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Abstract

Human eye movements are a powerful descriptor that can help researchers un-
derstand how people obtain and process information on computer displays. Ex-
isting studies on the analysis of eye tracking data have revealed some of the re-
lationships between human eye movements and their underlying mental states
(e.g., interests or intentions). However, understanding content browsing behav-
ior in uncontrolled environments is still a challenge due to the complexity of eye
movement patterns. Part of the issue is that human gaze is affected not only by
browsers’ states but also by the physical and semantic aspects of visual content.
Moreover, same eye movement patterns can have different meanings depending

on context in content browsing, which may change over time.

First, this study proposes a novel gaze analysis framework to understand the
meaning of browsing behavior, which leverages information about the content
creator’s intentions. Visual content such as web pages, digital articles and cata-
logs are comprised of structures intentionally designed by content creators, which
we refer to as designed structure. This study focuses on two design factors of de-
signed structure: spatial structure of content elements (content layout), and their
semantic relationships such as “being in a group”. The framework was evalu-
ated with an experiment involving twelve participants, wherein the participant’s
state was estimated from their browsing behavior. The results from the exper-
iment show that the use of designed structure improves estimation accuracy of

user states compared to other baseline methods.

Second, this study proposes a hierarchical content browsing model to man-
age diversity of eye movement patterns. In content browsing situations, human
browsers may have different browsing contexts (which we refer to as browsing
states) and context can change over time. To reveal the characteristics and tempo-
ral changes of browsing states in content browsing behavior, this study proposes a
probabilistic model based on hidden semi-Markov model (HSMM) whose hidden
states correspond to the browsing states. The proposed browsing state model is



iv

trained and evaluated using gaze data that were collected from eight participants
in an experimentally controlled catalog browsing situation. We analyze the esti-
mated browsing states and demonstrate that they can contribute to improve the
performance of browser interest estimation.

Finally, we adapt the proposed content browsing model to the analysis of
choice behavior in digital catalog browsing. Findings from existing studies sug-
gest that the consumer choice process consists of a few different browsing states
such as screening and evaluation. The proposed approach consists of two steps. In
the first step, we define and identify the browsing states based on how often a
decision maker looks at the selected item (the item finally selected by a decision
maker), which acts as a clue into the process of choice behavior. Our definition
of browsing states is evaluated through eye tracking data to confirm that it can
split the decision process into meaningful browsing states. In the second step, we
train our browsing-state model using eye tracking data and corresponding iden-
tified browsing states via a supervised manner. Once the browsing state model
is learned, we can estimate browsing states of newly observed eye tracking data
without the information of the selected item. The latter method is evaluated by
measuring how it can replicate the results by the former identification method

that uses information of the selected item.
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Chapter 1

Introduction

1.1 Motivation

Eye movements are powerful descriptors for how people obtain and process
information on computer displays. Compared to other process tracing meth-
ods, such as clickstream or think-aloud protocols, eye movements have the
distinct advantage that they can be recorded with higher sampling rates and
with fewer cognitive impacts [Glaholt and Reingold, 2011]. Due to the recent
improvements in eye tracking techniques, researchers now have easier access
to high-fidelity eye tracking data of human browsers. Eye tracking analysis
has contributed to various research fields including psychology [Yarbus, 1967],
human computer interaction (HCI) [Jacob and Karn, 2003] and marketing re-
search [Wedel and Pieters, 2011].

Yarbus et al. pioneered eye tracking analysis when human browsers are
exploring complex images [Yarbus, 1967, Tatler et al., 2010]. They insisted that
browsers” eye movements are strongly influenced by their underlying tasks or
cognitive goals. Many follow-up studies have examined additional details of
the eye-mind link; moreover, some studies attempted to solve its inverse prob-
lem, i.e., estimation of browsers” mental states (e.g., tasks) from their eye track-
ing data [Greene et al., 2012, Borji and Itti, 2014]. Although not all studies have
achieved the eye tracking based task estimation successfully [Greene et al., 2012],
Borji et al. confirmed that it is possible to estimate human browsers’ tasks signifi-
cantly above chance by combining motion features of eye movements with image
features of visual content [Borji and Itti, 2014]. These studies mainly employed
statistical features of saccadic eye movements (e.g., the average value of saccade
lengths) for the task estimation. Borji et al. discussed about the possibility of im-

1
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Semantic aspects
(e.g., attributes of
products)

Mental states
| (e.g., intentions)

Physical aspects
(e.g., saliency)

\

Visual content

Figure 1.1: Entities of content browsing situation.

proving the estimation accuracy by leveraging more informative features of eye
movements [Borji and Itti, 2014]; however, how to extract such informative fea-
tures from eye tracking data is still an open problem. Since both semantic and
physical aspects of visual content affect browsers” eye movements, not just mo-
tion features of eye movements but also information of visual content should be
considered to solve the problem.

In this study, we aim to take another step for mental state estimation from eye
movements by establishing an eye-tracking-analysis framework for semantic in-
terpretation of eye movements. When people are performing a complex task, their
content browsing behavior is expected to consist of a series of actions caused by
the task and their underlying intentions. For example, when people are making a
decision among multiple alternatives, they need to commit acts such as “a binary
comparison of alternative A and B” or “elimination of alternative C”. The goal
of this study, semantic interpretation of eye movements, is to associate those gaze
actions with short-term eye movement patterns. Understanding gaze actions dur-
ing a human browser is performing a task enables deeper understanding of the
underlying process until the browser accomplishes the task beyond mere estima-

tion of which task the browser is performing.

1.2 Background

Eye movements have long been an important cue for underlying mental states of

human browsers in various situations including human-agent conversation, in-

2



1.2. Background

formation search, decision making, and so on. The term mental states of browsers
in this study indicates human internal states that influence content browsing be-
havior. This section briefly summarizes representative works on mental state es-

timation from eye movements and their applications.

1.2.1 Mental-State Estimation from Eye Movements

Estimating browsers” mental states from eye movements has been of interest es-
pecially in the last decade due to easy access to eye tracking data. Probabilistic
approach employing machine learning techniques is commonly taken to manage
the complex eye-mind link in modern eye tracking studies. For this, eye tracking
data are first encoded into statistical features, which we call eye-movement features,
and then probabilistic classification method is applied to the features. In this sec-
tion, we categorize existing studies on mental state estimation using eye move-
ments based on two aspects: (A) how to characterize eye-movement features, and

(B) types of classification methods.

(A) Eye-Movement Features

Basic representation of eye tracking data is to employ motion features of eye
movements, which is simple and fully content-independent. Meanwhile, some
studies employed information of visual content to characterize eye movements
since eye movements are influenced by both physical and semantic structure of
visual content (Figure 1.1). The following paragraphs briefly introduce both mo-
tion features of eye movements and eye-movement features characterized using
content information which are used in existing studies for mental-state estima-

tion.

(A-1) Motion Features of Eye Movements

Below we will specify some technical terms to represent motions of eye move-
ments. This study focuses on static visual content which does not include any
dynamics. When a human is browsing static visual content, the motion of eye

movements can be categorized into two types: fixation and saccade.

Fixation A fixation or visual fixation occurs when gaze fixates on a single loca-
tion from approximately 100 msec to more than 1 sec (depending on the situation
of content browsing).
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Saccade A saccade is a high-speed eye movement that occurs between fixations.
No information can be obtained as perception (saccadic suppression); thus, al-
most all information is acquired during fixations. Each saccade requires approxi-
mately 30 msec for 5°of visual angle and 2 msec longer for each additional degree.

The motion features of eye movements here indicate the characteristics
of the above two types of eye movements. Existing studies often use mul-
tiple features related to fixations and saccades; for example, fixation posi-
tions/durations/numbers and saccade lengths/directions/durations. Statistical
approaches using motion features of eye movements are considered to be a robust
and content-independent method for gaze analysis and they are utilized in many
different situations [Sugano et al., 2014, Pasupa et al., 2009, Bednarik et al., 2012,
Eivazi and Bednarik, 2011]. For example, Sugano et al. classify motion features
of eye movements using a Random Forest algorithm to estimate browsers’ pref-
erence towards pictures [Sugano et al., 2014]. In [Bednarik et al., 2012], motion
features of eye movements are learned by using Support Vector Machines to dis-
criminate non-intentional and intentional eye movements.

Above mentioned studies mainly consider statistics of motion features ex-
tracted from observed gaze sequence (e.g., mean or variance). However, the
statistics of motion features alone discard temporal information in the eye track-
ing data, which can be an important clue to understand content browsing be-
havior. Some repetitive eye movement patterns that consist of multiple sac-
cades and fixations may be more informative features that represent impor-
tant aspects of browsing behavior, e.g., “scanning the scene widely” or “ex-
amining in a small area”. Bulling et al. proposed a method to incorporate
such repetitive eye movement patterns for eye tracking based activity recogni-
tion [Bulling et al., 2011]. In their method, saccades are first encoded based on
length and direction into 24 discrete characters, then tri-gram analysis is em-
ployed to the encoded saccades sequence. Some other studies applied their eye
movement features to activity recognition in different domain such as cooking

behavior recognition [Inoue et al., 2016].

(A-2) Incorporating Physical and Semantic Aspects of Visual Content

The attempt to incorporate physical aspects of visual content to character-
ize eye movement features has been done by some studies [Sattar et al., 2015,
Borji and Itti, 2014]. Sattar et al. employed statistical image features (local binary

4
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patterns) around fixations to predict search targets [Sattar et al., 2015]. Moreover,
based on findings in the field of visual psychology, human eye movements are
known to be more attracted by an area if it is physically distinguished from its
surroundings, and many studies have proposed a model to predict the degree
to which visual areas attract attention, referred to as saliency. Saliency is also
employed to characterize eye movement features; for example, Borji et al. in-
corporated saliency values of fixations as Normalized Scanpath Saliency (NSS)
values to estimate tasks [Borji and Itti, 2014]. NSS is a measurement to assess
saliency prediction models proposed by Peters et al. [Peters et al., 2005], and it
can be calculated as the average of the response values at all fixations in a nor-
malized saliency map.

Incorporating semantic aspects of visual content is based on more heuris-
tic approaches, where semantic labels are manually annotated to areas-of-
interest (AOIs). For example, Nakano et al. used semantic information of vi-
sual content to estimate browsers” engagement in conversation with displayed
agents [Nakano and Ishii, 2010]. Semantic labels such as “the agent’s head” and
“the object that the agent is explaining” are annotated with regions on the screen,
and N-gram analysis is applied to a sequence of the semantic labels on AOIs.
This approach is considered to be a simple and effective way to introduce seman-
tic information of visual content into eye tracking analysis. However, it can only
deal with analyst-specified domains/situations since it becomes difficult to de-
termine appropriate labels for object regions as visual content becomes complex
and diverse. For example, as the amount of objects in visual content increases,

the number of semantic labels will become unmanageable.

(B) Probabilistic Models for Mental-State Estimation

As mentioned above, eye movements in an uncontrolled situation can be very
complex because they are influenced by both browsers” mental states and physi-
cal and semantic structure of visual content. Thus, existing studies employ prob-
abilistic approaches to manage the complexity of eye movements. This section
categorizes those probabilistic approaches into two types based on the employed
learning method: (1) when target mental states are known or well-defined and we
can obtain eye tracking data with associated ground truth, mental state estima-
tion can be done in a straightforward supervised manner; (2) when target mental
states are unknown and/or when they may change temporally, an unsupervised
approach is necessary.
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(B-1) Supervised Methods for Estimating Static, Pre-defined and Knowable
Mental States

In some situations, mental states such as tasks and preference of browsers are not
expected to change during the observation of eye movements. For these situa-
tions, it is comparatively easy to obtain ground truth of mental states when eye
movements are being observed simply using think-aloud method or controlling
task/conditions. Once we obtain complete data (a set of eye tracking data and its
ground truth of associated mental states), we can train supervised classification
model with the data.

Both linear classification methods [Pfeiffer et al., 2014, Greene et al., 2012] and
non-linear classification methods such as ensemble learning [Borji and Itti, 2014,

Sugano et al., 2014] are used in existing studies.

(B-2) Unsupervised Methods for Estimating Dynamic, Undefined and Un-
knowable Mental States

Unsupervised methods are used when target mental states can change during
observation of eye movements or when we do not have any prior knowledge
about mental states we want to estimate. Brandherm et al. attempted to estimate
the interest of browsers in a virtual sales scenario based on dynamic Bayesian
networks [Brandherm et al., 2007]. State space models such as a hidden Markov
model is also used to model transitions among information processing states in

information search and in decision making [Simola et al., 2008, Shi et al., 2013].

1.2.2 Application of Estimating Mental States of Browsers

Understanding mental states in browsing visual content such as digital articles,
web pages, and catalogs is of great interest for various applications. For example,
recommendation/information systems can be improved by understanding users’
mental states such as interest [Hirayama et al., 2011, Shimonishi et al., 2016] since
it enables the systems to provide appropriate information at right time. Moreover,
supporting systems for students in watching video lectures [Rodrigue et al., 2015]
and human-agent interaction [Nakano and Ishii, 2010] can be improved by un-
derstanding content browsing states of users.
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1.3. Focus of This Study

1.3 Focus of This Study

This section is to clarify focal problems that this study tackles. First, we describe
the basic assumptions of content browsing situations. Then, we present two main
issues to achieve semantic interpretation of eye movements in the assumed con-

tent browsing situation.

1.3.1 Basic Assumptions of Content Browsing Situations

Assume the content browsing situation where a human browser is viewing a
screen and the browser’s eye movements are recorded as a sequence of gaze
points. This study focuses on content browsing situations where (1) visual content
contains some artificial structure designed by content creators and (2) a person is
browsing the visual content with some purpose. The content browsing situations
of interest include online shopping, information search on the Web, reading mag-
azines, etc. The following paragraphs describe each condition particularly.

Visual content with author-designed structure Visual content in this study con-
tains multiple objects described in various media (e.g., text and images). For
simplicity, this study assumes the region boundaries of the objects are obvious
so that AOIs can be easily segmented. We also assume the content to have
designer/author-imposed structure; that is, the objects consist of items are placed
based on the content creator’s intention. Visual content without any artificial
structure, e.g., natural images, is not the interest of this study. Finally, we only
consider static visual content that contains no dynamic objects; that is, video con-
tent is not of interest in this study.

In summary, this study assumes that visual content satisfies the following re-

quirements.

e Visual content contains multiple objects with obvious region boundaries,

and the regions do not overlap each other.
e The placement of object regions reflects the content creators’ intentions.
e Visual content does not contain dynamic objects (static visual content)
Goal-directed content browsing behavior As mentioned in Section 1.1, the

goal of this study, semantic interpretation of eye movements, indicates to asso-

ciate short-term eye movement patterns with gaze actions that reflect browsers’

7
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mental states. Since it is hard to define and interpret gaze actions in unin-
tentional /unconscious content browsing situations where browsers do not pay
attention to the visual content, we only consider goal-directed content brows-
ing situations where browsers have a specific goal/task to accomplish and they
browser the visual content intentionally. Although detecting such low attentive
states to visual content is one of the interesting topics in eye tracking analy-
sis [Yonetani et al., 2012], such unintentional /unconscious browsing behavior is
not of interest in this study.

As an example of content browsing situations that satisfy above requirements,
this study mainly studies multi-alternative choice behavior in digital catalog
browsing. As shown in Figure 1.2, a browser selects an item from a digital cat-
alog which contain information about multiple items. In the catalog browsing
situation, the placement of items of the catalog reflects content creators intentions
such as groupings of items, and the browsers make a decision after evaluating

alternatives as much as they need.

1.3.2 Issues in the Analysis of Content Browsing Behavior

This section summarizes general issues to achieve detailed understanding of con-
tent browsing behavior. As reviewed in Section 1.2.1, many researchers aimed
to model relations between people’s eye movements and mental states, and pro-
posed a method to estimate mental states from eye movements. In spite of those
works, it is still challenging to establish a versatile method of mental state estima-
tion that can be applied to complex real-world environments. This is because of
(1) the diversity of visual content, and (2) the uncertainty in the meaning of eye
movement patterns.

In particular, this study seeks to address the following issues to achieve se-

mantic interpretation of eye movements.

1. How can we employ diverse visual content to encode eye movements? As
described in Section 1.2.1, incorporating information of visual content is impor-
tant to understand eye movement patterns since eye movements are influenced
not only by mental states but also by visual content. In existing studies, semantic
labels which were annotated to AOIs on-screen were used to consider semantic
aspects of visual content to understand browsing behavior. However, this ap-
proach can only deal with pre-specified domains and situations due to difficulty

in determining the correct labels for AOIs as visual content becomes more com-
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Figure 1.2: Catalog browsing situation: an example of content browsing situa-
tions of interest in this study.

plex. For example, the number of semantic labels will increase as the number of
AOQIs increases.

2. How can we manage uncertainty in the meaning of eye movement patterns?
Eye movement patterns can have different meanings depending on the context
of content browsing. Assuming a catalog browsing situation, comparison pat-
terns among a few items in the catalog may be interpreted as “being interested
in the items” if it is temporally close to a decision being made, but they would
be better interpreted as “screening candidates” if it is at the beginning of choice
process. Thus, we need to consider contexts of content browsing to resolve such

uncertainties.

1.4 Contributions

The main contributions of this study are two-fold: (1) a novel framework to char-
acterize eye movement patterns using semantic/spatial structure of content de-
sign (designed structure) , and (2) a hierarchical content browsing model to man-
age diversity of eye movement patterns.

9
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1.41 A Framework to Encode Eye Movements based on De-

signed Structure of Visual Content

The first contribution of this study is to propose a framework that incorporates
spatial and semantic structure of visual content designed by content creators,
which we call designed structure. For the first issue mentioned in Section 1.3.2,
this study employs relationships among the objects instead of annotating seman-
tic labels of content objects. In the proposed framework, browsing behavior is
characterized by which part of designed structure attracts the focus and how be-
havior is influenced by designed structure, e.g., “looking at items in order” or
“comparing items in a group”. Introducing designed structure enables a simple
representation of visual content, and enables domain independent analysis.

To achieve this, we first model designed structure of visual content by a di-
rected graph. The details of definition and representation of designed structure
will be described in Chapter 3. Then, we propose an analysis method of eye
movements based on designed structure (see Chapter 4 for details). The pro-
posed framework is evaluated through an eye tracking experiment in a catalog

browsing situation by measuring accuracy of mental-state estimation.

1.4.2 A Hierarchical Content Browsing Model to Manage Diver-

sity of Eye Movement Patterns

The second contribution of this study is to propose a hierarchical content brows-
ing model to manage diversity of eye movement patterns. For the first issue men-
tioned in Section 1.3.2, this study explicitly models context in content browsing,
which we call browsing states. Differing from preference or tasks of browsers, the
browsing states may change during content browsing and are assumed to not be
observable. We employ a state space model to represent the browsing states as
hidden states, and characterize eye movement patterns by both designed struc-
ture and estimated browsing states.

In this study, transitions of browsing states are modeled by a hidden semi-
Markov model with several discrete states that can be learned from eye tracking
data in a unsupervised manner. The details of the representation of the proposed
model and its learning method are described in Chapter 5. Moreover, the model
can be learned in a supervised manner when browsing states can be directly de-

tined using prior knowledge in a certain domain. We focus on a catalog browsing
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Figure 1.3: Overview of the thesis.

situation and propose an analysis method of eye movements in consumer deci-
sion process in Chapter 6. The validity of the proposed model is also evaluated

through an eye tracking experiment.

1.5 Overview of the Thesis

This section presents an overview of this thesis. The structure of the following
chapters in this thesis is shown in Figure 1.3. Chapter 2 presents an overview of
modeling content browsing behavior in this study, and Chapter 3 describes the
details of modeling designed structure of visual content. The remaining chapters
present the components of the proposed content browsing model in Chapter 2.
Using designed structure defined in Chapter 3, eye movements are first encoded
into gaze actions in Chapter 4. Then, browsing states are estimated from the se-
quence of gaze actions in Chapter 5. Finally, Chapter 6 proposes a choice behavior
model to understand consumer decision process in a catalog browsing situation

based on the proposed content browsing model in Chapter 2.

Chapter 2: Hierarchical Modeling of Content Browsing Behavior

We propose a hierarchical content browsing model to understand goal-directed
content browsing behavior. In the proposed model, content browsing behavior
is represented with hierarchical structure to manage its diversity. The context of
content browsing (i.e., browsing states) is modeled and estimated in the top layer,

11
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and eye movement patterns are interpreted using the estimated browsing states.

In Chapter 2, we first present the basic assumptions of the generative pro-
cess of content browsing behavior, and the hierarchical content browsing model
is proposed based on the assumptions. The definition and details of the layers in
the hierarchical content browsing model is also described. Second, we introduce
some related studies to obtain eye movement representation in the each layer
of the hierarchical content browsing model. Finally, we introduce some exist-
ing analysis methods of eye movements to compare with the proposed content
browsing model.

Chapter 3: Author-designed Structure of Visual Content

We propose spatio-semantic structure of visual content for eye movement anal-
ysis, which we call designed structure. Designed structure is considered at two
levels: spatial structure of content elements (appearance-level), and their seman-
tic relations such as “being in the same group” (intention-level). Each level of
designed structure represents different aspects of content design.

In Chapter 3, we first introduce some existing studies that investigated the
effects of content design on human gaze. Second, we present the definition of
intention-level and appearance-level designed structure. Third, we describe the
representation of designed structure using a directed graph whose nodes and
edges represent objects in visual content and their design relations, respectively.
Finally, we present designed structure of two types of catalogs as examples.

Chapter 4: Encoding Eye Movements into Gaze Actions Using Designed Struc-

ture

In Chapter 4, we evaluate the framework to encode eye movements into mean-
ingful eye movement patterns, which we call gaze actions, using the designed
structure defined in Chapter 3. In the proposed method, observed eye tracking
sequences are characterized based on semantic and spatial relations in designed
structure of visual content.

In the proposed method, eye movement patterns are characterized by which
part of designed structure attracts the focus of the browser and how behavior
is influenced by designed structure. The proposed method is evaluated with an
eye tracking experiment in a catalog browsing situation by measuring accuracy
of task estimation compared to other baseline methods to characterize eye move-

12
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ment patterns.

Chapter 5: Unsupervised Estimation of Content Browsing States

In Chapter 5, we introduce a hidden semi-Markov model (HSMM) to represent
temporal changes of browsing states. In the proposed gaze model, the states in
consumer decision processes are explicitly modeled as hidden states to reveal the
characteristics and temporal changes of browsing states in catalog browsing situa-
tions. Using the method described in Chapter 4, eye movements are first encoded
into a sequence of gaze actions using designed structure. Then, the proposed gaze
model is trained and evaluated on real gaze data.

We first present an overview of the browsing model and then explain the train-
ing method of the proposed gaze model. To evaluate the proposed model, we col-
lected gaze data from eight participants in an experimentally controlled catalog
browsing situation. Using the data, we analyze the estimated browsing states and
demonstrate that the states can contribute to improve the performance of browser

interest estimation.

Chapter 6: Model Adaptation for Choice Behavior Analysis

In Chapter 6, we adapt the proposed framework proposed in Chapter 5 to the
analysis of consumer decision processes. Findings from existing studies suggest
that the consumer decision process consists of a few different browsing states
such as “screening” and “evaluation”. We first define browsing states based on
how often a decision maker looks at the selected item (i.e., the item finally selected
by a decision maker) and propose a probabilistic model to identify the browsing
states. After confirming that our proposed definition can split decision process
into meaningful browsing states through eye tracking data, we train the content
browsing model using hidden semi-Markov model by the identified browsing

states in a supervised manner.
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Chapter 2

Hierarchical Modeling of Content

Browsing Behavior

This chapter presents an overview of our framework of modeling content brows-
ing behavior. In the following sections, we first present basic assumptions to
model content browsing behavior; and then, we propose a hierarchical content
browsing model based on the assumptions. Second, based on the hierarchical
content browsing model, we introduce analysis methods of content browsing be-
havior. More specifically, we describe how to convert observed eye tracking data
from the bottom layer to the higher layers in the hierarchical content browsing
model by introducing some related studies.

2.1 Modeling of Content Browsing Behavior

Recall that the goal of this study, semantic interpretation of eye movements, is
to associate short-term eye movement patterns of browsers with their intended
gaze actions. Thus, this study assumes goal-directed content browsing situations,
where a browser is trying to accomplish a specific taks/goal. To achieve semantic
interpretation of eye movements in such situations, we propose a hierarchical
content browsing model. The proposed model enables representation of complex
and diverse content browsing behavior.

In the following sections, we first present the generative process of eye move-
ments in the goal-directed content browsing situations. Based on the generative
process, we model content browsing behavior with a hierarchical structure that

consists of four different layers.
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2.1.1 The Generative Process of Content Browsing Behavior

Figure 2.1 shows the overview of the generative process of eye movements in the
goal-directed content browsing situations. Such situations include information
searching, multi-alternative choice, and so on. In the following paragraphs, we
take multi-alternative choice as an example for the explanation of the generative

process.

1. From a task to subtasks. When a given task is complex enough, a browser is
expected to split the task into multiple subtasks to make the task easier to accom-
plish. For example, when the browser is making a choice among a set of items
on a screen, the browser may split the decision making task into a set of smaller

tasks such as “screening of items” and “evaluation of strong candidates”.

2. From a subtask to gaze actions. Each subtask can be accomplished by a series
of actual actions, which we refer to as gaze actions. The gaze actions in this study
are defined to be the minimum units of content browsing behavior that involves
multiple objects on a screen, e.g., “comparing item A and B”. Moreover, the gaze
actions induced by subtasks can differ among the subtasks. For example, when
a browser is in the subtask of “evaluation of strong candidates”, gaze actions to
compare items (e.g., more frequent gaze transitions among a few items) can occur

with higher frequency than in the subtask of “screening of items”.

3. From a gaze action to gaze targets. Gaze actions consist of a series of glances
on target objects on a screen. For example, the above mentioned gaze action of
“comparing item A and B” consists of alternative glances on item regions of item
A and B.

4. From a gaze target to eye movements. Finally, each glance on a target is
realized as a set of fixations and saccades.

2.1.2 A Hierarchical Content Browsing Model

Based on the assumption in the previous section, we propose a hierarchical con-
tent browsing model. The overview of the hierarchical model is shown in Fig-
ure. 2.2. The model consists of four different layers of browsing behavior rep-

resentation, and each layer represents an important aspect of content browsing
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Figure 2.1: Generative process of eye movements in goal-directed content brows-
ing.

behavior, respectively. More specifically, each layer corresponds to each step in
the generative process explained in Section 2.1.1.
The following paragraphs present the definition of browsing behavior repre-

sentation in each layer of the model.

The First Layer: Eye Movements

The first layer (the bottom layer) simply corresponds to eye movements in the gen-
erative process shown in Figure 2.1. Note that only this layer is observable; that is,
we can directly obtain it as the outputs of an eye tracker. As described in Chap-
ter 1, eye movements consist of a few types of motions. For the static content
browsing situation, basically, we only need to consider saccades and fixations.

The Second Layer: Unary Gaze Targets

The second layer corresponds to gaze targets in the generative process shown in
Figure 2.1. This layer represents “which object is looked at”, which is important
when modeling interest/preference toward targets on a screen.

The Third Layer: Multi-object Gaze Actions

The third layer corresponds to gaze actions in the generative process shown in Fig-
ure 2.1. This layer represents "why the objects are being looked at”. However, the
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2. Hierarchical Modeling of Content Browsing Behavior

semantic interpretation of gaze actions can vary depending on browsing context.
For example, if items in a same group are looked at, it can be interpreted as “the
user is interested in the group” or “the user is exploring items along the layout”.
This issue was noted in Section 1.3.2 as one of the general issues that this study
tackles.

The Fourth Layer: Browsing States

The fourth layer corresponds to subtasks in the generative process shown in Figure
2.1. This layer represents “why the gaze actions occurred”, and plays an impor-
tant role to solve the issue mentioned in the previous paragraph by giving an

interpretation to gaze actions.

2.2 Analysis of Content Browsing Behavior

This section introduces related studies for analyzing content browsing behavior
based on the hierarchical content browsing model. We introduce some related
studies that convert one layer to an upper layer in the hierarchical model. For the
analysis phase, we are basically able to observe only eye tracking data (i.e., the
tirst layer in the model). Thus, the analysis here is to convert eye tracking data
into content browsing representation in the higher layers of the model.

Since the focus of this study is to obtain gaze actions in the third layer and to
model browsing states in the fourth layer, we use simple methods for the analysis

in the first layer and the second layer. The details are described below.

2.2.1 Analysis of Eye Movements

Although eye tracking data can be recorded with less effort thanks to modern eye
tracking devices, detecting fixations (and saccades) robustly is still challenging
in real-world settings due to measurement noise and individual variability. Ba-
sically, most studies simply set a threshold on the velocity of transitions of gaze
points or on the size of region in which some gaze points stay to identify saccades
and fixations. In this study, we simply employ the method that uses a threshold
on the velocity of gaze points (Section 4.3.2).

Some studies aim to tackle this problem using different algo-
rithms [Salvucci and Goldberg, 2000, Salvucci and Anderson, 2001,
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Lietal, 2016]. For example, Salvucci et al. evaluated three tracing meth-
ods that are not only fast but robust to noise and individual variability for
automated analysis of saccadic eye movements. In these methods, fixations are
modeled with a hidden Markov model (HMM) [Salvucci and Anderson, 2001].

2.2.2 Identification of Gaze Targets

Identifying gaze targets is also challenging in real-world settings due to the mea-
surement noise. In this study, we simply identify gaze targets by referring to
positions of gaze points and annotated boundaries of object regions assuming
obtained eye tracking data are accurate enough. This can be done because object
regions are supposed to have clear boundaries and not overlap with each other
in our content browsing situation.

However, in real-world environments, defining object regions and identifying
gaze targets can be a chicken-and-egg problem since it is sometimes difficult to
annotate appropriate object regions even for human annotators. Some clustering
method of gaze points and identification method of gaze targets are proposed.
For example, Santella et al. proposed a clustering method using the mean shift
algorithm [Santella and DeCarlo, 2004].

2.2.3 Mining Gaze Actions

N-gram is commonly used to represent eye movement patterns for mining mean-
ingful gaze actions [Nakano and Ishii, 2010, Kiibler et al., 2014].

In previous studies, semantic annotation labels that were assigned to areas-of-
interest (AOIs) on-screen were used to understand the content semantics of gaze
behavior. For example, Nakano et al. used tri-gram patterns of a dwell sequence
on AOIs with assigned semantic labels such as “the agent’s head” and “the object
that the agent is explaining” for estimating the degree of viewers engagement in
human-agent conversation [Nakano and Ishii, 2010].

This approach is considered to be a simple and effective way to introduce se-
mantic information of visual content. However, it can only deal with the specified
domains/situations since it becomes difficult to determine appropriate labels for
object regions as visual content becomes complex and diverse. For example, as
the number of the objects contents in the visual content increases, the number of

semantic labels will become larger.
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2.2.4 Modeling Browsing States

Some previous studies took an approach to model temporal changes of informa-
tion processing states in search behavior or decision making using state space
models. Liechty et al. proposed a HMM to capture two distinct attention states
(local or global) while visually exploring complex scenes [Liechty et al., 2003]. In
the local search state, viewers focus on specific aspects and details of the scene;
meanwhile, in the global attention state, viewers focus on exploring the informa-
tive and perceptually salient areas of the scene. Their model is evaluated through
an eye tracking experiment of consumers” attention toward print advertisements
in magazines.

Simola et al. [Simola et al., 2008] employed a HMM to uncover processing
states in text reading. Three HMMs were built using sequences of gaze mo-
tion features (e.g., saccade lengths) corresponding to three different information-
search tasks: simple word search, finding the answer to a question, and selecting
an interesting title from a list. In their model, hidden states are learned using
gaze data without any prior knowledge, and are interpreted as scanning, reading,
and decision. Their results showed that the tasks can be estimated from a newly
observed sequence of eye movements by comparing the likelihood of each model.
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Chapter 3

Author-designed Structure of Visual

Content

In this chapter, we present the definition of designed structure and its represen-
tation. First, we introduce some existing studies that investigated the effects of
content design on human gaze. Second, we define designed structure of visual
content. The designed structure here is considered at two levels: intention-level
(IL) and appearance-level (AL). Both levels of designed structure describe differ-
ent aspects of content design. Third, we describe the representation of designed
structure using a directed graph whose nodes and edges represent objects in vi-
sual content and their design relations, respectively. Finally, we give a few exam-
ples of designed structure assuming a catalog browsing situation as an example
of content browsing situations.

The details about how to encode eye movements using the defined designed
structure is described in Chapter 4.

3.1 Effects of Content Design on Human Gaze

Eye movements of content browsers are affected by content design such as the
layout of object regions. For example, during content browsing with a list lay-
out, browsers tend to look at high ranking objects in a list and pay less atten-
tion to objects placed at the bottom. Some existing studies in the field of de-
signing web pages/user interface investigated how placement and organization
of object regions on visual content influence human gaze [Chen and Pu, 2011,
Pan et al., 2004]. For example, Chen et al. explored differences of content brows-

ing behavior among recommender systems with a simple list layout and an orga-
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3. Author-designed Structure of Visual Content

nization layout where recommended items are grouped into categories and each
category is annotated by a title [Chen and Pu, 2011].

Main research interest of the existing eye tracking studies of content design
was to employ findings from the analysis to improve content design/usability.
To our best knowledge, no study has aimed to exploit information about content

design to understand the meaning of browsing behavior.

3.2 Definition of Designed Structure

In this section, the definition of designed structure is introduced in more detail.
Designed structure is spatio-semantic structure of visual content intentionally de-
signed by content creators. While humans are browsing visual content, their eye
movements are expected to be affected by the designed structure of the page
they are viewing. Simultaneously, humans may have their own intentions while
content browsing, which naturally affects their eye movements. As described in
Chapter 2, the novelty of the proposed framework for encoding eye movements
in this study is to introduce the designers’ perspective as one of the entities con-
stituting the catalog browsing situation.

Designers compose visual content using various media (e.g., images and text)
and decorations (e.g., icons and frames) based on pre-existing design criteria such
as “place semantically related items close together”. The composition of the re-
sulting content structure is what we call designed structure. For example, in this
study, we leverage group relations among objects in visual content as the most
basic design criteria for the purpose of understanding browsing behavior. That
is, the content structure is represented by a set of objects intentionally grouped
by designers. The designed structure in this study is considered at two levels:
intention-level (IL) and appearance-level (AL). The former expresses high-level
semantic relations among items that reflect designers’” intention (e.g., grouping of
objects), and the latter expresses low-level appearance information of visual con-
tent (e.g., spatial placement of objects). The following paragraphs present details
of both intention-level and appearance level designed structure.

3.2.1 Intention-level Designed Structure

Designers usually have prior intentions for visual content and compose the con-

tent structure by emphasizing semantic relationships among items, such as “these
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Figure 3.1: Entities of digital catalogs.

items are in the same group”. We call the semantic relationships emphasized by
designers design relations, and use them to characterize gaze transitions. As the

most common design relationships, this study deals with the following;:

e Parallel relation: Indicates similarity of items, e.g., items in the same cate-
gory are linked with this relation.

e Contrast relation: Indicates the difference of items.

e Ordinal relation: Indicates the order of items, e.g., items sorted by their
ratings are linked with this relation.

These relations can be translated from the item groups defined by content design-
ers (details will be described in Sec. 3.3). Although other types of relationships
can also be considered, such as part-of relations and abstract-of relations, the fol-
lowing parts of this thesis only consider the above three relations for simplicity.
In this study, we assume the designers’ intention is given information. This
assumption is reasonable since the analysts of browsing behavior can access the
information of design relations among items in many cases (e.g., the case that the
analyst prepares visual content). However, it is not always true that the analysts

can access information, such as the case where analysts do not prepare visual
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content (for example, analysis of information search behavior on the Web). We
discuss a possible method to acquire the intention-level design structure from

existing visual content in the following discussion section (Sec. 3.5).

3.2.2 Appearance-level Designed Structure

The information of items is described by various media such as images and text
in visual content. The media regions are arranged based on a certain layout. Ac-
cording to the findings from previous gaze studies, the region positions are an
important factor that affects browsers” gaze behavior [Goldberg et al., 2002]. In
this study, we employ spatial layouts as content appearance information to char-
acterize eye movements. In particular, this study employs spatial relations among
object regions such as “far from each other” to interpret gaze transitions among

object regions on the screen.

We assume that the intention of content designers and the appearance of con-
tent are highly related with each other. That is, content designers decide which
types of media to be used and compose the structures of the media regions, lay-
outs, and formats to represent their intents (e.g., items being the same group
would be placed close to each other). In other words, designed structure is a
realization of content designers’ intentions. Additionally, it is the purpose of de-
sign conventions and rules to make the content information comprehensible to
potential browsers. Design conventions and rules to realize designed structure as

actual visual content are discussed in more detail in Sec. 3.5.

3.3 Description of Designed Structure

Here we assume a catalog browsing situation to describe designed structure. Sup-
pose a browser is browsing a digital catalog to select a gift for his/her friend. The
digital catalog contains description of several items via various media such as
images and text. The catalog consists of three entities: item semantic attributes,

intention-level designed structure, and appearance-level designed structure.

Description of Item Semantic Attributes

Items in a digital catalog have various semantic attributes such as brand and cat-
egory. Semantic attributes are shared by some items in the catalog and shared
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attributes can be considered to be important in the analysis of gaze transition
behavior. For example, if a browser is comparing items, it is possible that the
common attributes of the compared items are of interest. However, as the num-
ber of the items increases, the semantic attributes of items can be more diverse.
Thus, when the gaze data is limited, it becomes difficult to obtain meaningful
interpretation of browsing behavior using item semantic attributes.

Suppose a catalog contains information of a set of items Z4;; = {1,..., N} (see
in Figure 3.2 (a)). Each item has a set of P attributes P4;; = {1,..., P}, where p-th
attribute can take a value of Ay, possible attribute values AP = {al, . 0%},
Some attributes can have ordinal relations with each other such as rating. In that
case, the index of the attribute values correspond to the ordinal relations, that
is, if a > a’ (a,a’" € {1,...,Ap}), the a-th attribute value is larger than the a’-th
attribute value. We introduce a function f,, : T — AP) where fp(i) indicates
the attribute value of the p-th attribute that the i-th item has.

Description of Intention-level Designed Structure

When content designers create a digital catalog, they decide which aspects of
content should be emphasized and allocate items based on the certain criteria
(intention-level designed structure). For example, if the designer emphasizes a
specific attribute (e.g., category), all items in the same category are regarded as “in
the same group”. To represent this process, we introduce a set of the emphasized
attributes as Pr C P ;. Moreover, the emphasized attributes are categorized into
two types: grouping-attribute and sorting-attribute. The former indicates attributes
that are used to group items, and the latter indicates the attributes that are used
to sort items. We denote them as Pg C Pr and Ps C Pr respectively.

Here, let us denote intention-level designed relations as Lj =
{L&P,...,L%LD)}. As mentioned in Section 3.2.1, this study considers the fol-
lowing three types of designed relations: parallel, contrast and ordinal. The
relations between items are determined using the sets of attributes, Pg, Ps, as
follows.

parallel Two different items i and j have this relation when the items share one

or more grouping-attributes; that is, f, (i) = f,(j), Ip € Pg.

contrast Two different items i and j have this relation when the items do not share
any grouping-attributes; that is, f, (i) # f»(j), Vp € Pc.
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Figure 3.2: Graph-based representation of content structure.

ordinal Two different items i and j have this relation when the items share one
or more grouping-attributes; that is, f,(7) = f,(j), Ip € Pg, and are consec-

utive in an sorting-attribute p’ € Ps.

We represent the relations among items as a directed graph. Let us denote
a set of nodes V; = {vgn)|n = 1,...,N} corresponding to the N items. Here,
design-relation edges are defined as E;; C V; x Vj, where each edge ¢; € Ejr
has one of design relations, L;r. Finally, the intention-level designed structure is
defined by a directed graph G;; = (Vj, Ej1) (as shown in Figure 3.2 (b)).

Description of Appearance-level Designed Structure

Items in a digital catalog are described by various media that occupy spatial re-
gions on the screen and the media regions are arranged based on a certain layout
(appearance-level designed structure). In this study, we consider item regions
composed of a set of media regions to be a basic region for the analysis. Let us
denote a set of item regions constituting a visual catalog as R = {Ry,..., Ry}
(Ry C O, O display space), where the information of n-th item is described by a
region R. This study employs spatial relations among items to understand gaze
transitions affected by the content layout. As the layout-oriented gaze transitions,

we assume, for example, “looking at items from left to right” or “looking at items
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along a row”. Here, the layout of item regions is represented as several spatial
relations L4 = {Lgl)/ ey LEqDL/) } between every pair of item regions.

We also represent the appearance-level design relations among items as a
directed graph for encoding eye movements. Let us denote a set of nodes
Vr = {?Jg{”) In=1,...,N} corresponding to the N item regions. Here, appearance
design-relation edges are defined as E4; € Vi X Vg, where each edge es; € Eqp
has one of design relations, L 4;. Finally, the appearance-level designed structure

is defined by a directed graph G4 = (Vr, EaL).

3.4 Examples

L4 ]
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icon image text

image - 16 items with

4 categories - 16 items with 4 categories
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category - Sorted by ratings

Category-based layout Order-based layout

Figure 3.3: Examples of catalog layouts.

Here we give a few examples of designed structure of digital catalogs.

Example 1: category-based layout The layout is shown in Fig. 3.3 left. The
catalog includes information about 16 different items (N = 16), and each item
has two attributes P4;; = {category, price}. Here, the set of emphasized attributes
is Pr = {category}. The items are grouped according to their categories. The
items in the same categories are linked by parallel relations and other items in
different groups are linked by contrast relations. That is, design relations in this
layout are Lj; = {parallel, contrast}. The intention-level designed structure of
this catalog is shown in Fig. 3.4 (a).
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Figure 3.4: The intention-level designed structure of the example catalogs. Edges
between dotted frames indicate that every node in the frame is con-
nected to every node in the other frame.

Example 2: order based layout The layout is shown in Fig. 3.3 right. The cat-
alog includes information about 16 different items (N = 16), and each item has
two attributes P4, = {category, price,rating}. Here, the set of emphasized at-
tributes is Pr = {category,rating}. The items are grouped according to their
categories and sorted by their ratings in each group. Their ratings are described
by an icon of a number from 1 to 4. Besides two design relations in the above
example 1, items with successive ratings are linked with ordinal relations, i.e.,
Lip = {parallel, contrast,ordinal}. The intention-level designed structure of this
catalog is shown in Fig. 3.4 (b).

3.5 Discussion

In this section, we discuss the limitations of modeling designed structure of visual

content for eye tracking analysis.

Extending the Representation of Designed Structure

In this chapter, we focus on simple designed structure with a few types of
intention-level /appearance-level design relations among items. It is possible to
extend the representation of designed structure to manage a greater variety of
content structure, including complex hierarchical structure and dynamics (video
content). For this, we would introduce a directed graph to represent various rela-

tions among content elements and consider temporal changes of designed struc-
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ture. For appearance-level design structure, we would introduce more rich ap-

pearance information such as saliency and characteristics of the media.

31






Chapter 4

Encoding Eye Movements into Gaze

Actions Using Designed Structure

4.1 Introduction

In this chapter, we propose a method to characterize eye movement patterns us-
ing designed structure defined in Chapter 3. The main subject of this chapter
corresponds to the conversion from the second layer (unary gaze targets) to the
third layer (multi-object gaze actions) in the hierarchical content browsing model
in Chapter 2 (see Figure 2.2). That is, here we aim to define meaningful gaze ac-
tions that involve multiple objects on a screen based on sequences of unary gaze
targets. Moreover, the gaze actions defined in this chapter will be employed to
estimate content browsing states in the following Chapter 5 and Chapter 6 as-
suming frequent gaze actions may differ depending on which sub-task a browser
is performing. In this chapter, the proposed gaze actions are evaluated by mea-
suring classification accuracy of browsing states.

As described in Chapter 2, sequences of fixations/dwells (scan-paths) are
commonly analyzed to understand underlying cognitive process of human
browsers. However, it is difficult to interpret those sequential gaze data since
their diversity is hard to manage. When we want to analyze content brows-
ing behavior with a complex task, those sequences become longer and more di-
verse. To analyze sequential gaze data considering temporal information (i.e.,
the order of regions on a screen being looked at), some studies employ n-gram
analysis to sequential eye tracking data. For example, dwell sequences anno-
tated with semantic labels of areas-of-interest (AOls) are split into tri-grams,

and then frequent tri-gram patterns are discovered as meaningful gaze ac-
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4. Encoding Eye Movements into Gaze Actions Using Designed Structure

tions [Nakano and Ishii, 2010].

Although the n-gram analysis performs well in certain experimental settings,
there are some limitations. First, gaze patterns can be very diverse if we directly
use semantic labels of AOIs to represent gaze patterns. The definition of AOlIs is
normally task specific and heuristic due to the variety of semantic information of
visual content. Therefore, appropriate labels and object region boundaries need
to be defined by analysts for each content browsing situation or task. Second, hu-
man gaze is affected not only by what kind of objects the visual content contains
but also by where and how they are displayed on the screen. Content appearance
structure (e.g., spatial layouts of images and text) should be employed to char-
acterize eye movements. The semantic and appearance structure in the visual
content are highly related with each other. For instance, semantically similar ob-
jects are often placed close together in space. Therefore, we need to consider how
to employ both of the structures jointly to understand content browsing behavior.

In this study, we present a framework to understand content browsing be-
havior by understanding which part of designed structure attracts browser fo-
cus and how behavior is influenced by the designed structure proposed in Chap-
ter 3. Visual content such as web pages, digital catalogs and pamphlets usually
have spatio-semantic structure designed by content creators. Content designers
decide the positions and decorations of content elements (e.g., images and text)
based on their perceptions and intentions (e.g., group items by their categories)
and emphasize the relationships among the elements by design components (e.g.,
frames). Since content designers usually organize content structure to make the
information in the content more comprehensible to browsers, we hypothesize that
browsers’ gaze behavior is highly affected by the designed structure. There are
several benefits of characterizing eye movements with designed structure. First,
it enables simple representation of semantic aspects of visual content; thus, it is
expected to manage a variety of semantic and spatial structure of visual content.
For example, the catalog structure can be described by only a few types of design
relations (see Section 3.4). Second, designed structure is content independent. For
example, as long as the designed structure is common, the same model/ classifier
can be used among different catalogs even their contents (a set of items) are dif-

ferent.

In the following sections, we describe the details of the proposed method to
characterize gaze actions using designed structure of visual content. Then, we

present an eye tracking experiment in a catalog browsing situation and its results
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Figure 4.1: Labeling gaze transitions using designed structure.

to evaluate the effectiveness of the proposed method.

4.2 Proposed method

The overview of the proposed method of encoding eye movements into gaze ac-
tions is shown in Figure 4.1. Eye tracking data are first converted into sequences
of object regions being looked at on a screen. Then, for each n-gram of gaze re-
gions in the gaze region sequences, a path of corresponding item nodes in the
graph representation of intention-level designed structure, Gy;, or appearance-
level designed structure, G4, is obtained. The following sections assume the
description of two levels of designed structure, Gi;. and G4;, are known for the
analysis (see Chapter 3 for details).

In the following sections, we first describe the details of the proposed encod-
ing method of eye movements into gaze actions in Section 4.2.1. Then, we present

an analysis method of sequences of the encoded gaze actions in Section 4.2.2

4.2.1 Labeling Gaze Transitions Using Designed Structure

In a content browsing situation described in Section 1.3, browsers’ eye tracking
data are obtained as a sequence of gaze points on the screen, E = (ey, ..., er) (e €
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4. Encoding Eye Movements into Gaze Actions Using Designed Structure

). Gaze targets (i.e., item regions being looked at) can be easily identified by
associating each gaze point with an item region. Let us define a function R : (3 —
R, where R(e) = R, for e € R,,. As the first step in interpreting gaze transition
patterns, a sequence of timings of gaze transitions is obtained as T = (t1,...,t)
by finding the timing t; € {2,..., T} that satisfy R(e;,—1) # R(et;). A sequence
of regions being looked at is acquired as r = (r,...,7}) (ro = R(e1),rj = R(etj)>.
Here, the temporal interval U; that r; is being looked at is described as U; =
[t tiv1 —1].

The gaze region sequence, r, is associated with design relation labels derived
from the graphs of the designed structure, Gj; and G4;. When the gaze ac-
tions derived from intention-level designed structure, they are called IL design
gaze actions; meanwhile, ones derived from appearance-level designed structure
are called AL design gaze actions in this study. Here, we describe bi-grams and
tri-grams derived by intention-level designed structure as follows.

Bi-gram gaze actions The gaze transitions are associated with design relation la-
bels derived from intention-level designed structure. For each gaze transition on
timing ¢, the two item regions looked at, i, j, are found. According to the rules in
Section. 3.3, the design relation between two items can be determined. Each gaze
transition at {; is represented by a D-dimensional vector x]l L € {0,1}P, where the
d-th element of x][L is 1 if the two items has the d-th design relation label L;. Fi-

nally, a sequence of annotated gaze transitions is obtained as x'- = (x{L, ey x}L> .

Tri-gram gaze actions  For each tri-gram of gaze regions (7j_1,7j,7j41)(j € [1,] —
1]) in the gaze region sequence, r, a path of corresponding item nodes in the
graph Gjr, is obtained. For simplicity, by considering only the labels of edges of
each path, we can categorize the paths into six patterns as shown in Figure 4.2 (b).
Note that the four top features in Figure 4.2 (b) correspond to tri-grams with three
different gaze regions, that is, r;_1 # rj;1, and the two bottom ones correspond

to re-fixations, thatis, r; 1 = rj41.

For AL design gaze actions, each gaze transition is labeled with their corre-
sponding spatial relations among item regions. This study considers spatial direc-
tions from a given item region to its four neighbors, i.e., the set of spatial relations
is as follows: La; = {left-of, right-of, below, above, far}. Gaze transitions between
item regions that are not within four neighbour distance are labeled as far. The
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appearance-level gaze action at ¢; is represented by one-of-K representation, i.e.,
the feature is denoted as a |L 41 |-dimensional vector x]’-?(L € {0,1}/F4tl, where one
of the elements corresponding to the spatial relation at the timing ¢; is 1 and all
other elements are 0.

Eye trackers sometimes contain noise or miss browsers’ gaze points because
of blinks. Therefore, the sequence of gaze points is first smoothed by applying a
median filter!. Moreover, the sequence of regions looked at is modified by dis-
carding intervals shorter than a threshold. In the following experiment, 100 ms
is used as the threshold. If successive intervals with the same item ID are inter-
rupted by a blank, the intervals are combined to a longer interval.

(a) IL designed structure of digital cata- (b) Tri-gram gaze actions.
logs used in the experiment.

Figure 4.2: Encoding of eye movements. (a) Edges between dotted frames indi-
cate that every node in the frame is connected to every node in the
other frame. (b) Six patterns of tri-gram paths in the graph Gyr.. The
two bottom features correspond to comparison patterns in which the
first and the last dwell of the tri-gram is on the same item.

4.2.2 Analysis of Labeled Gaze Transitions

For the later analysis in this chapter, we only use bi-gram patterns for simplic-
ity. For estimating browsing states in Chapter 5 and 6, we use tri-gram patterns
since it can represent re-fixation patterns, which may be important to understand

browsing states in catalog browsing situations.

!In this thesis, the window size of the median filter is 5 sampling points at 60 Hz (correspond-
ing to about 83 msec).
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4. Encoding Eye Movements into Gaze Actions Using Designed Structure

As a result of the interpretation, browsers’ gaze behavior is represented as
multiple sequences of vectors, x'' and xL. The frequency distributions of fea-

tures are calculated with each interpreted gaze transition sequence (x'- and x4%)
as
X = Zx}L/] (4.1)
j
xXAL = foL /]. (4.2)
j

4.3 Experiment

In this experiment, we evaluate the proposed framework for encoding eye move-
ments into gaze actions using designed structure of visual content. Assuming
different browsing states induce different types of gaze actions, the purpose of
the experiment is to assess which encoded gaze actions is more effective to rep-
resent differences among browsing states when combined with motion features
of eye movements. Since the ground truth data of browsing states are not avail-
able, we instead gave participants a set of objectives that correspond to browsing
states in choice behavior. Then, the proposed framework is measured by the per-
formance of estimating browsers” objective from their gaze. This section presents
the experimental methodology and the results.

4.3.1 Experimental Settings

12 participants took part in the experiment. Each participant was asked to sit in
front of a screen showing a digital catalog (see Figure 4.3). Eye tracking data of the
participants were acquired as 2-d points on the screen by using an eye tracker 2
installed below the screen.

Digital catalogs. To investigate the general versatility of the proposed frame-
work, we used digital catalogs with two different types of layouts: category-based
and order-based (see Figure 3.3). The details of each layout are described in Sec-
tion 3.4. With each layout, four digital catalogs are prepared. Each digital cat-
alog contained the description (images and text) of 16 items, and the items can

2Tobii X120 (freedom of head movement: 400x220x300 mm, sampling rate: 60 Hz, accuracy:
0.5 degrees)
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4.3. Experiment

Figure 4.3: The experimental environment.

be grouped into one of four categories: accessories, home electronics, house-hold

goods, and toys.

Objectives of browsers. The participants were asked to select a gift for
friends/acquaintances. According to existing studies in the marketing research
field, the choice process can be divided into a few stages such as orientation and
evaluation [Payne, 1976, Russo and Leclerc, 1994, Gidlof et al., 2013]. In this ex-
periment, we assume three stages and use three objectives which correspond to
“orientation stages”, where a browser is obtaining the overview of the catalog,
“evaluation stages”, where a browser is actually comparing candidates to make
a selection, and “post-selection stages”, where a browser is free-viewing or com-
firming their decision, respectively. Specifically, the following series of objectives
were given to each participant, which we call input, decision and free-viewing.

Input: (30 sec) Browse a digital catalog to confirm what products exist.

Decision: (no limit) Select a gift from the catalog for a designated person considering

his/her profile.
Free-viewing: (60 sec) Browse the catalog freely.

If the participants were to select a gift for their real friends/acquaintances,
it is possible that the personality of the recipient of the gift or the relationship
between the participant and the recipient can affect the participant’s behavior.
Since such information is hard to be acquired through the experiment, we desig-
nate the recipient by showing the profile of a certain person. The provided profile
includes the information of the fictitious relationship with the browser (i.e., the
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4. Encoding Eye Movements into Gaze Actions Using Designed Structure

participant), the hobby, and the portrait. The profile was displayed to participants
between input and decision objectives.

4.3.2 Comparative Eye Movement Features

Unary Gaze Targets

To evaluate the effectiveness of using designed structure to understand browsing
behavior, we prepare features that use the item-semantic attributes of gaze tar-
gets as comparative features. Let us denote a set of attribute values of the gaze
target item at the timing ¢; as S = {fin),..., fp(n)} (n € {1,...,N}). Here,
the attribute values, S (”), are also described as one-of-K representation, i.e., the
p-th attribute is denoted as a Qp-dimensional vector xjsp € {0, 1}QP, where one

of the elements corresponding to f,§”> is 1 and all other elements are 0. The vec-
tor representing all semantic attributes is obtained by combining the vectors of

attributes as x]$ = (x}slT,. .., xJSPT )T. Finally, we obtain a sequence of semantic at-

tributes looked at as x° = (x3,..., x?)

Motion Features of Eye Movements

This study uses motion features of eye movements from [Sugano et al., 2014] in-
cluding fixation features (positions, duration, and time) and saccade features
(directions, length, duration, and time). Although the motion features of eye
movements for each right and left half of the screen are defined separately in
[Sugano et al., 2014], we do not distinguish them in this thesis. Moreover, note
that the features related to the time information are removed in the following
objective classification. This is because the objective classification would be ob-
vious if the time information is used since the objectives in the experiment are
sequentially given to the participants. In addition to the motion features of eye
movements, the durations of regions being looked at are also examined. As de-
scribed in the previous section, the duration of each gaze region r; is denoted as
|Uj| = tj;1 —t;. We use the mean value and variance of the durations {|U;|}. The
motion features of eye movements are described as a vector X%%2. All the features
used in this thesis are listed in Table 4.1.
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4.3.3 Results

Objective Classification

As explained above, the proposed framework is evaluated by measuring the per-
formance of classification of the given objectives. We classify participants’ gaze
sequences based on the frequency distributions of eye movement features calcu-
lated in Section 4.2.2 and Section 4.3.2 in a supervised learning manner. In the ex-
periment, we investigate which content feature is more effective when combined
with motion features of eye movements. For motion features of eye movements,
in addition to fixation features and saccade features from [Sugano et al., 2014], the
mean value and variance of duration lengths between gaze transitions are used.
For the details on the motion features of eye movements in the experiment, see
Section 4.3.2 and Table 4.1.

For the classification algorithm, we used Random Forest [Breiman, 2001]. Ran-
dom Forest is an ensemble learning method using a set of decision trees. At the
training phase, the Random Forest algorithm builds each decision tree using a
subset of training data via random sampling with replacement. After training, an
unseen feature vector can be classified based on a majority vote from the learned
trees. Random Forest is known as a robust and fast learning method and it allows
us to assess the importance of feature variables. After the training phase, a part of
the training data would be left without being used. Using the out-of-bag (OOB)
data as test data, an unbiased classification accuracy can be obtained. The OOB
importance of the n-th variable can be calculated by measuring the difference be-
tween the original classification accuracy and the accuracy obtained by randomly
permuting the n-th variable values in the OOB data.

Finally, we obtained 144 gaze sequences (12 participants x 4 catalogs x 3 ob-
jectives) with each layout type of catalog. The features and their ID numbers are
listed in Table 4.1. For item-semantic features, we consider the categories and
price ranges of items for the category-based layout. For order-based layout, we
consider the ratings of items in addition to the price ranges and categories.

Classification accuracies (precisions) were obtained by leave-one-subject-out
cross-validation, i.e., gaze data of one subject was used as test data and the rest of
the gaze data were used as training. The results are shown in Table 4.2. With both
category-based and order-based layouts, the highest classification accuracy is ob-
tained with the combination of motion features of eye movements and proposed

gaze actions based on both intention-level and appearance-level design structure.
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Figure 4.4: The confusion matrices of the classification of the objectives. The hori-
zontal axis indicates classified objectives and the vertical axis indicates
actual objectives. Each number in the matrices indicates the number
of gaze sequences.

The results show that using content design information to interpret browsing be-
havior is more effective than compared with item-semantic features. The use of
both IL and AL design gaze actions improves the classification accuracy com-
pared to when only one of them is used, which indicates that both designers’
intentions and content appearance are important factors in the browser objective
classification.

Moreover, we examined the confusion matrices of the three-class classifica-
tion to investigate the separability between the objectives (Figure 4.4). With both
layouts, the input objective is classified with the highest accuracy. It can also be
seen by comparing the F measures in Table 4.2. For the input task, it is possi-
ble that participants do not have a clear intention for content-browsing because
it occurs before they see a profile of the target of selecting a gift; meanwhile, for
the decision task and the free-viewing task, participants browse the digital catalogs
based on their own interests/intentions. The results indicate that browsing states
are more separable in the proposed method if there is a huge gap in degrees of
browsers’ sense of purpose and/or intentions.

The OOB feature importance is obtained using the 144 sequences of gaze data
combining motion features of eye movements with all of the content features
(item-semantic features, AL design gaze actions and IL design gaze actions). The
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OOB feature importance with category-based layouts is shown in Figure 4.5, and
one with order-based layouts is shown in Figure 4.6. In Figure 4.5, with cate-
gory based layouts, the results show that intention-level gaze actions (feature ID:
14 and 15) has the most importance among other features. Among motion fea-
tures of eye movements, mean and variance of the duration of each gaze region
(feature ID: 16 and 17, respectively), variance of fixation positions (feature ID: 20
and 21) and variance of fixation duration (feature ID: 24) contribute to the estima-
tion. In Figure 4.6, with the order based layout, one of variables of intention-level
gaze actions: the frequency of gaze transitions that follow ordinal relations (fea-
ture ID: 20), has the highest importance as well. Moreover, it also shows that
horizontal spatial relations in appearance-level gaze actions (feature ID: 16 and
17) contribute to the estimation. These results indicate the effectiveness of the
proposed gaze actions to represent content-browsing behavior with both content
layouts compared to other features.
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Figure 4.5: Out of bag feature importance with category based layout. The feature
IDs of horizontal axis correspond to feature ID listed in Table 4.1. The
color of bars indicates the type of features.

4.4 Discussion

In summary, this chapter proposed a method to encode eye movements into gaze
actions using designed structure of visual content. We confirmed the effectiveness
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Figure 4.6: Out of bag feature importance with order based layout. The feature
IDs of horizontal axis correspond to feature ID listed in Table 4.1. The
color of bars indicates the type of features.

of the gaze actions to represent differences among browsing states through the
experiment through the eye tracking experiment. The results showed that the use
of the gaze actions based on both IL and AL designed structure improved the
classification accuracy of participants” objectives.

In the following sections, we discuss the limitations and future work of the

proposed framework.

The Limitation of Our Approach

Although the experimental results showed that designed structure is useful to
interpret browsing behavior, there is a limitation that it can only deal with the
situation where the browser understands designed structure by looking at visual
content. That is, if the appearance of the visual content does not reflect its de-
signed structure in a comprehensible way to browsers, designed structure has
less impact on browsers” gaze behavior. For example, in the category based lay-
out, items with parallel relations are surrounded with a frame (see Figure 3.3). As
a preliminary experiment, we investigated the effects of the representation way
of designed structure using category based layouts without frames. Using the
catalog without frames, the accuracy of task estimation was 0.527 using the com-
bination of the motion features of eye movements and both of the gaze actions
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(i.e., design oriented features), which is lower compared to the results shown in
Table 4.2. The comparison implies that the proposed method can deal with only
gaze behavior with well-designed visual content.
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Table 4.1: Features used in the experiment. The left column shows the name of
features. The second and third column from the left shows feature ID
with category-based layout (CL ID) and feature ID with order-based
layout (OL ID), respectively. The right column shows the particular
labels/relations/values used in the experiment.

| CLID | OLID | Features

1 1 20,000- yen
Item-semantic Feature | 2 2 10,000-15,000 yen
(price range) 3 3 5,000-7,000 yen
4 4 1,000-3000 yen
5 5 Accessories
(Category) 6 6 Home electronics
7 7 House-hold goods
8 8 Toys
N/A |9 First
(Rating) N/A |10 Second
N/A |11 Third
N/A |12 Fourth
9 13 Far
AL [.)e‘esign Gaze Action 1(1) 1451 Efg;?-fo f
(positions) 12 |16 | Below
13 17 Above
14 18 Contrast
IL Design Gaze Action | 15 19 Parallel
N/A |20 Order
Motion Feature 16 21 Mean
(duration) 17 22 Variance
18 23 Mean (Horizontal)
19 24 Mean (Vertical)
(Fixation Position) 20 25 Variance (Horizontal)
21 26 Variance (Vertical)
22 27 Covariance
.. . 23 28 Mean
(Fixation Duration) o4 29 Variance
25 30 Mean (Horizontal)
26 31 Mean (Vertical)
(Saccade Direction) 27 32 Variance (Horizontal)
28 33 Variance (Vertical)
29 34 Covariance
30 35 Mean
(Saccade Length) 31 36 Variance
. 32 37 Mean
(Saccade Duration) 33 38 Variance
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Table 4.2: The estimation accuracies (precisions) and F measures of the three ob-

jectives: input (IN), decision (DE) and free-viewing (FV). The 6 rows
from the top show the results with the category-based layout, and the
next 6 rows show the results with the order based layout. The first row
shows the results obtained using only motion features of eye move-
ments (Gaze). The following four rows show the accuracy obtained
combining motion features of eye movements with item-semantic fea-
tures (Sem), appearance-level (AL) design gaze actions, intention-level
(IL) design gaze actions and two content-design-oriented features (AL
and IL design gaze actions), respectively. The 6th row shows the ac-
curacy obtained combining motion features of eye movements with all
content features: item-semantic features, AL design gaze actions and IL
design gaze actions.

Accuracies F measure
Avg.\IN\DE\FV IN\DE\FV

Layout Type: Category based
Gaze 0.583 | 0.667 | 0.542 | 0.542 | 0.674 | 0.500 | 0.584
Gaze+Sem | 0.535 | 0.563 | 0.521 | 0.521 | 0.607 | 0.459 | 0.556
Gaze+AL | 0.597 | 0.750 | 0.521 | 0.521 | 0.758 | 0.485 | 0.556
Gaze+IL 0.604 | 0.709 | 0.563 | 0.542 | 0.731 | 0.529 | 0.559
Gaze+AL+IL | 0.611 | 0.750 | 0.500 | 0.583 | 0.750 | 0.495 | 0.589

Gaze+All 0.604 | 0.729 | 0.521 | 0.563 | 0.737 | 0.495 | 0.587

Layout Type: Order based
Gaze 0.514 | 0.583 | 0.458 | 0.500 | 0.615 | 0.411 | 0.533
Gaze+Sem 0.556 | 0.625 | 0.438 | 0.604 | 0.652 | 0.433 | 0.586
Gaze+AL 0.576 | 0.729 | 0.417 | 0.583 | 0.729 | 0.417 | 0.583
Gaze+IL 0.583 | 0.688 | 0.396 | 0.667 | 0.673 | 0.409 | 0.660
Gaze+AL +1IL | 0.597 | 0.667 | 0.458 | 0.667 | 0.696 | 0.449 | 0.653

Gaze+All 0.569 | 0.667 | 0.375 | 0.667 | 0.667 | 0.391 | 0.640
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Chapter 5

Unsupervised Estimation of Content

Browsing States

5.1 Introduction

In this chapter, we present a probabilistic model to represent transitions of con-
tent browsing states. The main subject of this chapter corresponds to the conver-
sion from the third layer (multi-object gaze actions) to the fourth layer (browsing
states) in the hierarchical content browsing model in Chapter 2 (see Figure 2.2).
Here we aim to estimate browsing states based on gaze actions while assuming
browsing states can be characterized by the gaze actions defined in Chapter 4. Un-
like Chapter 4, where we assumed that the browsing states of human browsers
are known and can be categorized into a few pre-defined states, this chapter pro-
poses an estimation method of unknown browsing states in a bottom up manner.

As described in Chapter 2, we assume that a goal-directed browser split their
task/goal into a set of sub-tasks that are easier to accomplish. Each browsing state
in this study corresponds to one of the sub-tasks, which may change over time.
When the number and types of browsing states are unknown and not observable,
a state space model is often used to estimate the hidden states from observable
valuables. This study takes this approach and employ a state space model to rep-
resent transitions of browsing states. Simola et al. [Simola et al., 2008] take a simi-
lar approach to ours: they apply a hidden Markov model (HMM) to sequences of
motion features of eye movements (e.g., saccade lengths) to uncover processing
states of information-search in sentence reading. Three HMMs were built corre-
sponding to three different information-search tasks: simple word search, finding

the answer to a question, and selecting an interesting title from a list. Their results
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5. Unsupervised Estimation of Content Browsing States

showed that the tasks can be estimated from a newly observed sequence of eye
movements by comparing the likelihood of each model.

However, there are some problems with using HMMs for modeling other con-
tent browsing situations where the amount of time a viewer spends in a state is an
important feature. Therefore, we employ a hidden semi-Markov model (HSMM)
so that we can estimate the browsing states from eye tracking data in a bottom-
up manner with their duration distribution. The HSMM is an extended model of
the HMM that each state has a duration distribution that is explicitly specified.
HSMM is often used to model human behavior in various contexts.

To evaluate how the proposed model estimates meaningful hidden browsing
states behind the eye movement sequences, we collected eye tracking data in a
catalog browsing situation with a procedure explained in Section 5.3. The data is
later used for the training of the model (Section 5.2.3) and its evaluation (Section
5.3.3).

5.2 Modeling and Estimating of Content Browsing
States Using Hidden Semi-Markov Model

The overview of the proposed model is shown in Figure 5.1. The observed eye
movements are first encoded into gaze actions using designed structure of visual
content (see Chapter 4). Then a HSMM is applied to the sequence of encoded
gaze actions to model probabilistic relations among gaze actions and browsing
states (Section 5.2.3).

5.2.1 Sequence of Gaze Actions

This chapter assumes that the observed eye tracking data can be converted to a se-
quence of gaze actions using the method presented in Chapter 4. Two levels of de-
signed structure were defined in Chapter 3: intention-level (IL) and appearance-
level (AL) designed structure. The experimental results in Chapter 4 have shown
that gaze actions using IL designed structure were the most effective to represent
differences among given objectives (browsing states) of browsers. Thus, in this
chapter, we focus on gaze actions based on IL designed structure.

In Chapter 4 the two types of encoding eye movement were presented: bi-
gram gaze actions and tri-gram gaze actions (see Section 4.2.1). Although we

consider only bi-grams in Chapter 4 when comparing with other features, tri-
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Figure 5.1: Overview of the proposed method.

grams are expected to be more informative to represent content browsing behav-
ior. Thus, we employ tri-gram gaze actions for the rest of the analysis in this
chapter. Note that the possible tri-gram gaze actions based on intentional-level

designed structure are of six types, which are listed in Figure 4.2 (b).

5.2.2 Hidden Semi-Markov Model

A HSMM (also known as explicit duration hidden Markov model) is an exten-
sion of a HMM that considers an additional parameter for explicitly modeling
the duration of states. Let us denote the discrete-output HMM as Agym =
(S,0,A,B, ). O is a set of possible observations: O = {oy,...,06}, which cor-
respond to the set of tri-gram gaze actions in Figure 4.2 (b). S is a set of hidden
states: S = {s1,...,5m}. Aisa M x M state transition probability matrix, B is
a M x 6 emission probability matrix, and 7t is a set of initial probabilities of the

states.

The HSMM used in this thesis can be represented as Apsym =
(S,0,A,B,P, ) by adding a M x D duration distribution matrix P to the origi-
nal HMM, where D is the maximum state duration and p,, 4 € [0,1] indicates the
probability that the m-th state last for d-time units.
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5. Unsupervised Estimation of Content Browsing States

5.2.3 Learning Model Parameters

For learning the model parameters, this study uses the efficient EM algorithm
proposed in [Yu and Kobayashi, 2006]. Since the available data is limited, the
duration distribution of states is approximated by a Gaussian distribution. Note
that the duration distribution is a discrete distribution which is defined between
1 to D. The duration distribution of each state is normalized so that the sum of

each row of the duration matrix, P, is 1.

In the EM iteration, uniform distributions are used for the initial values of
A and 7 in the HMM and A, P, and 7t in the HSMM. For the initial values of
B in both the HMM and the HSMM, distributions of the gaze actions are first
obtained by applying a sliding window of size 20. Then, each mean point of the

M distribution clusters obtained by k-means clustering are used.

To decide the number of states M for the HSMM and the HMM, we uti-
lized the Akaike Information Criterion (AIC) since the sample size is limited
against the model complexity [Cartella et al., 2015]. AIC can be represented as
AIC = —2InL(A) + 2k, where log L(A) is the log likelihood of the model with
the estimated parameters A, and / is the degree of freedom of the model param-
eters. The best number of states can be decided by finding M that minimizes the
value of AIC.

5.3 Experiment

Eight participants took part in the experiment. Each participant was asked to sit
in front of a display showing a digital catalog (see Figure 5.2). Gaze data of the
participants were acquired as 2D points on the display by using an eye tracker !

installed below the display.

Unlike the experiment in Chapter 4, here we aim to model browsing states
including their temporal changes while performing a task. Accordingly, we did
not give objectives to participants that correspond to browsing states. Eye move-

ments were recorded in each session as a single sequence.

1Tobii X120 (freedom of head movement: 400x220x300 mm, sampling rate: 60 Hz, accuracy:
0.5 degrees)
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5.3. Experiment

Figure 5.2: Experimental environment. A participant is browsing a digital catalog
on a display. Gaze data of the participant are recorded by the eye

tracker installed below the display.

product
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Category: Alcohol
Brand: Asahi
Name: Beer gift set
Price: 3000 yen
Ranking: 3

LA B A

ITtem

Item

12 15

Ttem
16

Figure 5.3: Layout of digital catalogs. Items with a same color hue are in a same
group, and each group of items are divided by a gray frame.
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5.3.1 Experimental Setting

Digital Catalogs

For each participant, eight digital catalogs were prepared. Each digital catalog
contained the description (images and text) of 16 items (see Figure 5.3). The se-
mantic attributes and attribute values of items that were available in this study
are listed in Table 5.1. The semantic information was described in text on the cat-
alogs so that browsers could understand it without prior knowledge. The items
in each catalog were grouped by either price or category attribute. The item po-
sitions within a group were randomized every time the catalog was shown to a

participant.

Table 5.1: The attributes and attribute values used in the experiments.

Category | Price (yen) | Ranking | Review
Delicatessen 1001-3000 1-4th 1-star
Sweets 3001-5000 | 11-14th | 2-star
Alcohol 5001-7000 | 21-24th | 3-star
Household goods 7001- 31-34th | 4-star
5-star

Task Complexity

Participants were requested to select an item from a catalog as a seasonal gift. The
complexities of decision tasks can affect browsers behavior [Payne, 1976]. We hy-
pothesize that the task complexities may influence transitions and duration of
browsing states as well. Such task complexity would vary based on a browser’s
preference and which products were available in the catalog. For example, it is
possible that browsers would end up making a decision among multiple strong
candidates, but it is also possible that they could only find one product that sat-
isfies their criteria and thus the evaluation stage would be skipped. Pfeiffer et al.
aimed to control the decision tasks by fixing the requirements of items to chose
so that only one item satisfies all of the conditions to induce goal-directed search
behavior [Pfeiffer et al., 2014].

We take a similar approach here; we gave participants requests that specified
the requirements for items to select for each trial, for example: “Select an item in
the Alcohol category and with more than a 4-star review." Differing from Pfeiffer’s
work, we change the number of items that satisfy the requests to be between 0 to
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3 to investigate the relationship between browsing states and task complexities.
In the rest of this thesis, the term candidates is used to indicate items that satisfy
the experimenter’s request. The number of gaze sequences recorded in the exper-
iments with each condition of task complexity (number of candidates) is shown
in Table 5.2. We discarded gaze sequences in which a participant chose an item
that did not satisfy the given request (even though at least one candidate existed
in the catalog). Our hypothesis about browsing states and task complexities is

evaluated in Chapter 6.

Procedure

The first decision making session of each participant started with a short, 5-point
calibration phase. Each participant performed eight decision making sessions. In
each session, one of the requests was shown to the participant before showing the
catalog. The participants were instructed to follow the request to the best of their
ability. During catalog browsing, the participants were able to refer to the request
by pressing the space key on a provided keyboard in case where they forgot the
request. The gaze data during catalog browsing were registered together with the
time stamps when the space key was pressed. The participants were instructed
to press the enter key on the keyboard when they made a decision. When the
enter key was pressed, the catalog on the monitor was suddenly hidden. After

the catalog was hidden, the participant was asked to name the selected item.

Table 5.2: The number of recorded gaze sequences with each task complexity.
Number of candidates | 0 | 1 | 2 | 3 | Total
Number of sequences | 16 [ 15 |15 | 16 | 62

5.3.2 Examples of Collected Gaze Data

Eye trackers sometimes contain noise, which can complicate analysis. To man-
age error, our sequences of gaze points were first smoothed by applying a me-

dian filter 2

. For the subsequent analysis, each sequence of gaze points was
tirst converted to a sequence of dwells on items. Recall that a dwell is a
set of successive fixations in each area of interest (AOI) and dwell sequence

analysis was often used in previous studies on consumer decision analysis

2In this paper, the window size of the median filter was 5 sampling points at 60 Hz (corre-
sponding to about 83 msec).
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Subject No.8, Trial No.2, Task:0
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Figure 5.4: Example of dwell sequences. For each sequence, the color in the top
row corresponds to the color of regions in Figure 5.3, and the bottom
row shows the timings of dwells on the selected item by light gray

highlights.

[Glaholt and Reingold, 2011]. In this study, AOIs are the regions of items and
each dwell is simply identified by a set of successive sampling points in each
item region without identifying fixations. The dwell sequences are modified by
discarding dwells with duration shorter than a threshold (100 msec). If successive
dwells with the same item ID were interrupted by a blink, the intervals were con-
catenated to a longer dwell. Any dwell in which the participant was examining

the requirements of the request was also discarded.

Examples of dwell sequences are shown in Figure 5.4. In the examples,
we can observe temporal differences in dwell frequencies on a selected item.
In the top and the third examples, similar behavior to the gaze cascade effect
[Shimojo et al., 2003] can be observed. That is, the selected items are more fre-
quently looked at as time progresses. This second example supports the assertion
by Russo et al. [Russo and Leclerc, 1994].

We can see an example of exploratory browsing behavior after the 138th dwell
on the selected item, which can be interpreted as the verification stage. The bot-
tom example highlights the importance of considering probabilistic transitions
between decision stages. In the bottom example, there is an interval that contains
fewer dwells on the selected item from the 12th dwell to the 20th dwell. Consider-
ing whether or not each item has been looked at, this example may be interpreted
as follows: the participant was exploring the catalog until the 20th dwell with the

interruption of evaluating behavior occurring at the beginning.
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5.3. Experiment

5.3.3 Results

Ideally, ground truth of the browsers’ states could be used to evaluate the validity
of the proposed model. Since ground-truth data were not available, we instead
compared the estimated browsing states with findings from other choice behav-
ior studies. Specifically, we evaluated the proposed model by its performance of
identifying evaluation states [Russo and Leclerc, 1994], where strong candidates
are compared and evaluated. Moreover, we attempted to use the estimated states
to improve browsers’ interest estimation. In the following sections, we first dis-
cuss the interpretation of the estimated browsing states using the collected gaze
data in Section 5.3. Then, we show how the states can be used for browser’s

interest estimation.

Interpretation of Estimated Browsing States

We trained HSMMs with different numbers of hidden states using all the collected
gaze data. The values of AIC are shown in Figure 5.5. Accordingly, the number
of states in the HSMM, M, was selected; M = 4 (see Section5.2.3 for details).
The topology of the trained HSMM, A and 7, and the output probabilities, B,
are shown in Figure 5.6 and Figure 5.7, respectively. Figure 5.6 suggests that a
browser tends to start in state s; or s3. Since transition probabilities to state s3 or
state s, are comparatively higher than ones to other states, a browser is likely to
shift to the two states. From Figure 5.7, state s or s3 can be interpreted as a state
in which a browser is more likely to look at items in the same group. The duration
probabilities of the trained HSMM, P, is shown in Figure 5.8. The results show
that the state s, is comparatively shorter than other states. To see the validity
of the approximation by a Gaussian distribution, duration distributions of each
state before fitting a Gaussian distribution are calculated as in Figure 5.9. The
results suggest that we might need to employ a more complex distribution to
approximate the duration distribution. For example, state s; shows the tendency
of diphasic distribution. However, we need more data to decide which types of
distribution should be used.

We investigated how the estimated browsing states can identify evaluation
states where browsers compare strong candidates and the selected item. Fig-
ure 5.10 and Figure 5.11 show the ratio of dwells on the selected items, non-
selected candidates, and others at in each estimated browsing state when the
number of candidates was 2 or 3, respectively. In the both figures, browsers
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are more likely to look at the selected items or candidates in the states s, and
s4 compared to in the states s; and s3. To associate the obtained states with the
three-stage model [Russo and Leclerc, 1994], we consider states s; and s3 to be
orientation or verification (these two stages share a similar pattern, but can be dis-
criminated based on context), while states s, and s4 can be interpreted as evalua-
tion. Moreover, from the estimated transition probabilities (Figure 5.6), a browser
is more likely in states s3 and sp. Thus, the two states, states s3 and s, can be in-
terpreted as a representative state of orientation/verification stage and of evaluation
stage, respectively.

An example sequence of posterior probabilities of browsing states is shown
in Figure 5.12. To estimate the sequence of browsing states at each dwell, leave-
one-subject-out cross validation was used; that is, gaze data of one participant
was used as test data and the remaining data were used to train the model. The
number of states of HMM, Mgpm, were also estimated via AIC; Mygym = 6.
The average duration of browsing states in the HSMM were s1: 11.57, s5: 9.95,
s3: 10.16, and s4: 11.57, which are longer than the average durations of states in
the HMM (s1: 1.80, sp: 1.00, s3: 1.76, s4: 1.00, s5: 2.50, s¢: 1.81). The averages
are calculated from the sequences of the estimated browsing states. Note that the
lengths correspond to the number of gaze actions, i.e., the number of item regions
looked at by the participant. The results show that the duration distributions of
hidden states of an HSMM contribute to estimate reasonable browsing states since
browsing states we want to estimate here correspond to subtasks (see Chapter 2)
and are not supposed to change frequently.

Estimation of Browsers’ Interest

According to the findings from gaze analysis on choice behavior, visual atten-
tion to competing items increases significantly when a consumer is close to mak-
ing a decision [Shimojo et al., 2003]. Therefore, we assume that the estimation of
browser’s interest can be improved by identifying when the browser enters the
evaluation state, and we propose an estimation method of browsers” interest from
eye movements, simply by finding items that the browser looked at the most
times during evaluation states (s, and sy4).

We evaluated our proposed model against three methods: HMM, Sliding win-
dow, and Baseline. Leave-one-subject-out cross validation was used; that is, gaze
data of one participant were used as test data and the remaining data were used

to train the model. In the Sliding window method, a sliding window of size 20 is
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Figure 5.5: The AIC values of different numbers of states.

Figure 5.6: The topology of the trained HSMM.
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61



5. Unsupervised Estimation of Content Browsing States

| [ Non-candidates [__]Non-selected candidates [__| Selected |

Propotion of total number of dwells

b @H |

Figure 5.11: The proportion of dwells on selected items, candidates, and others
in each browsing state (Number of candidates is 3). The whiskers
represent standard deviation.
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Figure 5.12: An example timeline of browsing states estimated by the trained
HSMM and the trained HMM for the gaze region sequence of the
4th trial of the 8th participants (refer to Figure 5.4).
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Table 5.3: The estimation of the selected item.
HSMM | HMM | Sliding window | Baseline
0.422 0.469 0.219 0.406

Table 5.4: The estimation of the set of considered items (selected items and candi-

dates).
\ Precision \ Recall \ F1 score
HSMM 0.326 0.763 0.457
HMM 0.358 0.785 0.492

Sliding window |  0.298 0.301 | 0.300

tirst applied to gaze feature sequences. Then the browsing state at the j-th gaze
region, rj, was determined by finding the nearest distribution in initial values of
B to the distribution of gaze actions of interval [r;_g,7j,10]. Recall that the initial
values of B in both the HMM and the HSMM are the mean points of the M clusters
of the distributions of the gaze actions obtained by applying a sliding window of
size 20. The distance of distributions here are Euclidean distance.

As with HSMM, evaluation states estimated by HMM and Sliding window
were identified based on which kind of items were more likely to be looked at
in each estimated state. In the Baseline method, the entire gaze sequence was
considered when finding the item with the longest duration and was taken to be
the estimation of the selected item.

Table 5.3 shows that the use of browsing states estimated by the HMM en-
ables the estimation of selected items with the highest accuracy. In addition, we
also conducted the estimation of the set of considered items (selected items and
candidates). For this analysis, we only consider gaze sequences of choice tasks
with more than two candidates. This is because gaze behavior on selected items
and candidates can be very similar in a situation where there are multiple attrac-
tive candidates in the catalog. For the estimation of considered items, we find all
items looked at during evaluation states. Thus, the results of candidate estimation
using the Baseline method is omitted. Table 5.4 shows that the use of the HMM
achieved the estimation with the highest accuracy.

5.4 Discussion

We evaluated the proposed browsing state model through the eye tracking exper-

iment in a catalog browsing situation. The proposed model estimated browsing
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states that have similar characteristics with decision stages defined in the previ-
ously proposed consumer decision making model [Russo and Leclerc, 1994]. The
results indicate that the proposed model can estimate reasonable browsing states
in an unsupervised manner.

We compared two browsing state models based on HSMM and HMM. The re-
sults showed that the models have advantages and disadvantages for estimating
browsing states. The estimated browsing states by the HMM improved the esti-
mation accuracy of browsers’ interest most effectively; however, the states change
very frequently, which make it hard to interpret the meanings of the states. Mean-
while, the estimated browsing states by HSMM were able to split choice process
into several phases, which matches the findings from existing studies of choice
process. Thus, we concluded that the use of HSMM is more suitable to estimate

interpretable browsing states.

Analysis Methods of Estimated Browsing States

The estimated browsing states in this chapter can be used for detailed analysis
of content browsing behavior. For the analysis of multi-alternative choice behav-
ior, the duration and transitions of the estimated browsing states can be used as
one of measurements to assess the choice process. For example, the duration of
browsing states can be interpreted as how long a browser takes to eliminate alter-
natives, which directly characterize important aspects of the choice process such

as decision strategy.

Individual Differences among Browsers

There could be individual differences among browsers; for example, in a multi-
alternative choice situation, some browser may take more time to evaluate alter-
natives than others. One possible solution to capture such individual differences
is to build multiple models based on user profiling. For this, we would need to
build a data set that captures details about individual characteristics of browsers
and apply cluster analysis.
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Chapter 6

Model Adaptation for Choice

Behavior Analysis

6.1 Introduction

In Chapter 2 through Chapter 5, we presented the proposed framework for se-
mantic interpretation of eye movements. In Chapter 2, the overview of the pro-
posed framework is presented. In Chapter 4, we proposed the method to en-
code eye movements into gaze actions based on the designed structure defined
in Chapter 3. In Chapter 5, the browsing state model is trained in a unsupervised
manner; that is, the characteristics and number of browsing states and their tran-
sitions in a certain decision making session are estimated simultaneously. The un-
supervised approach can be used even when we do not have any prior knowledge
on browsing states; meanwhile, when we focus on a specific content-browsing-
domain, and when the knowledge of the domain is well accumulated by exist-
ing studies, it is also possible to adapt the browsing state model using the prior
knowledge. In this chapter, we describe a method for adapting the proposed
framework to analyze a specific content browsing situation: choice behavior in
catalog browsing.

Various aspects of choice behavior have been investigated using eye tracking
data, including viewers’ preference [Sugano et al., 2014, Shimojo et al., 2003],
decision  tasks  [Pfeiffer et al., 2014], and motivations/time  pres-
sure [Pieters and Warlop, 1999]. The advantage of tracking eye movements
is that it enables the detailed analysis of decision processes, which includes
the temporal changes of the decision makers’ cognitive states. As men-

tioned in Chapter 4, several studies have shown that the decision process
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consists of a few different phases [Orquin and Loose, 2013]; that is, deci-
sion makers split their decision making task into smaller subtasks such
as the screening of alternatives. These phases are sometimes referred to
as decision stages [Russo and Leclerc, 1994, Gidlof et al., 2013] or attention
phases [Orquin and Loose, 2013].  In this thesis , we use the term “deci-
sion stages”. The existence of decision stages has been confirmed in many
works [Russo and Leclerc, 1994, Wedell and Senter, 1997, Clement, 2007,
Glaholt and Reingold, 2011, Reutskaja et al., 2011, Glockner and Herbold, 2011,
Gidlof et al., 2013].

In early versions of decision stage models, before eye tracking was widely
used, the decision process was considered to be roughly separated into two types
of decision stages: screening and evaluation [Payne, 1976]. In the screening stage,
decision makers obtain an overview of the information about all products; then,
in the evaluation stage, they evaluate a few remaining alternatives to make a se-
lection. To our knowledge, Russo et al. were the first to utilize eye tracking to
model decision stages [Russo and Rosen, 1975, Russo and Leclerc, 1994]. Russo
measured participants” eye movements in a supermarket-like experimental en-
vironment where real products were displayed on a shelf. Through the exper-
iment, Russo et al. confirmed the existence of verification stage after the above-
mentioned two decision stages. Their work lead to a lot of follow-up work
on decision stages in decision making [Wedell and Senter, 1997, Clement, 2007,
Glaholt and Reingold, 2011, Reutskaja et al., 2011, Glockner and Herbold, 2011,
Gidlof et al., 2013].

Many questions still remain in decision stage analysis; a fundamental problem
is that there is no concrete method for the identification of decision stages. Exist-
ing methods employ a heuristic approach in which top-down rules are given by
analysts based on their observations. This caused disagreement about the number
of decision stages and their interpretations among previous studies. Some stud-
ies [Gidlof et al., 2013, Russo and Leclerc, 1994] noted the decision stages cannot
be clearly separated like the previous studies assumed. The boundary between
stages is further blurred due to the occasional interruption into other stages. For
example, decision makers often go back to the screening stage to re-input item
information during the evaluation stage. Thus, a concrete theory on the quantity
and type of decision stages is not established, and this may change with task char-
acteristics. Accordingly, it is not feasible to model the decision stage interruptions
by defining top-down rules that cover all possible cases.
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In this chapter, we adapt our browsing state model proposed in Chapter 5 to
trace temporal changes of the decision states. That is, we incorporate the brows-
ing state model with some top-down assumptions based on findings from stud-
ies on decision stage analysis. The estimated browsing states using the adapted
model correspond to decision stages in choice behavior analysis. More specifi-
cally, this chapter consists of two steps: (1) building of a choice behavior model
to define and identify browsing states and (2) supervised learning of the brows-
ing state model (proposed in Chapter 5) to estimate browsing states only with
gaze actions. At step (1), we define browsing states in choice behavior based on a
strong but domain-specific indicator: how frequently the selected item is looked
at by browsers. At step (2), the browsing state model is learned via a supervised
manner using the identified browsing states. Once the browsing state model is
learned, browsing states of a newly observed eye tracking data can be estimated
without the information about selected items.

In the following sections, we introduce related studies on choice behavior
analysis in Section 6.2 Then, the definition of browsing states and its evaluation
are presented in Section 6.3. Finally, the estimation method based on the browsing

state model is presented in Section 6.4

6.2 Choice Behavior Analysis

This section first presents more details on previously proposed decision stage
models and their limitations [Russo and Leclerc, 1994, Gidlof et al., 2013]. Sec-
ond, we present several existing information-search gaze models that take a prob-
abilistic approach. Third, we introduce findings on content browsing behavior in
different task complexities since we use the task complexities to evaluate the pro-
posed approach. Finally, we present issues and the approach of this study to

analyze choice behavior.

Decision Stages in Choice Process

As mentioned above, Russo et al. pioneered decision stage analysis using eye
tracking [Russo and Leclerc, 1994]. They investigated the existence of decision
stages in choice behavior and their characteristics. As a result of their eye tracking
experiments, they found that the decision processes consist of three stages: orien-
tation, evaluation, and verification. In their paper, each stage is identified based on

a sequence of “dwells” on alternative items. Recall that a dwell is a set of consec-
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utive fixations on each alternative !. Dwell-sequence analysis is the commonly
used approach for process tracing of decision stages [Glaholt and Reingold, 2011,
Orquin and Loose, 2013]. The orientation stage is defined to be the stage that oc-
curs before the first “re-dwell” (a dwell on an already-examined item) appears.
The evaluation stage is between the first and the last re-dwell and the verification
stage is after the last re-dwell. This study leads to a lot of follow-up work on de-
cision stage analysis; however, the validity of Russo’s work has been questioned
by some researchers due to the fact that the researchers were manually tracking
participants” eye movements through a one-way mirror [Pfeiffer et al., 2014].
More recently, Gidlof et al. re-evaluated Russo’s three-stage model, calling it
the Natural Decision Segmentation Model (NDSM), and used modern eye track-
ing technology [Gidlof et al., 2013]. In NDSM, the information of the selected item
is used as a stage divider, i.e., the evaluation stage in NDSM is defined to be be-
tween the first and the last dwell on the selected item. Their model was evaluated
through a real-world super market experiment by measuring how the identified
decision stages can describe differences between two tasks (search and decision)
compared to Russo’s model. Their research established a difference in browsing
behavior between the two tasks; however, their method of identifying different
decision stages still had some limitations. As noted in their paper, the stages can
be often interrupted by other stages, for example, going back to the orientation
stage to re-input item information during the evaluation stage. Instead of defin-
ing rules to cover the interruption of decision stages, Gidlof et al. assumed each
stage is dominated by a specific function of the decision process even if it contains

elements of other stages.

Probabilistic Approach in Modeling Information Processing States

There are a few probabilistic gaze models in consumer decision process. Stiittgen
et al. proposed a satisfactory decision process model using eye tracking
data [Stiittgen et al., 2012]. The satisfactory decision process model is a decision
making model that assumes decision makers choose alternatives that satisfy a set
of specific criteria. In their model, information search behavior is represented
by HMM which has two states: local and global search state based on the above
mentioned Liechty’s local/global attention model [Liechty et al., 2003]. Shi et al.

IThe term of “fixation” here indicates a visual fixation between saccades. The term is also used
in Russo’s paper [Russo and Leclerc, 1994]; however, Russo’s “fixation” corresponds to a glance
or a dwell in this thesis.

68



6.2. Choice Behavior Analysis

proposed a hierarchical HMM to uncover information acquisition process on cat-
alogs with attribute-by-product matrix layouts [Shi et al., 2013]. Their model con-
sists of two layers of hidden states, in which the lower-layer hidden states corre-
spond to types of information acquisition processes, and the higher-layer hidden
states correspond to strategy. For their model observations, they employ proba-
bilities of three of the types of transitions among AOIs (regions that describe an
attribute of a product) on a screen: attribute-based (a transition between regions
of the same attribute but different items), product-based (a transition between re-
gions of different attributes but for the same item), and others. Although their
model can represent similar states to decision stages, it can be applied only to
eye movements for catalogs with attribute-by-product matrix layouts. In most
situations where the differences between attribute-based and product-based in-
formation search behavior are unclear, we need to reconsider which features of

gaze should be analyzed.

Browsing States and Task Complexities

Information processing varies with the parameters of decision making
tasks [Payne, 1976]. When people are faced with a decision between two al-
ternatives, they employ a compensatory decision process in which all available
information of alternatives is considered together to make a comprehensive de-
cision. In contrast, when people face with a more difficult decision task (with
more alternatives), they tend to employ a non-compensatory decision process in
which some of the available alternatives are eliminated quickly based on some
specific criteria (e.g., filtering). After narrowing the alternatives down, people
finally evaluate the alternatives using a compensatory decision process. This is
simply because of a limited information processing capability of decision mak-
ers. Note that the compensatory decision process corresponds to the evaluation

state in our model.

Issues and Approach of This Study

As discussed above, there are two main issues when modeling temporal changes
of browsing states that correspond to decision stages in choice behavior: (1) man-
aging the diversity of browsing states and (2) characterizing features of gaze for
identifying the browsing states. To address issue (1), this work provides a bottom-

up framework in which probabilistic relations between decision stage and gaze
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behavior are learned from recorded gaze data. A HMM was employed to rep-
resent bi-directional transitions among browsing states. The HMM is similar to
the browsing state model proposed in Chapter 5; however we employ some top-
down assumptions about the number and types of hidden states. To address issue
(2), we employ information about when the selected items are being looked at as
a strong indicator of browsing states in choice behavior. That is, we assume that
how often the selected item is looked at will change depending on the browsing
state and employ interval lengths between dwells on the selected item.

Our approach is evaluated by measuring the description capability of differ-
ences among tasks. Here, we assume that the number of remaining alternatives
(after the elimination process) affects the temporal duration of the evaluation
state. Ideally, if our assumption is correct and if only one alternative remains
after screening, the evaluation state would not be observed. Meanwhile, if mul-
tiple alternatives (strong candidates) remain after screening, the duration of the

evaluation state would increase.

6.3 Defining Browsing States in Choice Behavior

This section describes the details of the proposed choice behavior model and the
results of its evaluation. First, basic assumptions about the browsing states are
described. Next, we explain how we formulate the assumptions for the proba-
bilistic model. Finally, our browsing model is evaluated using eye tracking data

collected in Chapter 5.

6.3.1 Basic Assumptions of Browsing States

Here we make a couple of assumptions of browsing states in multi-alternative
choice situations. First, we assume the choice behavior can be described by two
types of browsing states: exploration and evaluation. The exploration state is a de-
cision state where decision makers aim to obtain broad information of items to
screen items out or to confirm their decision. Meanwhile, the evaluation state is
a decision state where a decision maker aims to obtain detailed information of
fewer items to evaluate them as strong candidates. We define the correspondence
between our browsing states and the three decision stages in the previously pro-
posed three stage model [Russo and Leclerc, 1994, Gidlof et al., 2013] as follows:

the exploration state corresponds to the orientation and the verification stage, and
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the evaluation state corresponds to the the evaluation stage. Although the orien-
tation stages and the verification stages are qualitatively distinguished by Russo
et al., the gaze behavior for each state would be expected to be similar since the
two stages are identified by applying the same process from the beginning of the
gaze sequence forward or from the end to the beginning.

Second, we assume that the browsing states can be characterized/identified
by examining how frequently dwells on the selected item occur. That is, deci-
sion makers are expected to look at the selected item more often when they are
in the evaluation state than when they are in the exploration state. In previous
decision stage models, re-dwells (a dwell on an item that is already looked at
more than once) [Russo and Leclerc, 1994] or the first and the last dwells on the
selected item [Gidlof et al., 2013] are considered an important cue to identify de-
cision stages. We integrated those cues, in particular, our method considers how
long it takes until a re-dwell on the selected item occurs in each browsing state
(interval lengths between dwells on the selected item).

6.3.2 The Proposed Choice Behavior Model

Suppose a catalog contains information of a set of items Zn; = {1,...,N},
and a decision maker selects an item out of the item set. Eye tracking data
of the decision maker are first represented as a sequence of dwells on items
R = (r1,...,77) (rj # rj+1,7j € Zan), where ] is the total number of dwells in the
decision making session. Let us denote item labels as Is and Ing that correspond
to the selected item and the other items, respectively. Here, we introduce a func-
tion Label : Toy — {Is, Ins}, where Label(r;) indicates the item label of the j-th
dwell, r;. Assuming the selected item is looked at K times in the sequence, a se-
quence of timings of dwells on the selected items is obtained as J° = (j{,...,j%)
(j. € {1,...,J},j¢ < ji,y) by finding all timings that satisfy Label(rjg) =Is.

The dwell sequence, R, is then segmented using the timings of dwells on the
selected item, J°, as 7, = [j? + 1,j,f+1](k € {1,...,K—1}) (see Figure 6.1). At
the end of the dwell sequence, the decision maker makes a choice; and thus, the
attention of the decision maker just after the last dwell, 7}, is considered to be on
the selected item. Thus, when the last dwell, rj, is not on the selected item (i.e.,
]I‘Cg # ]), we consider an additional segment Tx = []15< +1,] + 1] after 7x_1. Mean-
while, the segment before the first dwell on the selected item 1y = [1,j7] should be
treated differently to the other segments since the timing of the first dwell on the

selected item depends on exogenous factors of content layout rather than brows-
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ing states of decision makers. For this, we consider start state in addition to the
above mentioned two browsing states.

Let us denote the two browsing states, the exploration and the evaluation
state, as Sexp and Seva, respectively, and the start state as Sst. A sequence of
segments is defined as T = (1, 7,...,Tx’), where K’ = K+ 1 when ]I‘Cg # ],
and K’ = K when j = ]. Assuming the browsing states do not change during
the segments, what we want to estimate here is a sequence of browsing states
in each segment Q = (40,41, ---,9x’) (Gk € {Sexps Seva}, k # 0) using the length
of the segments as a cue. Note that every decision process starts with the start
state in our model (i.e., g9 = Sst). In particular, we formulated how long it takes
until a re-dwell on the selected item occurs (i.e., lengths of the segments) in each
browsing state as follows.

Exploration State

The exploration state is defined to be a state where a decision maker aims to
explore the information of an entire catalog. Thus, each item in the catalog is
considered to be looked at with equal frequency regardless of whether or not it
is the selected item. Assume that the k-th segment is the exploration state and
contains the j-th dwell and the (j — 1)-th dwell. Since the (j — 1)-th dwell is
not the end of the segment, the (j — 1)-th dwell is on a non-selected. As men-
tioned above, the item on the (j — 1)-th dwell and the j-th dwell is always un-
equal rj_1 # r;. Thus, when the (j —1)-th dwell is on a certain item, the j-th
dwell can only be on one of the (N — 1) items, where N is the total number of
items on the catalog as mentioned above. Accordingly, the probabilities of the
j-th dwell being on a non-selected item and on the selected item are represented
as P(Label(r;) = Ins|Label(rj_1) = INs,gk = Sexp) = (N —2)/(N —1), and
P(Label(rj) = Is|Label(rj_1) = INs, gk = Sexp) = 1/ (N — 1), respectively.

The probability of the k-th interval lasting I dwells is described as a geometric
distribution

N -2

(1-2)
P(|Tk| = l|qk = Sexp) = (m) N_1 (6.1)

Evaluation State

The evaluation state is defined to be a state where a decision maker aims to obtain

more detailed information of a set of specific items (strong candidates). Therefore,
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A sequence of browsing states

A sequence of
dwells tl=4 Itl=6 Itl=3\ Iel=2

ENR/ ANEEE BN A EE
[ |
M : A dwell on non-selected items

Figure 6.1: Segments of browsing states.

in the evaluation state, the probability of a dwell on the selected item is consid-
ered to be higher than one in the exploration state. Since we do not know the
probability, we introduced a parameter pey, to represent the probability of a dwell
on the selected item in the evaluation state; that is, P(Label(r;) = Is|Label(rj_1) =
Ins, g = Seva) = Peva- Thus, the probability of the j-th dwell being on a non-
selected item is represented as P(Label(r;) = Ins|Label(rj_1) = INs,qj = Seva) =
1 — peva. Here, the value of peya is estimated from eye tracking data in this study.
Note that the higher value of estimated peya indicates that the selected item is
more likely to be looked at in the evaluation state.

The probability of the j-th interval lasting | dwells is described as a geometric
distribution

P(|Tk| = l|qk = Seva) = (1 - Peva)(l_z) Peva- (6.2)

A Hidden Markov Based Choice Behavior Model

Since we want to represent free transitions of the browsing states, we employ
a HMM. The proposed HMM is denoted as Acnoice = (S, 7, A, L,C). S is a set
of browsing states; S = {Sst, Sexps Seva}. 70 is a set of initial state probabilities;
T = (Ttst, Tlexps Tteva) = (1,0,0) since our model assumes decision process always
starts from the start state, Sst. A is a 3 x 3 state transition probability matrix,
where a; ; indicates the transition probability from the i-th state to the j-th state.
In our model, 4; ; is always set to zero if the j-th state corresponds to the start state,
Sst. That is, no transition from any states to the start state, Sgt, occurs including
self-transition.

Possible observations of the model are the lengths of the segmented intervals,
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T; L ={1,..., Lmax}, where Lmay is the maximum length of segmented intervals.
C is a set of output probabilities; C = {c;(I) };cs e, Where ¢;(I) indicates the
probability of the segment of length [ at the i-th state. Note the probability of an
output ! € £ in the exploration state and the evaluation state, cs,,,(I) = P(|%| =
l1gx = Sexp) and cs,,, (1) = P(|t| = I|qx = Seva), are defined as the Equation (1)
and the Equation (2), respectively. The output probabilities in the start state are
denoted as cg,(I) = P(|t| = I). The output probabilities are normalized so that

the sum of output probabilities in each state is 1.

Estimation of the Model Parameters and Identification of Browsing States

The unknown parameters to be estimated here are p..,, the probability of dwells
on the selected item in the evaluate state, {cs (I) };, the output probabilities of the
start state, and A, the transition probabilities of hidden states. Since the first out-
put of the sequence is defined to be from the start state, the output probabilities of
Sqt are simply calculated as the frequency distribution of the first outputs of each
sequence in training gaze data. The rest of model parameters are estimated by the
Baum-Welch algorithm [Baum et al., 1970]. Once the model parameters are esti-
mated, the sequence of browsing states, Q, can be estimated from the sequence of
segments, T, using the Viterbi algorithm [Viterbi, 1967].

6.3.3 Evaluation

Our catalog browsing model is evaluated by comparing with two pre-
viously proposed decision process models: Russo’s three stage model
(R&L) [Russo and Leclerc, 1994] and the Natural Decision Segmentation Model
(NDSM) [Gidlof et al., 2013] using eye tracking data collected in Chapter 5. In
the experiment, the task criterion specifies the number of candidates among a set
of items on a screen. Then, our approach is evaluated by measuring how the
model can segment reasonable intervals for browsing states in terms of (1) de-
scription capability of differences among the tasks and (2) accuracy in identifying

when a participant is exhibiting comparison behavior among candidate items.

Estimated Model Parameters

The estimated state transition probabilities using the data of all participants are
shown in Figure 6.2. The result shows that the transition from the start state to

the exploration state is more likely than one from the start state to the evaluation
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Figure 6.2: The estimated transition probabilities of the browsing states.
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Figure 6.3: The output probabilities of the start state, Ss, estimated using eye
tracking data of all participants.

state. Moreover, the transition from the exploration state to the evaluation state
is of higher probability than the opposite transition. This indicates that decision
makers tend to start from the exploration state and then gradually shift to the

evaluation state.

Figure 6.3 shows the output probabilities of the start state. Figure 6.4 shows
the output probabilities of the exploration/evaluation states and the frequency
distribution of lengths of all segments except the first segment (i.e., 7y, ..., Tx/).
The probability of dwells on the selected items in the evaluation state was esti-
mated as peps = 0.544. This result shows that decision makers are more likely to
look at the selected items within short intervals in the evaluation state.
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Probability

Length of intervals

Figure 6.4: The output probabilities of the exploration state (Sexp) and the evalu-
ation state, Seva, estimated using eye tracking data of all participants.
The bars represent the frequent distribution of segment lengths.

Example Sequences of Identified States

Figure 6.5 shows four example sequences of identified browsing states by the
proposed model and the other two comparison models. The comparison mod-
els identify browsing states similarly to each other only when the first dwell on
the selected item and the first re-dwell occurs at the same time (see the bottom-
left example). However, in most other cases, participants continued examining
other items even after looking at the selected item, such as in the top-left exam-
ple. Moreover, the interruptions of browsing states cannot be identified by the
comparison models. In the bottom-right example, there was a gap from the 12th
dwell to the 21st dwell where the selected item is less frequently looked at; how-
ever, R&L and NDSM both identify the evaluation state so as to occupy the whole
sequence, and the gap is identified only with the proposed method.

Difficulty of Decision Tasks and Browsing States

Figure 6.6 shows the mean ratio of the two browsing states with each task type.
The proposed method and R&L show similar effects of the task, where the ra-
tio of the evaluation states gets higher as the number of strong candidates (task
difficulties) increases. There was a significant difference of the ratio of the eval-
uation state between the task 1 and the task 3 using R&L model (Welch’s t-test;
p = .037). Although we did not observe any significant difference for the results
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Ours
R&L
NDSM

Ours
R&L
NDSM

Ours
R&L
NDSM

Ours
R&L
NDSM

Figure 6.5:

Subject No.8, Trial No.2, Task:0

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.8, Trial No.1, Task:1

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.8, Trial No.3, Task:2

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.5, Trial No.5, Task:3

40 45 50 55 60

Examples of estimated browsing state sequences. For each sequence,
the color in the top row corresponds to the color of regions in Fig-
ure 5.3. In the second row, the timings of the dwells on the selected
item are shown by light gray highlights. From the third row to the
bottom row, the blue and red intervals correspond to the exploration
state and the evaluation state, respectively.
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Figure 6.6: The proportion of dwells in each browsing state. The whiskers repre-
sent standard deviation.

of the proposed model and NDSM, the proposed model shows the similar effects
of the task to ones with R&L model. These results indicate that our model and
R&L can describe differences of browsing behavior between different tasks when
compared with NDSM. Note here that we did not consider eye tracking data in
tasks where the number of candidates is 0 since the difficulty of the decision task
is hard to interpret.

The ratio of the evaluation and exploration states identified using our model
is biased towards the exploration state more than the other two comparison mod-
els. This indicates that our model is more sensitive to the interruptions of the
exploration/evaluation states, which often appear as shown in Figure 6.5. This
result shows that allowing bi-directional transitions of browsing states in the state

model is more effective when modeling browsing states.

Dwells on Non-selected Candidates and Browsing States

Recall that the candidates are the set of items that satisfy the task (see Section 5.3
for the details). It is important to consider how users regard both selected and
non-selected items to understand the characteristics of browsing states in tasks
with more than two candidates. Figure 6.7 and Figure 6.8 show the proportion of
dwells on each item type: the selected item, non-selected candidates, and others.
Figure 6.7 shows the results in tasks with two candidates, and Figure 6.8 shows
the results in tasks with three candidates. In both figures, non-selected candidates
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Figure 6.7: The proportion of dwells on selected items, non-selected candidates,
and the other items when the number of candidates is 2. The whiskers
represent standard deviation.

are more likely to be looked at in the evaluation states, Seva, compared to the ex-
ploration states, Sexp. There were significant differences of the ratio of the dwells
on non-selected candidates between the exploration state and the evaluation state
using our model (Welch’s t-test; p < .001 for two-candidate-tasks and p = .022 for
three-candidate-tasks). Using NDSM, there was a significant difference between
the exploration state and the evaluation state in two-candidate-tasks (Welch’s t-
test; p = .009). Using R&L, we did not observe any significant difference. Only
when our model was used, the significant differences were observed in the both
tasks.

6.4 Supervised Estimation of Browsing States

In this section, we propose an estimation method of browsing states that does
not require information of selected items. To achieve this, we extend the choice
behavior model, A ice, based on the browsing state model, Ay, proposed
in Chapter 5. That is, instead of using the information about when the selected
items are being looked at, we employ gaze actions proposed in Chapter 4 as a
cue to estimate browsing states. The difference between the estimation method
of browsing states in this chapter and in Chapter 5 is the learning method. The
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Figure 6.8: The proportion of dwells on selected items, non-selected candidates,
and other items when the number of candidates is 3. The whiskers
represent standard deviation.

browsing states are estimated in a unsupervised manner in Chapter 5 without
any assumptions/content-specific domains; meanwhile, the browsing states in
this chapter are estimated in a supervised manner using a training data set of
sequences of gaze actions and corresponding browsing states identified by A pojce-
The following sections first present an overview of the proposed estimation
method. Next, the details of how to encode eye movements into gaze actions and
how our choice behavior model is associated with the gaze actions is presented.

6.4.1 The Overview of The Proposed Estimation Method

As with Chapter 4 and Chapter 5, eye movements are first encoded into a se-
quence of gaze actions using designed structure. Here, we focus on tri-gram pat-
terns described in 4.2.2. For the later analysis, we assume sequences of gaze
actions are obtained as X, = (x2,...,xj,-1), (xj€e O = {01,...,06}) from a dwell
sequence R, = (r1,...,r In ), where the gaze actions, O, correspond to the patterns
as shown in Figure 4.2 (b).

Second, the probabilistic relations between gaze actions and browsing states
are learned. Suppose we have a set of gaze-action sequences X = {X,, }, and cor-
responding sequences of browsing states @ = {Q, = (42,...,4j,-1) }» obtained
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by our choice behavior model, A gice, as training data. In this situation, the goal
is to estimate browsing states from a newly observed gaze data without the infor-
mation of the selected item. Once the model is learned, we can estimate browsing

states of newly observed eye tracking data using the learned model.

6.4.2 Modeling Probabilistic Relations of Gaze Actions and

Browsing States

In the previous section, our choice behavior model is denoted as Appice
(S,m,A L,C). To associate gaze actions with browsing states, we here
introduce the browsing state model proposed in Chapter 5, Apsym =
(Srsmm, Onsmm, Arsmm, Brasviv, Prasvivt, 7Trsvm ). Then, we modify the brows-
ing state model, Agsyv, so that it corresponds to the choice behavior model,
Achoice-

The modified browsing state model is denoted as Apgpy =

(Stisvmr Orisvam Atisvivey Brasvivy Prisvney TTrswm)- A set of hidden  states

liovy initial state probabilities 76,0, and state transition probabilities
Aligvym are common to the choice behavior model, Achoice; that is, Sfigp = S =
{Sst Sexps Seva}t, Apgnm = A, and oy = T = (st Texps Teva) = (1,0,0).
Olisvu 1s a set of gaze action labels; Opgypy = O = {01,...,06} (see Figure 4.2
(b)). Bygy i8 @ 3 X 6 output probability matrix, where b; | indicates the output
probability of the m-th gaze action at the i-th browsing state.

PI’{SMM isa 3 X Ly, duration distribution matrix, where p;,l indicates the prob-
ability that the i-th state last for /-time units. The duration distribution matrix,
Py Tepresents interval lengths between dwells on the selected item in the
choice model, Aghoice- That is, p;; = c;(I), where ¢;(I) indicates the probability of
the segment of length [ at the i-th state in the choice model (see Section 6.3.2 for
the details). Using a training gaze dataset, a set of gaze action sequences X and
corresponding browsing state sequences Q, the unknown output probabilities,
Blisnm- are simply estimated as follows:

= Do Dl Lo,
v Yo | Xl

(6.3)

where 14 is an indicator function that has the value 1 when A is true and the
value 0 otherwise. Once the parameters are obtained, the browsing states of a

newly observed gaze data can be estimated by maximum a posterior estimation.
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Figure 6.9: The output probabilities of each browsing state. The color of the bars
corresponds to the color of gaze actions in Figure 4.2 (b).

6.4.3 Evaluation

The proposed estimation method is evaluated using gaze data collected in Sec-
tion 5.3. The output probabilities of the HSMM estimated by the Equation 6.3
with gaze data from all participants are shown in Figure 6.9. The results show
that the output probabilities of the start state and ones of the exploration state are
more similar compared to ones of the evaluation state. In the evaluation state,
the gaze action that consists of contrast relations (04) and comparison patterns (o5
and o0g) occur more frequently than in the start state and the exploration state.
This indicates that decision makers tend to browse catalogs more freely by ignor-

ing groups of items in the evaluation state.

Consistency with the Identified Browsing States

Subject-based leave-one-out cross validation was used; that is, gaze data of
one participant was used as test data and the remaining of the data was
used to train the model. We compare our proposed method (HSMM) against
two methods: hidden Markov model based estimation (HMM) and maxi-
mum likelihood estimation (ML). In the HMM method, a three state HMM
(Suvm, Onvm, Arvm, Baviv, VM ), where Spviv = S, Oavmv = O, TTavMm = 7T
is trained with the training gaze data: a set of gaze action sequences, X, and
corresponding browsing state sequences, Q. Then, the browsing states can be es-
timated by the Viterbi algorithm using the trained HMM. In the ML method, the
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6.4. Supervised Estimation of Browsing States

Table 6.1: The consistency with the ground truth. The top row indicates the con-
sistency when we consider that the exploration state Sexp and the start
state Sst are the same state. The bottom row indicates the consistency

when we discriminate the two states.
\ HSMM \ HMM \ ML

(Seva, others) 0.811 0.807 | 0.734
(Sst, Sexp, Sez}g) 0-639 0.621 0.437

browsing state at a timing j, g;, is simply estimated by comparing the likelihood
of the observed gaze action, x;, using the output probabilities of the HSMM based
model, Agsyv. That is, g; = maxjeg P(xr = 0|qe = 1) = bj .

The validity of the estimated browsing states is measured by the consistency
to the browsing states of the proposed choice model. That is, the browsing
states identified the proposed choice model, A pice, are considered as the “ground
truth” of browsing states. Table 6.1 shows the consistency of each method. The
result shows that the proposed HSMM method has the highest consistency with
the ground truth. Example sequences of estimated browsing states are shown
in Figure 6.10. We can see that the HSMM method replicates the ground truth
of browsing states better than other methods; the HMM method missed the first
evaluation state, and the ML method cannot discriminate the start state and the

exploration state.

Dwells on Non-selected Candidates and Browsing States

We compare browsing states estimated by the HSMM, Af;q\p, and by the HSMM
in Chapter 5, Apgsym, based on the performance of the detection of comparison
among strong candidates in choice behavior. Figure 6.11 and Figure 6.12 show
the proportion of dwells on the selected item, non-selected candidates, and non-
candidates in each browsing state estimated by Ajqypg and Apgsym. Recall that
the states s3 and s, were interpreted as the representative orientation/verification
state and evaluation state respectively in Chapter 5. With both tasks, the brows-
ing states estimated by Afg\p can separate comparison behavior of strong can-
didates better than ones estimated by Aggyv.

Using Ay there were significant differences of the ratio of the dwells
on the selected items between Sexp and Seva (Welch's t-test; p < .001 for two-
candidate-tasks and p = 0.006 for three-candidate-tasks). Meanwhile, we did

not observe any significant difference of the ratio of the dwells on selected items
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GT
HSMM
HMM
ML

GT
HSMM
HMM
ML

GT
HSMM
HMM

Subject No.8, Trial No.2, Task:0

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.8, Trial No.1, Task:1

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.8, Trial No.3, Task:2

5 10 15 20 25 30 35 40 45 50 55 60
Subject No.5, Trial No.5, Task:3

5 10 15 20 25 30 35 40 45 50 55 60

Figure 6.10: Example sequences of estimated browsing states. The blue and red

intervals correspond to the exploration state, Sexp, and the evaluation
state, Seva, respectively. The gray intervals correspond to the start
state, Sgt.
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Figure 6.11: The proportion of dwells on selected items, candidates, and others
in each browsing state (Number of candidates is 2). The whiskers
represent standard deviation.

between s, and s3 (p = 0.076 for two-candidate-tasks and p = 0.319 for three-
candidate-tasks). For dwells on non-selected candidates, there were significant
differences between Sexp and Seva (p < .001 for two-candidate-tasks and p < .001
for three-candidate-tasks) and between s, and s3 (p = .045 for two-candidate-
tasks and p < .001 for three-candidate-tasks). The results show that the adapted
choice model, /\f{SMM, can identify evaluation states where strong candidates are
compared and evaluated better than the unsupervised model, Apgy.

6.5 Discussion

We collected gaze data with controlled task complexities and observed differing
cases of decision process in terms of browsing states. For example, some deci-
sion makers change browsing states frequently, while others just shifted from the
start/exploration state to the evaluation state. This example illustrates that we
cannot easily separate the decision process into two or three nicely partitioned
stages. Our findings suggest that the probabilistic approach of modeling gaze be-
havior in choice behavior is effective since the model can adapt to the unknown
complexities of the decision stages.

In this study, we investigated the relation between complexity of decision
tasks (the number of strong candidates) and transitions of browsing states of a
decision maker. The results of this study indicate that the evaluation state be-
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Figure 6.12: The proportion of dwells on selected items, candidates, and others
in each browsing state (Number of candidates is 3). The whiskers
represent standard deviation.

comes longer as task complexity increases. In this paper, we only built a single
model using all collected gaze data; however, the difference between tasks we
observed might indicate the necessity of the multiple models that correspond to
different decision tasks. Moreover, it is also possible that the personality of de-
cision makers and the decision strategy affect the transitions of browsing states.
To improve the choice model, we need to collect and analyze more gaze data in

different decision situations.

Possible Extensions of the Proposed Choice Model

The proposed choice behavior model in this paper consists of the minimum num-
ber of hidden states that can represent our assumptions: two browsing states
(exploration and evaluation) and a start state. This is because we kept our model
as simple as possible in order to avoid overfitting since the amount of data was
limited. However, we yet do not know how many states are most appropriate
to represent browsing states in choice behavior. For example, we might need to
discriminate the first exploration state and interruptions of exploration states that
appear later in a session. In that case, we can consider to optimize the number of
states in a data-driven manner by maximizing the likelihood of the model.
Moreover, gaze behavior of decision makers is expected to be affected by ex-
ogenous factors at the beginning of decision process. For example, in our situ-

ation where a decision maker is browsing a digital catalog, the decision maker
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6.5. Discussion

tends to confirm all alternatives before proceeding to their detailed evaluation.
The choice behavior model might have to be extended so that it can manage the
effects of the exogenous factor such as the number of alternatives or layouts of

catalogs.

Other Eye Movement Features to Identify Browsing States

We considered interval lengths between dwells on a selected item to iden-
tify browsing states. On the other hand, some studies of decision stage
analysis have shown that there are some other cues derived from eye
movements that have correlation with browsing states, e.g., fixation dura-
tion [Glockner and Herbold, 2011]. Those cues might be useful as well for the
identification. To find appropriate eye movement features for decision stage anal-
ysis, it might be possible to apply a statistical approach of feature selection using

a larger gaze dataset.
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Chapter 7

Conclusion

7.1 Summary

This thesis presented a novel framework to interpret the meaning of eye move-
ments in content browsing situations. The main contribution of this study is two-
fold: (1) a framework to encode eye movements based on designed structure of
visual content and (2) a hierarchical content browsing model to manage the diver-
sity of eye movement patterns. Chapter 4 presented the first contribution using
designed structure defined in Chapter 3, and Chapter 2, 5 and 6 presented the
second contribution using encoded gaze actions in Chapter 4.

In Chapter 3, the definition and representation of designed structure was pre-
sented. This study modeled two levels of designed structure: spatial structure of
content elements (appearance-level designed structure) and their semantic rela-
tionships such as “being in the same group” (intention-level designed structure).
Using the designed structure, in Chapter 4, the framework of encoding eye move-
ments was proposed and evaluated with an experiment involving 12 participants,
wherein the participants’ states were estimated from their gaze behavior. The re-
sults from the experiment show that the use of designed structure improved the
performance of browser-state estimation.

Chapter 2 proposed the hierarchical content browsing model that manages
the diversity of eye movement patterns. The top layer in the model represents
browsing states, which corresponds to context in content browsing. To reveal the
characteristics and temporal changes of browsing states in content browsing be-
havior, Chapter 5 proposed a probabilistic model based on hidden semi-Markov
model (HSMM). The proposed browsing state model is trained and evaluated us-

ing gaze data which were collected from eight participants in an experimentally
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controlled catalog browsing situation. We confirmed the validity of the estimated
states through the estimation of browsers’ selected items/candidates based on
the estimated states.

Finally, Chapter 6 adapted the proposed content browsing model to analyze
choice behavior in digital catalog browsing. We first defined and identified the
browsing states using information about how often a decision maker looks at a
selected item (the item finally selected by a decision maker) as a strong indicator
of the consumer decision process. We confirmed that our definition of brows-
ing states can split decision process into meaningful browsing states. Then, we
trained the browsing state model proposed in Chapter 5 using eye tracking data
and corresponding identified browsing states in a supervised manner. We con-
tirmed the validity of the proposed model by measuring consistency with the

identified browsing states using selected item information.

7.2 Future Work

In this section, we summarize limitations and extensions of the proposed frame-

work and possible applications as future work.

7.2.1 Limitation and Extension of the Proposed Framework

How to realize designed structure as visual content?

The proposed framework makes a strong assumption that the content browser
understands designed structure by looking at visual content. That is, intelligibil-
ity of designed structure may influence its effectiveness in encoding eye move-
ments. We are currently investigating how to improve the impact of designed
structure on browsers” behavior in more detail. The inverse problems opens the
possibility of designing visual content which can give us additional clues to un-
derstanding browsers” behavior. We expect that investigating the effects of differ-
ent realizations of designed structure on browsing behavior would contribute to

various fields such as automated content creation and user interface design.

How to extract design structure from visual content for gaze analysis?

As mentioned in Sec. 3.2.1, this research assumes that the designed structure is

given, i.e., analysts of browsing behavior also create visual content or they can
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access the information of designers’ intent. However, it is not always true that an-
alysts can obtain information about designed structure in certain situations that
involve a great variety of visual content such as web browsing. We are investigat-
ing strategies to obtain designed structure from existing visual content. Since it is
still a difficult problem to extract semantic information from a single image, we
might use the source code of digital content. Mark up languages, such as HTML
and XML, already have descriptions for representing relations of elements com-
posing the visual content; therefore, it might be more feasible to extract design-
ers” intentions from such markup languages. We might also consider using eye
tracking data to generate designed structure among objects. For example, if gaze
transitions occur frequently from an object A to another object B, the two objects
might have an order relation. We are currently building a framework to employ
the tendency of these types of gaze transitions in a probabilistic approach, which

would help to automate the extraction of designed structure from visual content.

7.2.2 Applications

In this thesis, we analyzed choice behavior in catalog browsing to represent con-
tent browsing situations. We believe the proposed framework can be applied in
other content browsing situations. Here, we give possible applications that we

aim to accomplish in the future.

Automated Content Design Creation

By extending the proposed model, we aim to build a generative gaze model that
can simulate gaze flow with given designed structure of visual content. Such
generative gaze model enables automated systems to adjust content design (e.g.,
layouts of objects) to guide browsers’ eye movements better. That is, systems can
optimize content design so that the predicted gaze behavior fit the given target
gaze behavior. This could be an important contribution to many fields such as

automated content creation and user interface design.

In this thesis, we investigated only two types of layouts of digital catalogs:
category-based and order-based. We are investigating relations between a greater

variety of design structure and gaze behavior.
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7. Conclusion

An Interactive Decision-aid System

As one of possible applications of the proposed framework, we consider build-
ing an information system that can provide appropriate information to browsers
by estimating browsers’ states/situations. For example, it might be helpful if the
system can offer more detailed information about candidates when a decision
maker is in the evaluation state. Since the main purpose of these experiments in
this study is to verify the effectiveness of the proposed framework, only a simple
gift-selecting situation has been considered. However, to build an information
system such as the one described above, we need to model viewers states during
complex choice behavior including mind wandering. For modeling browser” in-
terest, we consider using findings from existing research on user state modeling

into our framework [Shimonishi et al., 2013].
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