithms work in that way;
1. They detect all the fixations 2. They exclude the fixations that cannot exceed
113ms. 3. If the fixation location is within 35 pixels to 120 pixels parafoveal region;
label the fixation sequence as “reading”. FElse, the fixation is not on the right side
of parafoveal region and fixation is not a regression then label the fixation sequence
as “scanning”. The model is line-oriented, so when the sentence wraps to a new line
the model breaks that into two reading sequences. That’s a limitation of the model
depending on the application.

In 2012, Biedert [BHB12] presented a classification method to distinguish reading
from skimming. In order to build the classifier, they use two attributes as the main
features which are the angularity of the saccade and forward speed. Angularity
denotes how bent or vertical the saccades, and forward speed denotes how much
progress in the reading direction of the text. They hire RBF-SVM (A machine
learning method for classification) for training where they also conduct a grid search.
Besides, they implement a reading detection algorithm similar to [BDvEOS] for the
baseline to their method.

In 2017, Schwerdt [KGSN17a] proposed a methodology and a model to identify web
search activities using the sources logging files and eye tracking data. They collected
the sources applying a user study where users had to perform three search tasks. In
this thesis, we also use the same eye tracking data. In order to classify the tasks, they
hire the Markov chain with the features of fixation durations, fixation occurrences
and with logging file features such as clicking and scrolling.

A summary of the studies can be seen in tabular form in Table 2.1. The first column
shows the publication year of the work, the second column shows the name of the
work and the last column shows the type of method that they used in their works.
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3. Background

Before explaining eye movements and reading behaviors, we need to understand
what reading is. In literature, reading is defined as:

Definition 1.1 Complex cognitive process of decoding symbols in order to con-
struct or derive meaning [Wik18c].

Cognitive process is the mental action of getting knowledge and understand through
experience, though, and the senses. So, with the interaction between printed text
and the reader’s eyes, reading is shaped by readers prior knowledge, experiences,
thoughts and so on. In reading, the most important and basic step for the eyes is to
see, identify and recognize the printed word. If the eye can identify and recognize
the word, then the word can be understood by the reader. To understand how word
recognition is done by the eyes, the eye movements are explained in the next section.

3.1 Eye Movements

In this section, we will describe the basic types of eye movements that are relevant
for the thesis as background information. The following topics will be discussed: 1.
Fization and Saccades, 2. Regression and 3. Refization.

Fixation and Saccade

During a reading, the eyes remain stationary for brief periods of time typically
200-300 ms, and this behavior is called Fization (Table 3.1). Visual information is
extracted from the printed page only during Fixations.

Between Fizations, the eyes make short and rapid movements that are called Sac-
cade. Saccades usually take 20 to 50 ms (depending on the length of the movement),
which is equal to between 1 and 3 degrees in reading, to complete its cognitive pro-
cess. During Saccades, no visual information is extracted. In Figure 3.1, one can
see an example of fixation and saccade movements on the text.
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Task Fixation Duration (ms) | Saccade Length (Degrees)
Silent Reading 225 2
Oral Reading 275 1.5
Visual Search 275 3
Typing 400 1

Table 3.1: Approximate Fixation Duration and Saccade Length in Reading.
Adapted from [Ray78|

Saccade Refixation

N _ &
Mag \L: gis the capitat-o S/e) y-Anhalt state in Germany.

ixation

Regression

Figure 3.1: Example for Fizations and Saccades. The red dots represent fixation
points and green lines between fixations represent saccades.

Regression

Reader does not always move their eyes in the direction of the text. About between
10% and 15% of all saccades in reading are regressions. That is, saccades move
backward in the text. For instance, in Figure 3.1 while we are on the word; “Anhalt”,
we saccade to backward and fixation on the word “Sazony” again.

Refixation

Refixation is the fixation on a word more than once in succession, in particular if it
is a long word. So, for example in Figure 3.1, after we backward to word “Sazony”,
the eyes saccade the next word and fixate “Anhalt” once again. In Figure 3.2,
one can see that when the word length increase, the probability of refixation also
increase. Because many letter words are hard to fixate at once, and user fixates the
word again. On the other hand, as the word length decreases, the probability of
skipping increases. For instance, on Figure 3.1 the word “of” between the “capital”
and “Saxony” is skipped.

3.2 Types of Human Reading Behaviour

In this section, the types of human reading behavior that are used in the reading
model are presented. The data has been labeled using the following descriptions of
the reading behaviors.

Scanning

Scanning is a form of rapidly reading a text. Generally, it focuses on gaining a
particular piece of information of a text rather than the understanding of the text as
its whole [RM15]. The eye movement is horizontal oriented as the eyes sweeping over
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Probability Measures

0.5 —=— Skipping
Refixation

—o— Regression
04

03

Probability

0.2

01 \\@_;:\_\\

Word Length

Figure 3.2: Benchmark Data for Fixation Probabilities. Adapted from [Nut08§]

the text with the aim of finding a piece of information such as keywords and phrases
(names, numbers or dates). According to White [WWMP15], the eye movement
during Scanning is characterized by shorter overall reading time, fewer fixations,
longer saccades and higher skipping rates. Clark [CRH"14] state that longer scan
paths can be observed with respect to duration and length. In general, Scanning
requires full attention and can be compared to a “mental spotlight”. Scanning and
Skimming are not often distinguished and rather merge into the same category called
Scanning.

Skimming

Skimming is a form of rapidly reading a text. According to Geoffrey [RM15] the focus
of Skimming is understanding the general meaning and obtain a brief summary of
the content for a given text. According to Clark [CRHT14] it is characterized by less
and shorter fixations, less saccadic regressions, long saccades and rather vertical eye
movements. In Skimming, reading speed is much faster when compared with normal
reading (600-700 vs. 280 words per minute). Besides, participants capture the
main content but lack clear details [Rei00]. Duggan [DP11] describes the skimming
strategy as a result of a reading experience after a threshold of information content
is reached. If the information content is low, it is more possible that readers switch
to Skimming after Reading. Scanning and Skimming are not often distinguished
and rather merge into the same category called Scanning.

Reading

Reading is a clear defined behavior with organized eye movements according to
Rayner [Ray08]. It is characterized by moving from line to line and fixating almost
every word in each line to ensure complete understanding of the text. Function
words (e.g., a and the) are skipped very often even in normal reading though and
are only fixated 35% of the times they are encountered. Also, 2-3 letter words are
only fixated in 25% of the cases.
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Table 3.2: Summary of Types of Reading Behaviour

Reading Behaviour | Form Focus Eye Movement Character
Scanning rapidly reading a text | gaining a particular | horizontal oriented as | shorter reading time,
piece of information a sweeping the eyes | fewer fixations, longer
over the text saccades and higher
skipping rates.
Skimming rapidly reading a text | understanding the | vertical eye move- | less and shorter fixa-
general meaning of | ments tions
a text and obtain a
brief summary
Reading normal reading complete understand- | from line to line fixating almost every
ing a text word in each line
MediaView almost no reading visual media restricted eye move- | longer fixations and
ments in a specific | less saccades [RMROS]
area
Unknwon no reading no focus outside the screen or | overly long saccades if
undefined eye move- | exist
ment
Media View

MediaView is a state when the user is not looking at the text but visual media such
as images, tables, videosgifs, graphs or other media.

Unknown

Unknown is a state for events that could not be defined in the above behaviors. This
state can be though as a container for several sub-states like views on the keyboard,
adjusting glasses, etc.

Definitions are summarized in Table 3.2. The second column defines the reading
form, the third column defines the main focus of the behaviors, the fourth column
explains where the eyes move, and the last column gives the characterization of the
behaviors. Besides, the visual projection of those reading behaviours can be seen in
Chapter A.

3.3 Hidden Markov Model

The Hidden Markov Model (HMM) is one of the machine learning methods. In
order to make a definition of HMM, first the Markov chain is introduced. Both
Markov chain and HMM are the extension of the finite automata [JM00]. A Markov
chain is a special format of weighted automaton where the weights are probabilities
and the inputs determine automaton states. Markov chain is only used for clear
sequences. For instance weather events; such case we only have the events such as
hot, cold and warm. Given those events with a time sequence, Markov chain tries
to find the type of weather for another unknown day. Thus, we can conclude that a
Markov chain is useful when we want to compute probabilities for events that we can
observe in the real world. However, sometimes the events that we are interested in,
may not be directly observable. HMM separates the observations from the states;
the observations are visible, however the state sequences that that we are trying
to find them are hidden. For instance, given example above, HMM calculates the
probability of having cold weather by observing another types of activity such as
wearing a jacket at cold weather for each day. In this case, probability of having
cold weather is a hidden state (we can not see the weather) and wearing a jacket at
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cold weather is an observation (this is an event we can observe and this observation
is used to decide what is the weather like).

Hidden Markov Model can be defined as follows:

Definition 2.1 Hidden Markov Model (HMM) is a statistical Markov model in
which the system being modeled is assumed to be a Markov process with
unobserved (i.e. hidden) states [Wik18b].

In this thesis, we used a discrete first order Hidden Markov Model as the observa-
tions (Fixations, Saccades and Unclassified) of our model are defined. A set of five
elements (Table 3.3) can be used to describe an HMM. In the next section, we will
define the components of HMM.

Components of Hidden Markov Model.

An HMM is created by its transition probability distributions, its emission proba-
bility distributions and its initial probability distributions. Given Table 3.3, HMM
Notation can be defined as A = (A, B, )

Formula Definition

S = 51,589,...5K a set of K states

A = ay1,a12...Gp1...0p,, | A transition probability matrix A, each a;; representing
the probability of moving from state i to state j

Y = y1,92...yr A sequence of observations

B = b;(or) An emission probabilities, present the probability of an
observation yr being generated from a state i

T = M,Mo.. MK An initial probability distribution over states. m; is the

probability that the Markov chain will start in state i

Table 3.3: Components of Hidden Markov Model. Adapted from [JMOO]

In our case, the observations are fixation, saccade and unclassified sequences out
of Tobii’s filter. We assume that these observations can be described by a Markov
model with hidden states as we have set of observations, and furthermore states that
we are trying to distinguish between Scanning, Skimming, Reading, MediaView and
Unknown states. All possible transitions between these five states can occur.

Problems of Hidden Markov Model

The three fundamental problems for HMMs are:

1. Suppose we have an observed sequence, O, and a Hidden Markov Model, A\, what
is the probability that the sequence was generated by the model, P(O|\)?

2. Suppose we have an observed sequence, O, and a Hidden Markov Model, A, what
is the most likely path, Q, through the hidden states, or argmazoP(Q|O,\).

3. Suppose we have a set of sequences, O, what are the parameters of a Hidden
Markov Model, A, that maximize the probability P(O|\)?



0 O Ui Wi -

14 3. Background

There are solutions to those problems: For problem 1, the solution is the forward
algorithm. For problem 2, the most used algorithm is Viterbi algorithm. For problem
3, there is no manageable algorithm for finding the global maximum but algorithms
to iteratively find local maximums exists, for example Baum-Welch algorithm which
is an Expectation Maximization algorithm [Rab90].

In this thesis, classification of a sequence was done by using the Viterbi algorithm.

Viterbi Algorithm

The Viterbi algorithm is a dynamic programming algorithm that computes the most
likely sequence of hidden states. Inputs for the algorithm are:

e Observation space O = (01, 09, ....0N)

State space S = (s1, S, ..., Sk )

Initial probabilities pi = (my,ms...Tx)
e A sequence of observations Y = (y1, y2..., yr)

Transition matrix A

Emission matrix B

Output: The most likely hidden state sequence X = (z1,Z3..., zxN)

In Listing 3.1, an example of a pseudo-code listing is given.

function VITERBI (O,S,w,Y,A,B) : X
for each state 1 € {1,2,...,K} do
Ty [1,1] < @ - Biy1
To[i,1]1 < O
end for
for each observation i = 2,3,...,T do
for each state 3 € {1,2,..,K} do
Ti[3,1] « maxk(Tl[k,i—l]-Akj-Bjyi)
Ty [3,1] <« argmazg(Thlk,i—1]- Ag; - B,
end for
end for
zr + argmaxy(Ti[k, T])
T < SZT
for i <« T,T-1,...,2 do
zi—1 <+ Tz, 1]
Ti—1 < Sz,
end for
return X
end function

)

yi

Listing 3.1: Viterbi Algorithm
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3.4 Experimental Data

The data used in this thesis was acquired from a user study of DKFE group of Otto
von Guericke University. In this user study users had to perform three search task:
two FEzploratory search tasks (Ezpl; and Ezpl) and at most twelve Fact-Finding
search tasks (Fact). Subjects had at most 20 min to complete each exploratory and
lookup tasks. Besides, Latin Square study had been performed to differ the order of
the tasks.

e Design 1: Fact, Fxply, Fapl,
e Design 2: Faply, Frply, Fact

e Design 3: FExply, Fact, Fxply

Using Tobii studio, each first part of the designs has been annotated (e.g. Expl; for
Design 2) as I_Scanning, 2_Skimming, 3_Reading, 4_MediaView and 5_Unknown
by two different experts. Even if there is a guideline for annotation (Section 3.2),
as human beings understanding is different from each other, we have observed some
differences on annotations. In Table 3.4 matching rates of the annotations are given
for all test subjects. First column defines the name of the data, second column
shows the matching rates of the annotations and third column gives the number
of the rows. Thus, the annotated data with the same events has been taken. For
instance, the main reason of the differences on annotations is while the first expert
pushes the button at 10th row and finishes at 30th row for the annotation of one
of the reading behaviour, the other expert can push while he is at the 12th row
and finish at 35th row. As a result, only the rows between 12th and 30th rows are
considered as matched. Hence, for the test subject 21, the 63.93% of the data which
has 8781 rows has been taken. Here, matching defines the intersection of matched
annotations.

DataSet Match (%) | # Rows
Proband-21-D1 63.93% 8781
Proband-25-D2 71.76% 8586
Proband-27-D1 64.02% 7283
Proband-28-D2 54.83% 6244
Proband-30-D1 56.08% 14614
Proband-31-D2 28.64% 3809
Proband-32-D3 59.00% 13993
Proband-33-D1 51.67% 9701
Proband-34-D2 55.98% 9503
Proband-35-D3 49.84% 9122
Proband-36-D1 51.75% 9723
Proband-37-D2 51.21% 5920
Proband-38-D3 35.49% 11141
Proband-39-D1 51.70% 10491
Proband-40-D2 55.50% 11500
Proband-41-D3 68.66% 8026

Table 3.4: Matching rates of the annotations.
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Data Definition

Gaze points of users during search sessions can be thought as a sequence of events.
In Table 3.5, an example of gaze data is given: the first column, StudioEvent, is
the annotations of the five different possible states. The second, the third and the
fourth columns show the index of the gaze event types respectively. Those indexes
are unique for the type of its gaze. The fifth column shows the type of the gaze
event. In the sixth column, there are a durations of the gaze events in ms. Lastly,
the seventh column defines the absolute saccadic direction in degree.

e StudioEvent: Manual logging event includes the annotations of the eye move-
ments. Those can be 1_Scanning, 2_Skimming, 3_Reading, 4_MediaView or
5_Unknown. The Gaze Plot visualizations for those eye movements can be
seen in Figure 3.5, Figure 3.6 and in Figure 3.7. More plots can be found in
the appendix.

e GazeEventType: The type of eye movement classified by Tobii Studio’s fixation
filter. According to this filter, an eye movement can be a Fixation, Saccade or
Unclassified.

e GazeEventDuration: Duration of an eye movement event. For instance, a read-
ing fixation is generally taking 220ms.

e AbsoluteSaccadicDirection: The angle between two fixation points where the
previous fixation location is the origin of the coordinate system. This angle is
calculated based on the fixation locations (Fixation Point 1 and Fixation Point
2). In Figure 3.3, there is an example of how absolute saccadic direction value
is calculated and in Figure 3.4 illustrates the eyes movements during reading.

Absolute saccadic direction

90°
Fixation
Fixation Point 2
Point 1 P Angle in degrees
180° B o
270°

Figure 3.3: How absolute saccadic direction angle is calculated [Prol8].
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180

270

Scannnig Saccades in Degrees

Figure 3.4: Visualizing absolute saccadic direction in 360°histogram. The angle
densify in horizontal as the eyes sweeping over the text during Scanning.
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Figure 3.6: The Gaze Plot visualization exported using Tobii studio shows the se-
quence and position of fixations (red dots) and saccades (lines between dots) for the
eye movements of 3_Reading.
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Table 3.5: Example Gaze Data, extracted from Tobii Studio

StudioEvent | FixationIndex | SaccadeIndex | UnclassifiedIndex | GazeEventType | GazeEventDuration | AbsoluteSaccadicDirection
1_Scanning 6 - - Fixation 1117 7,94
1_Scanning - 6 - Saccade 33 -
1_Scanning 7 - - Fixation 367 87,97
1_Scanning - 7 - Saccade 83 -
1_Scanning - - 1 Unclassified 50 -
3_Reading - 8 - Saccade 50 -
8_Reading 8 - - Fixation 67 54,52
8_Reading - 9 - Saccade 67 -
8_Reading 9 - - Fixation 150 10,54
3_Reading - 10 - Saccade 117 -
3_Reading 10 - - Fixation 67 24,89
3_Reading - 11 - Saccade 34 -
3_Reading 11 - - Fixation 117 0,48
8_Reading - 12 - Saccade 67 -
8_Reading 12 - - Fixation 133 16,39
3_Reading - 13 - Saccade 17 -
3_Reading 13 - - Fixation 650 258,11
3_Reading - 14 - Saccade 17 -
3_Reading 14 - - Fixation 683 258,69
8_Reading - 15 - Saccade 133 -
1_Scanning - 2 Unclassified 17 -

- Saccade -

3_Reading
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4. Implementation

In this chapter, the Hidden Markov Model that has been introduced in Chapter 3
is implemented to classify the types of reading behavior.

4.1 Processing Data

After tracking eye movements by using Tobii Pro X2-60 eye tracker, the data become
available as a list of gaze points. In Tobii Studio, refresh rates are measured in Hz
and indicates the number of times per second the monitor refreshes the pixels on its
display [Prol8]. Tobii studio’s refresh rate is set to 60 Hz by default, that means
pixels will be refreshed for each in 16.6 ms, and this causes the Tobii studio’s fixation
filter writes the same data in succession. For instance, in Table 4.1 a fixation that
has 185 ms duration time has written 11 times (185/16.6 = 11.1) in a row. Besides,
when the expert pushes the button for the annotation, Tobii inserts a new row with
the annotation value, but that creates a problem. The problem is having different
row length of the same data because of the new added rows for each pushes by Tobii
Studio. Because of the nature of gaze points (i.e. a fixation cannot be followed by
another fixation) a raw data needed to be cleaned to be used in HMM. To achieve
that, the following steps are applied on data:

1. The rows are deleted before the “ScreenRecStarted” and after the “Screen-
RecStopped” events, because the annotations are created between these two
events.

2. The first 20 min of the data is taken (the first part of the search tasks where
the annotations are created for).

3. Unique key values are given for unclassified gaze event. There are already
given unique key values for Fixations and Saccades, but Tobii does not give
one for unclassified.

4. Because of the annotation is just written on one row (the newly added row
by Tobii) but needs to address all the rows until the next annotation is seen,
empty columns for StudioEvent are filled by the present annotation value.
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5. Only the observations with the unique key values are extracted. (As mentioned
above, not all 11 rows but only the one of them is extracted.)

6. Two annotated data of the same subject are compared, and only the data has
been annotated with the same events is taken.

7. The data has been separated as Train (2/3) and Test (1/3) Set to be used by
HMM.

In Table 3.5, the cleaned data is illustrated.

The data are now available, consisting of fixations, saccades and unclassified. One
such sequence can be written as:

Y = (Fl, Sl,FQ,SQ, Ul)

where Fp stands for fixations consisting of its duration in ms (d;), Sr stands for
saccades consisting of its absolute saccadic direction in angle (z;,y;), and Ur stands
for unclassified gaze type consisting of its duration in ms (d;). From the data in
Table 3.5, we can get a sequence as:

Y = (Fi117ms, S7.940, Fs367ms, Ss7.970, Usoms---)

4.2 Building Hidden Markov Model

Hidden Markov Models (HMM) are well suited for sequence analysis tasks. Unlike
the Markov Chain, HMM considers not only the state transition probabilities but
also the features linked with each state. Those states consist of measurable observa-
tions. In this thesis, fixation durations, absolute saccadic directions, and unclassified
durations are taken as observations.

By using the given model parameters (A, B, 7), states and observations, an HMM
can be computed via following joint distribution formula (Equation 4.1).

Table 4.1: Example Raw Gaze Data, written with 60Hz refresh rate by Tobii Studio

FixationIndex | Saccadelndex | GazeEventType | GazeEventDuration
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
7 - Fixation 185
- 7 Saccade 51

7 Saccade 51
7 Saccade 51
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P(Z) = P(81)- P(Y1|Sy) - [] P(S1[Si-1) - P(Vi|S) (4.1)

=2

Where S indicates state space S € {Scanning, Skimming, Reading, MediaView, Un-
known}, Y indicates observations Y € { Fization, Saccade, Unclassified}, and 7 is
the dataset. P(S7).P(Y1]S1) is the initial probabilities 7, P(51]S;_1) is the transition
probabilities 4, and P(Y}|S;) is the emission probabilities B.

Architecture

Figure 4.1 shows the architecture of HMM. Oval shapes at the top represent the
hidden states and at the bottom represent observations. S; is the hidden state at
time t, S; € {51, 52,53...}. Y; is the observation at time t, ¥; € {¥7,Y5,Y5...}. The
arrows in the diagram show conditional dependencies. From the Figure 4.1, it is
seen that the conditional probability distribution of the S; is only depends on S; 4
and also Y; only depends on S;. By having all these information, in order to build
an HMM the following features need to be defined:

P
ojoJo

Figure 4.1: The general architecture of HMM.

Number of states

Probability distribution of the initial state

Transition probability distribution

Type of emission distributions

Parameters for the emission distributions

Number of states

The state space that we use for the detection of the different types of reading behavior
are consist of five states which are Scanning, Skimming, Reading, MediaView and
Unknown.



24 4. Implementation

Table 4.2: Initial probabilities of the gaze data. For example, the state Skimming
has 0.1875 initial probability.

Reading | MediaView
0.09375 0

Unknown
0.46875

Skimming
0.1875

Scanning
0.25

Table 4.3: Transition probabilities of the gaze data. The state changes that goes
itself again (diagonal) has higher probabilities.

Scanning Skimming Reading | MediaView | Unknown
Scanning 0.978165939 | 0.0043668122 | 0.006113537 | 0.0004366812 | 0.0109170306
Skimming | 0.005144995 | 0.9873713751 | 0.003274088 | 0.0004677268 | 0.0037418148
Reading 0.001833092 | 0.0004823927 | 0.996623251 | 0.0003859141 | 0.0006753497
MediaView | 0.002624672 | 0.0026246719 | 0.010498688 | 0.9816272966 | 0.0026246719
Unknown 0.010728402 | 0.0062111801 | 0.005646527 | 0.0005646527 | 0.9768492377

The probability distribution of the initial state

Initial state distribution is an array that stores the probability of the start point at
state ¢ in an observation. m = m; where

One can see an example array for initial probabilities on Table 4.2. In our data,
most of the state sequences are starting with the Unknown state, where Media View
has no initial.

Transition probability distribution

A = a;; stores the probability of state j following the state i. a; = Plgi1 = S |
g = S, 1 < i, j <N where any state can reach any other state in a single step.
If there is no transition between two states, there can be the situations where a;; =
0. But, we know from our data that all transitions among all states are occurring.
The transition from one state to another model the changes from one of the types of
reading behavior to the other one. These transitions generally have a low probability
(e.g. from Scanning state to Skimming state) when compared with the state changes
that goes itself again (e.g. from Reading state to Reading state). Table 4.3 shows
all transition probabilities between the states and Figure 4.2 presents the graphical
representation of the states with their transition probabilities.

Type of emission distributions

The emission probability distributions of the states are the probability distributions
over all fixation durations, absolute saccadic directions and unclassified durations.
Probability distributions can be classified as continuous probability distributions or
discrete probability distributions, depending on whether they are defined with con-
tinuous or discrete variables. If a variable can take any value between two specified
values, it is called as continuous, otherwise, discrete [Dis].

Durations which are represented in ms and absolute saccadic directions which are
represented in angle are the continuous variables, because the time can take any
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0.001 | 0.006

Figure 4.2: Graphical representation of the Five-State transion probabilities. States
are represented in oval shapes and their transitions from one state to the another
are represented by the arrows.
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value as well as angle. For instance, an angle could be 52.6° or 52.3° either, that
proves it can take any value between 52° and 53°.

A discrete probability distributions are different from continuous probability distri-
butions. For instance, continuous probability distribution cannot be described in
tabular form. Instead of that, in order to describe continuous probability distribu-
tion, an equation or formula is used. This equation is called a probability density function
which is known as pdf [Dis]. Before modeling an HMM, we need to define pdfs of
emission distributions. To do that, the data has been fitted to distributions.

Fitting Distributions

Fitting distributions is a task to find a mathematical function that represents a
variable. In this thesis, we have tested whether our observations yi, ys, ys, ...yr are
being a sample of an unknown population with a pdf. There are commonly two steps
to identify fitting distributions. Those are:

1. Exploratory data analysis with graphics

2. Goodness of fit test

1. Exploratory data analysis with graphics

Exploratory data analysis is one of the most used method. Getting statistics (skew-
ness, kurtosis, etc.) and using graphical techniques (histogram, density, etc.) can
give feeling of pdf to be used [Fit]. For instance, in Figure 4.3 we have plotted a
histogram with its density. Next step is the drawing a quantile-quantile (Q-@Q) plot
(Figure 4.4 b), it basically compares fitted data (data has been fitted to Gamma
distribution as the histogram of the data looks like Gamma distribution.) and empir-
ical distributions in terms of the dimensional values of the variable. It is a graphical
technique for determining if a data set come from a fitted population. In @-@ plot,
on the y-axis there are empirical quantiles, on the x-axis there are the ones got by the
theoretical model. Besides, if the empirical data come from the population with the
chosen distribution, the points should fall approximately along with reference line
[Fit]. As one can see on Figure 4.4 b, points fall aproximately along with reference
line which means choosen distribution is true. The density plot and the Cumulative
Distribution Function cdf plot (Figure 4.4 ¢) can be considered as the basic of the
goodness of fit plots. Cdf plot displays the theoretical cdf of the fitted distributions
and the empirical cdf based on data. While the pdf graph mainly shows the shape
of data, the cdf graph is useful to actually determine how well the distributions fit
to data. The @Q-Q) plot emphasizes the lack of fit at the distribution tails while the
P-P plot (Figure 4.4 d) emphasizes the lack of fit at the distribution center [Fit].

In addition to empirical plots, descriptive statistics may help to find distribution
type, especially the skewness and kurtosis [Fit]. In order to find the distributions to
be fitted the data, some values for common distributions are displayed in Figure 4.5.
For some distributions (normal, uniform, logistic, exponential) represented by a
single point, there is only one value for the skewness and kurtosis. For others, there
is lines (gamma and lognormal) or larger areas (beta). Yet, the skewness-kurtosis
plot should be regarded as indicative only [Fit].
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Figure 4.3: Histogram for Scanning Fixation Durations.
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Figure 4.4: Four Goodness-of-fit plots for Gamma distribution fitted to continuous
data.
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2. Goodness of fit test

Histograms and other graphical techniques can help to find distribution type, but
graphics could be quite subjective, so there is need to do some statistical testing to
see if data is actually from the chosen population. These tests are called goodness-
of-fit test. Some of these are chi-square, Kolmogorov-Smirnov, Anderson-Darling,
and Shapiro-Wilk. All of these tests are for statistical null hypothesis. The following
hypothesis is applied to goodness-of-fit test:

Hy, = The data is suitable for a specified distribution.

H, = The data is NOT suitable for a specified distribution.

Statistical significance should be defined as a threshold for the null hypothesis. This
value depends on the application but it is usually considered as 0.05. If the result
of goodness-of-fit test value (p-value) is greater than the significance level, we can
conclude that observed frequencies are not significantly different from the expected
frequencies given in the null hypothesis. Thus, we applied Kolmogorov-Smirnov test
on the observations. As you can see the application of Kolmogorov-Smirnov test on
Scanning Fizations durations in Figure 4.6, the p-value is greater than significance
value which means we accept the null hypothesis. Hereby, we can conclude that
Scanning Fizations durations are significantly similar to gamma frequencies that we
specified. Not only the Scanning Fizations but also other types of fixations also
show the same distribution type. In Figure 4.7 histograms are plotted with their
gamma pdfs for all the types of reading behavior. We can also provide a proof from
literature; according to Simola [SSK08], a gamma distribution has often been used
for modeling fixation durations, because its negatively skewed distribution resembles
the data.

Parameters for the emission distributions

When the distribution type is identified, we can estimate the parameters of the
chosen distribution. In previous section, we have found that fixation durations
show gamma distribution. The gamma distribution is a two-parameter family of

continuous probability distributions [Wik18a]. There are three different forms of
gamma distribution parameters, which are:

1. Shape parameter k and scale parameter 6
2. Shape parameter k and rate parameter (3

3. Shape parameter k and mean parameter p
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Figure 4.5: Skewness-kurtosis plot for a continuous variable; Scanning Fixation
Durations.

> ks.test(scanningfixations,"pgamma" fit.gamma$estimate[1], 1/fit. gamma$estimate[2])
One-sample Kolmogorov-Smirnov test
data: scanningfixations

D = 0.080265, p-value = 0.1891
alternative hypothesis: two-sided

Figure 4.6: Kolmogorov-Smirnov Test.
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Figure 4.7: Histograms for the types of reading behavior with their gamma pdfs.

Those all parameters are real numbers. Rate parameter is the inverse of scale param-
eter § = 1/60 and mean is u = k/f. In this thesis, we used the first form, shape and
scale as the parameters of gamma distribution. In order to model HMM, we need
to find probability density function of the emission distribution. An observation O
which is gamma distributed with shape k and scale 6 is denoted by:

O ~T'(k0) (4.2)
and the corresponding probability density function is:

Ik_l —z/0

(&

f(z; K, 0) = 9’“1“—(19) (4.3)

By having the Equation 4.3, the gamma distribution parameters with Maximum
Likelihood Estimate (MLE) using the Newton-Raphson method can be estimated.
This method is a technique for solving equations numerically. Simply solving the
equation Equation 4.4 where the first derivative Equation 4.5 and the second deriva-
tive Equation 4.6 and stop the approximation when convergence value is less than
0.0000001, the MLE of shape and scale can be found. Equation 4.4 refers to line
21, Equation 4.5 refers to line 17 and Equation 4.6 refers to line 19 in Listing 4.1
pseudocode.

for k 1,2,...
I'(shaper=1)

_ 4.4
" (shaper—1) (4:4)

shape® = shapef~1



0 O Uik Wi

n <— length(x) # length of the observations
mean_x <— mean (x) # mean of the observations

#initiate the shape, scale, and convergence values
shape_prev <— nx (mean_x"2) /sum( (x—mean_x)"2)
scale_prev <— sum( (x—mean_x)"2)

converg <— 1000

# initiate two vectors to store alpha and beta in each step
shape_est<—shape_prev
scale_est<—mean_x/shape_prev

# Newton—Raphson
while (converg>0.0000001) {
#first derivative of shape_k—1
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where
oy a ['(a) |\
I'(a) = nlog(f) —-n (o) + ; logX; (4.5)
['(a),
"(a)=—— 4.6
(@) =2 () (16)
function gamma_MLE (x) : shape, scale

derl<—n%*log (shape_prev/mean_x)—n*digamma (shape_prev) +sum(log (x

#second derivative of shape_k—1
der2<—n/shape_prev—nx*xtrigamma (shape_prev)
fcalculate next shape
shape_next<—shape_prev—derl/der2
# get the convergence value
converg<—abs (shape_next—shape_prev)
# store estimators in each step
shape_est<—c (shape_est, shape_next)
scale_est<—c(scale_est, mean_x/shape_next)
# go to next alpha
shape_prev<—alpha_next

}

shape<—shape_next

scale<—mean_x/shape_next

return (shape, scale)

}

end function

Listing 4.1: Estimating gamma distribution parameters using MLE

The types and parameters of the other emissions (Saccade: Absolute saccadic di-
rection and Unclassified: Duration gaze events) have been found with the same
techniques that have been applied for the Fixations. In Figure 4.9, it can be seen
that absolute saccadic directions show the multimodal Gaussian distribution. In
order to find modes and parameter values of the distribution, R package [SFMR16]
has been used. In Figure 4.8, as it is seen there are eight modes for the distribution
that shows multimodal Gaussian distribution is going to have eight mean values and
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eight standart deviation values. The goodness of fit test also has been applied to Un-
classified durations and its distribution has been found as exponential distribution
where the plots are given in Figure 4.10.

Mclust V (univariate, unequal variance) model with 8 components:

log.likelihood n df BIC ICL
-38302.41 7333 23 -76809.52 -79406.2

Clustering table:
1 2 3 4 5 6 7 8
992 810 779 1192 1038 838 816 958

Figure 4.8: Density estimation for the Absolute saccadic direction values.

0.030
I
0.006

0.020
L

0.010
I
0.000 0.002 0.004

0.000
L

T T T T T T T T T T
o 100 200 300 400 0 100 200 300 400

scannigsaccades skimmingsaccades

0.012
I

0.008

ensity
ity

0.004

000 002 004 006 008
1
I

. '

L
0.000
L

0 100 200 300 400 [ 100 200 300 400

readingsaccades mediaviewsaccades

0.008

0004
1

0.000
L

T
o 100 200 300 400

unknownsaccades

Figure 4.9: Histogram for Absolute Saccadic Directions.
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Figure 4.10: Histogram for Unclassified Durations.

4.3 Learning HMM

When building an HMM there are two parts which are very important: first, the
design of the structure (e.g. what states are there and how they are connected).
Second, parameter values of the HMM; the initialization, transition, and emission
probabilities. In this section, we will discuss how the parameters are estimated, in
other words, we will be showing how the HMM is learned.

We have a set of training sequences; z',....2" and the joint probability of all the
sequences are the product of the probabilities of the individual sequences. Thus, we
can calculate the log probability of the sequences:

log(z',...,z"|0) = log P(z',....2"|0) = >°7_, log P(27)

where 6 represents the entire parameters of the model (i.e. transition, emission).
This is equal to the log likelihood of the model.

Estimation of the parameters can be grouped into two categories. Those are;

1. Estimation when the state sequence is known (Supervised);
— MLE
2. Estimation when the state sequence is unknown (Unsupervised);

— Baum-Welch
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— Viterbi training

In this thesis, as our sequences are fully annotated, we are going to train our model
with the first method; MLE. When the paths are unknown for the training sequences
Baum-Welch or Viterbi training algorithms can be used. When all the sequences
are known, we can count the number of times where each transition is used by
the training sequences and for the emission we have already estimated maximum
likelihood in Section 4.2. Let it for transition A;; from state 7 to j, then the maximum
likelihood estimation is given as:

A

. (4.7)
> A

CL,L'J'

By the MLE method, we look for parameter 6(a;;) which maximize the probability
of the training set. If there are insufficient data, maximum likelihood estimation is
vulnerable to overfitting [DREKJM98]. For instance, if there is a state ¢ that never
occurs in the training sequences, then the estimation equations are undefined for
that state because of the result of zero divided by zero is indeterminate [HMMal. In
order to avoid from such problems Equation 4.7 can be smoothed by adding some
pseudo counts before using it.

e A;; = number of transitions ¢ to j in training data + ;;

With this way each transition probability can be guaranteed to be greater than zero
and this also guarantees that transition occurring in the training data always has a
higher probability than one which does not occur.

4.4 Getting most likely sequences: Viterbi De-
coding

Although it is not possible to identify what state the model in by looking at the
corresponding observation, we are interested in sequence of states. In order to find
what the observation sequence “means” by considering the states is called decoding
in the field of speech recognition [DREKJM98]. There are many ways for decoding,
in this thesis we will use the most common one, called the Viterbi algorithm. In
Chapter 3, we gave the background information for the algorithm.

The most likely sequence can be found recursively. For instance, for each possible
hidden state sequence, we run the Viterbi algorithm and compute the likelihood of
the observation sequence given the hidden state sequence.

Figure 4.11 shows an example of the Viterbi trellis for computing most likely se-
quence for the observation sequence at time t1; Fization and time t2; Saccade and
so on. The detailed algorithm can be found in Chapter 3. The idea is to process
the observation sequence left to right. Each cell, vt(j) represents the probability
that the HMM is in state j after seeing the first ¢ observations and passing through
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Observations: 1: Fixation 2: Saccade
Scanning) Scann\ng;\‘
:Sk\mming) ‘Sk\mming‘/\‘

\
 Reading /‘

Start Reading)

o~

iau) \
MediaView] Media\/iemy‘

I \
Unknuwn/‘

‘P(Start)"P(ObservationIStatE) ‘ ‘P(PreviausPath)"P(OIdState->NewState)‘P(ObservationlNewState) ‘

(0.25*P(Fixation | Scanning)) (0.02*P(Scanning -> Scanning)*P(Saccade | Scannning))

Figure 4.11: The Viterbi trellis for computing most likely sequence through the
hidden states. Hidden states are in circles, observations in rectangle.

the most probable state sequence qg, ¢1, G2.-.-, ¢t—1, given the automaton 6§ [HMMb].
For instance, for the first cell vt(Scanning), by seeing the observation as Fization,
we choose the maximum value according to Equation 4.8. The three probabilities
(vt — 1, a;; and b;(0;)) are multiplied for extending the previous path to compute
the Viterbi probability.

vt; = maxve_1(i)a;;b; (o) (4.8)

e vt — 1 = the previous Viterbi path probability
e a,;; = the transition probability from the Old State to the New State

e b;(0;) = the state observation likelihood of the observation o; given the current
state 7.

This methodology is implemented in given R code: Listing 4.2. In the first 18
code lines, the HMM is calculated according to the given observations (see the first
column of Table 4.4); for instance, if the observation is Fization then pdf of gamma
is used. Hence, “dens.emission” of the models (see lines 6, 11 and 16 on Listing 4.2)
calculates the density values of states. When the p matrix (see Table 4.4) with five
columns (number of states) and N rows (number of rows in Test data) is completed,
the Viterbi as seen in the code lines between 19-26 can be applied; for every sequence
Viterbi is calculated with using initial probabilities, transition probabilities and with
p matrix that stores pdf values of distributions. In line 19, length(x$N) represents
the number of sequence in Test data. In lines between 20 and 25, there is an internal
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code that is imported from C code that does all calculations. NN is the cumulative
sum of the sequences, for instance, let’s say that the first sequence is consist of
94 rows so tmp will be calculated for p[(NN][i]4-1):NNJi+1],] that equals to p[1:94].
After that, maximum values of states in tmp is chosen to assign states: state[1:94]
= tmp$q+1 in code line 25.

Listing 4.2: Computing Viterbi probability according to observations

p = matrix (nrow=sum(x$N), ncol=5)
for (i in 1:sum(x$N)) {
if (obs[i]=="Fixation”) {
p[i,] <- sapply(1:5,
fn <~ function(state)
modelgamma$dens . emission (x$x[i],state ,modelgamma))
}
else if (obs[i|=="Saccade”) {
p[i,] <— sapply(1:5,
fn <— function(state)
modelnorm$dens . emission (x$x[i],state ,modelnorm))
}
else{
pli,] < sapply(1:5,
fn <— function(state)
modelexp$dens. emission (x$x[1],state ,modelexp))

}
}
for (i in 1:length(x$N)) {
tmp <— .C(”viterbi_hmm”  a=logtrans , pi=logpi ,
p=as.double(log (t(p[(NN[i]4+1):NN[i+1],]))),
N=as.integer (x$N[i]|) ,NN=as.integer (nseq) ,K=as.integer (5),
g=as.integer (rep(—1,x$N[i])), loglik=as.double(c(0)) ,PACKAGE="mhsmm ")
loglik=loglik+tmp$loglik
state [(NN[i]4+1):NN[i+1]] = tmp$q+1
}

ans <— list (s=state ,x=x8$x,N=x8N, loglik=loglik)

After prediction is completed by Viterbi algorithm, we can evaluate the accuracy of
the model by comparing the actual annotations in test data with Viterbi prediction.
In the next sextion, we will evaluate our reading detection model.
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Table 4.4: The head of the p matrix. Each row represents the pdf value of the
given observation for the five states. For instance, the first observation is Saccade
so the first line values are calculated with the type of Saccade distribution which is
multimodal Gaussian.

Observations

States

Scanning

Skimming

Reading

MediaView

Unknown

Saccade

1.458293¢-49

2.364287e-54

4.791658¢-46

1.839593e-99

1.450633e-76

Fixation

2.743948e-03

3.554251e-03

2.645266e-03

3.356914e-03

3.390768e-03

Saccade

2.677557e-83

6.506183e-97

3.359612e-77

1.390294e-164

2.836231e-128

Fixation

2.469367¢-03

3.209230e-03

2.358244e-03

4.082267e-03

3.527636e-03

Saccade

1.045819e-85

5.430100e-100

2.007842¢-79

3.327712e-169

5.894765¢-132

Fixation

NN

1.184882e-03

1.075008e-03

1.155198e-03

1.511598e-03

1.402613e-03
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5. Evaluation

In this chapter, the evaluation of our reading detection approach and our baseline
against it are presented. In order to compare standard HMM with another method,
we used the naive Bayes as a baseline. Because of the time limitation, instead of
implementing more complicated model as a baseline, the less complicated model is
chosen and the comparison between these two models is made.

In naive Bayes, we simply remove the dependencies between the states. So, there is
no successor independent of predecessor. In Figure 5.1 we see the general architec-
ture of the naive Bayes. So, the formulation of the model,

P(2) = [ P(S) - P(YilS) (5.1)

=1

When compared with Equation 4.1, we only remove the Markovian chain because
this dependency decouples here independence. However, the emission part of the
formula stays the same. In other words, we downgrade the standard HMM.

PO¢
SRORC

Figure 5.1: Architecture of naive Bayes. Downgraded from Standard HMM.

The experiments were carried out on double core of an Intel Core i5 MacBook Pro
with 2.6 GHz of the clock and 8 GB of RAM memory on OS X High Sierra operating
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system. Furthermore, the algorithms have been implemented in R programming and
compiled with RStudio.

In order to measure the performance of an HMM, the evaluation metrics such as
Accuracy, Precision, Recall and F1 Score are used. Besides, a brief explanation of
the “confusion matrix” are provided. In this thesis, we have used DKE dataset from
[KGSN17a] to classify the types of reading behavior among scanning, skimming,
reading, mediaview and unknown.

Once the model is built, the most important question arises how good is the model?
Thus, evaluating the model takes an important part to see how good the classification
is.

A confusion matrix is a table that is generally used to measure the performance of a
classification model on a test data for which the real values are known [Per|. There
are four parameters to be extracted from a confusion matrix, those are:

True positive TP These are the correctly predicted positive values which mean
that the value of the actual class is yes and the value of the predicted class is also
yes. E.g. if the actual class value indicates the reader is doing scanning, predicted
class tells you the same thing [Per].

On multiclass classification, TP values are the diagonal column cells of the confusion
matrix.

True negative TIN These are the correctly predicted negative values which mean
that the value of the actual class is no and the value of the predicted class is also
no. E.g. if the actual class says the reader is not doing scanning, the predicted class
tells you the same thing [Per].

On multiclass classification, TN values are the correctly rejected prediction for a
certain class. For instance, for a scanning, it is all the values except the real class
row of the scanning and prediction column of the scanning on the confusion matrix.

False Positives FP When the actual class is no and the predicted class is yes [Per].
E.g. if the actual class says reader is not doing scanning but the predicted class tells
you that the reader is doing scanning.

On multiclass classification, FP values are incorrectly identified as predictions for a
certain class. For instance, for a scanning, it is prediction column of the scanning
except for the first cell on the confusion matrix.

False Negatives FIN When actual class is yes but predicted class in no [Per]. E.g.
if the actual class value indicates that the reader is doing scanning and predicted
class tells you that the reader is doing skimming.

On multiclass classification FN, values are for a certain class. For instance, for a
scanning, it is the real row of the scanning except for the first cell on the confusion
matrix.

In Figure 5.2, the graphical representation of how these parameters are calculated
on confusion matrix is illustrated.

Once these four parameters are counted, the following metrics can be calculated:
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True Positive True Negative for Scanning
Predicted Class Predicted Class
Scanning | Skimming |Reading |MediaView |Unknown Scanning | Skimming |Reading |MediaVie{ Unknown
Scanning Scanning
§ Skimming ﬁ Skimming
r:“; Reading r:“; Reading
& |MediaView & |Mediaview
Unknown Unknown
(a) (b)
False Positive for Scanning False Negative for Scanning
Predicted Class Predicted Class
Scanning | Skimming |Reading |MediaView |Unknown Scanning | Skimming |Reading |MediaVie{ Unknown
Scanning Scanning
§ Skimming ﬁ Skimming
r:L; Reading r:L; Reading
& |MediaView & [MediaView
Unknown Unknown
(c) (d)

Figure 5.2: How the parameters of the confusion matrix are calculated. For example,
the sum of each colored cells gives the parameter values of the Scanning.

Accuracy

Accuracy is the performance measure and it is simply the ratio of correctly classified
states to the total number of classifications [Per]. One may assume that the model
is the best when it has high accuracy but this is the case when the datasets are
symmetric where the values of false positives and false negatives are almost the
same [Per]. Hence, not only the accuracy but also the other evaluation metrics
(Precision, Recall and F1 score) should be considered to evaluate the performance
of the model. Accuracy can be defined in a formula as follows.

True Positives + True Negatives

Precision =
True Positives 4+ True Negatives + False Positives + False Negatives

Precision

This measure represents the percentage of the positive classifications that were cor-
rect and it is defined as follows.

True Positives

Precision =
True Positives + False Positives

For all five states, each precision values are calculated and sum of them are divided
into the number of states to get an average precision. On Table 5.3 and Table 5.4
one can see the precision values of each state of the models.

Recall

This recall measure (also called sensitivity) represents how many percents of the
actual positive cases that were classified correctly and it is defined as follows.
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Table 5.1: Confusion Matrix for standard HMM
Predicted Class

Scanning | Skimming | Reading | MediaView | Unknown | Row Sum
@ | Scanning 3474 110 13 19 10 3626
g Skimming 620 2063 158 1 15 2857
~ | Reading 35 160 3983 0 132 4310
8 [ MediaView | 372 0 0 424 1 800
& [Unknown | 14 N 270 0 8369 8604

Column Sum | 4515 2374 4424 444 8530
Table 5.2: Confusion Matrix for NB-HMM
Predicted Class

Scanning | Skimming | Reading | MediaView | Unknown | Row Sum
¥ | Scanning 1601 51 1154 9 811 3626
8 Skimming | 424 1408 316 0 709 2857
~ | Reading 574 277 2262 230 967 4310
§ [ MediaView | 62 98 147 411 82 800
F Unknown 272 174 1005 84 7159 8694

Column Sum | 2933 2008 4884 734 9728
True Positives
Recall =

True positives + False negatives

For all five states, each recall values are calculated and sum of them are divided into
the number of states to get an average recall. On Table 5.3 and Table 5.4 one can
see the recall values of each state of the models.

F1 Score
The F1 score is defined as:

Fl— 9 Precision - Recall

" Precision + Recall

which is the harmonic mean of the precision and recall measures. This measure is
often used to get a single score for a classifier to simplify comparison.

Test results

Given metrics above, to measure the performance we need to create a confusion
matrix. In Table 5.1 and Table 5.2, we show the confusion matrices of standard
HMM and naive Bayes respectively. The confusion matrix basically shows how
many times a real class member (e.g Scanning) predicted as other class members.

By having the confusion matrices, precision and recall values are calculated for each
state (Table 5.3 and Table 5.4) and then the average values with the F1 score are
given in Table 5.5.

Moreover, the two models are compared on the graphical representation. In Fig-
ure 5.3 and Figure 5.4, horizontal bars with the different states whose colors are
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Table 5.3: The precision and recall values of the states of standard HMM with their

average values.

Standard HMM

States Precision | Recall
Scanning 0.76943522 | 0.95808053
Skimming | 0.86899747 | 0.7220861
Reading 0.90031646 | 0.92412993
MediaView | 0.95495495 | 0.53
Unknown 0.98112544 | 0.9626179
Average 0.89496591 | 0.81218289

Table 5.4: The precision and recall values of the states of naive Bayes with their

average values.

Naive Bayes

States Precision | Recall

Scanning 0.54585748 | 0.44153337
Skimming 0.70119522 | 0.49282464
Reading 0.46314469 | 0.52482599
MediaView | 0.5599455 | 0.51375

Unknown 0.73591694 | 0.82344145
Average 0.60121202 | 0.55927509

Table 5.5: Given the confusion matrices, the values of the evaluation metrics.

Test Results

Accuracy | Precision Recall F-measure
Standard HMM | 0.90269631 | 0.89496591 | 0.81218289 | 0.85156724
Naive Bayes | 0.63296692 | 0.60121202 | 0.55927509 | 0.57949648
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different for each state are presented. As standard HMM is state dependent (see
Equation 4.1), state changes are not very frequent and it is easy to observe state
matches with colors in Figure 5.3. On the other hand, as the naive Bayes is in-
dependent of predecessor states (see Equation 5.1) it is not easy to observe state
matches.

@ Scanning
@ Skimming
@ Reading

@ MediaView
0 Unknown

True state sequence

Classified state sequence

Figure 5.3: Comparison of test and classified set for Standard HMM. The horizontal
bars show the different states whose colors are defined in the legend.

B Scanning
@ Skimming
@ Reading

@ MediaView
0 Unknown

True state sequence

Classified state sequence

Figure 5.4: Comparison of test and classified set for naive Bayes. The horizontal
bars show the different states whose colors are defined in the legend. As the classified
state changes are very frequent, it is hard to observe state matches with color.



6. Conclusion and Future Work

Conclusion

In this thesis, we presented a reading model for gaze data to classify different types of
human reading behavior. One of the main contributions of our work is to detect and
distinguish scanning, skimming, reading, mediaview and unknown reading behavior
from each other.

Gaze patterns have the information needed to recognize and distinguish the types
of reading behavior. Thus, to have labeled data, those patterns have been labeled
by two different experts. Common labels of the experts are accepted as the most
accurate conclusion of the gaze patterns.

From an experimental point of view, our contribution lies in the comparison of the
performance of classifiers in both standard HMM and naive Bayes. Considering the
results, we answer the research questions of our thesis as follows:

RQ1. How accurate the developed reading model correctly detects reading behavior
when compared with the labeled data?

In this thesis, reading is distinguished from scanning and skimming. However,
for a simplicity mediaview and unknown can be grouped as “non-reading” and
the rest of the types as “reading”. However, even if the reading is considered
together as scanning, skimming and reading, reading alone behavior shows
better outcome where the evaulation metric values (precision and recall re-
spectively) of the reading alone behavior is 0.900 and 0.924. Its evaulation
metric values are better than the average values of scanning, skimming and
reading all together (0.846 and 0.868 respectively).

RQ2. How good the model is able to distinguish between the types of reading be-
havior?

In confusion matrix Table 5.1, we can see that our developed model detects
reading behavior with the 90% accuracy. The diagonal column cells of the
confusion matrix give us the correctly detected types of reading behavior when
compared with the labeled data.



46 6. Conclusion and Future Work

RQ3. How effects of using the developed model transition compared to the baseline?

The model has been evaluated comparing with the naive Bayes and results (Ta-
ble 5.5) show that while standard HMM shows 90% accuracy, our baseline the
naives Bayes, on the other hand, shows 63% accuracy. Thus, we can say that
standard HMM classifier performs better than the naive Bayes classifier. Precision,
Recal, and F-Measure values of the standart HMM also outperform the naive Bayes
. Consequently, using the transition probability of the states helps to classify the
types of reading behavior much more accurate.

Furthermore, the another contribution of the thesis is that, the gaze data has been
fitted to its distributions; Fixation durations of the gaze data show Gamma distri-
bution, where Saccade length show multimodal Gaussian distribution and Unknown
durations show Exponential distribution. Hence, the parameters of the distribution
types have been found with MLE, and estimated the parmeters shape and scale
on Gamma distributed Fixation durations data using the Newton-Raphson method.
The parameters of the multimodal Gaussian; mean and sigma, and the parameter
of the Exponential; rate also have been estimated with MLE after fitting their data
to their distribution types.

Future Work

Many different experiments, tests, and implementations have been left for the future
due to the time limitation of the thesis. Future work is related to the improvement
of a reading detection model, new proposals to try different methods, or simply
curiosity. The performance of the reading detection model can be improved in
several ways.

One of the limitations of the standard HMM is that it is weak at capturing the long-
range relations between the observed values [Bis06]. Thus, standard HMM can be
improved by adding extra links to the Figure 4.1. One of the solutions is to extend
the standard HMM to give the Autoregressive hidden Markov model, an example is
shown in Figure 6.1.

Given a hidden state sequence of the model;

Q) = Q1.7 where Q € {Scanning, Skimming, Reading, MediaView, Unknown}

and an observed feature sequence;

C' = C.p where C € {Fixation, Saccade, Unclassified }

A joint probability can be defined as in Equation 6.1. It can be seen from the formula
that when compared with standard HMM the only changes is in the emission part
as it depends on both current state and all past output.

P(C,Q) = HP(Qt|Qt—1) - P(Cy|Chp1, Q) (6.1)

In this thesis, we have used duration feature for Fixation and Unclassified observa-
tions, and absolute saccadic direction for Saccade observation. To further improve,
the combination of some features such as saccadic amplitude, and relative saccadic
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Figure 6.1: Architecture of Autoregressive HMM, in which the distribution of the ob-
servation Y; not only depends on a subset of previous observations but also depends
on the hidden state S;. In this figure, Y; depends on the two previous observations
Y, 1 and Y; 5. This number of dependency can be increased.

direction (definitions of the terms can be found in [Prol8]) for saccade can be used.
Furthermore, character-based reading classifier (e.g. [BDvE0S]) can be combined to
our model.

In Section 3.4, it has been pointed out that for the matched annotations of the
two annotated data, only the intersection of the matched rows is taken. Here,
instead of taking the intersection, a much better approach may be applied to not
the loose information of the rows outside the intersection. For instance, comparing
the timestamps of the annotations may be a solution. However, this is not tested in
this thesis and has been left for the future work.

Obviously, this work can be enhanced to unsupervised learning, so that the model
can classify types of reading behavior without the need of labels for training data.

Besides, the classification of the types of reading behavior knowledge might be used
to support users during their web searches. For instance, it is more likely that a
user who performs an exploratory search will read the text on the screen. As the
model is able to detect reading, and classify the types of it, some keywords can
be suggested to the user or related pages that allow examination from different
perspectives during his web search activity. On the other hand, a user who performs
a fact-finding search is more likely scanning or skimming the text on the screen as
he tries to find a piece of information. Hence, some statements might be highlighted
to support user.

It can be also the case that reading speed of different users, the amount of the
regressions and their durations with respect to the font and size can be analyzed for
further developments.
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Figure A.1: The gaze points of the five different states extracted from one of the
users data using Tobii Studio.
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Figure A.2: 360 Degree Histogram of the five different states of the training data.
The length of the states: Scanning:7333, Skimming:2582, Reading:5973, Medi-

aView:250, Unknown:10224.
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Figure A.3: 360 Degree Histogram of the five different states of the test data. The
length of the states: Scanning:4452; Skimming:1785, Reading:1854, MediaView:342,

Unknown:4248.
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