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Abstract

Customer reviews in E-commerce are playing an important and unique role; a
staggering 90 percent of people use and monitor reviews in their online
purchasing process. However, the overwhelming number of reviews and
inconsistent writing style require significant effort to read and tend to let
important information slip by. To help users effectively and efficiently glean
information from reviews, a number of systems have summarized customer
reviews by extracting features and associate sentiment toward each feature.
From the perspective of customers, online purchasing can be viewed as a
decision making process. In light of human decision-making theory, we learn
that the foundation of effective information displays for user decision
improvement is gaining a deep understanding of user decision-making
behavior. However, no clear picture exists to systematically elaborate on
consumer decision-making behavior in E-commerce, in particular, with respect
to customer reviews.

In this thesis, we take online hotel booking as an example to empirically
investigate consumer decision-making behavior in three stages of online
purchasing: (1) screening out interesting alternative(s) for further
consideration, (2) evaluating alternatives in detail, and (3) comparing
candidates to make the final choice. Interfaces that aggregate information
from customer reviews have been developed to support the three alternative
stages. Through analysis of the results, we identify the decision strategies
users utilize to process information and the information they are inclined to
seek at each stage. These findings lay solid groundwork to design E-commerce
interfaces for consumer decision improvement.

Concerning user decision-making behavior in the stage of screening out
interesting alternatives, we find that: (1) 94% of participants began by
eliminating alternatives with values for an attribute below a cut-off to simplify
the complexity of the choice; (2) 55.3% of participants eliminated alternatives
by both static features (i.e., product specifications) and customer reviews.
Moreover, the number of users who adopted opinion attributes (i.e.,
attributes extracted from customer reviews) is significantly higher than that
using an overall review score; and (3) the cut-off values are determined by the
value distribution of an attribute and correlation among attributes, in addition
to stable preference. Grounded in these user decision-making behaviors, we
framed two alternative designs for an opinion-attribute-embedded filter panel
based on checkboxes and sliders. In the checkbox interface, the filter for each
attribute is represented in the form of an array of N checkboxes, which is
utilized in most E-commerce websites. In the slider interface, the filter for each
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numerical attribute (i.e., price and opinion attributes) is represented by a
modified slider, which visualizes the distribution of an attribute via bars and
the correlation among attributes via simultaneous change. Then, we
performed a user study to compare the two alternative designs in the context
of online hotel booking. The results show that people depended highly on
opinion attributes to narrow down the range of options in both interfaces,
which points to the effectiveness of incorporating opinion attributes in filters.
And the slider interface achieves significantly higher user assessments in terms
of perceived decision accuracy, cognitive effort, pleasantness to use and
intention to return.

After narrowing down options to a smaller set, 40% of participants adopted a
more compensatory strategy — Weighted Additive Difference, i.e., comparing
the remaining alternatives on multiple attributes and selecting the alternative
with the best overall value. More notably, significantly more participants
compared alternatives by opinion attributes in comparison with those
associated with an overall review score. Therefore, we developed a
multi-attribute sorting panel embedded with opinion attributes. Furthermore,
the multi-attribute sorting panel was expanded to three alternative designs
that mainly differ in the way of eliciting relative importance for attributes: (1)
direct assessment, asking users to directly assign weights to attributes; (2)
indifference method, modifying one of two sets of stimuli until subjects feel
that there is no difference between the two; and (3) indirect measurement,
giving relative preference on a pair of alternatives. Through analysis of
objective and subjective measures, the multi-attribute sorting was verified to
be beneficial to consumer online purchasing. The direct way outperforms the
indifference and indirect ways regarding perceived decision accuracy, cognitive
effort, satisfaction and intent to use in an E-commerce environment.

Motivated by the results of the above user studies, we have derived a set of
guidelines on how to design interfaces for consumer purchase decision
improvement in E-commerce.

Keywords: human decision making; interface design; E-commerce; customer
reviews; user study
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Chapter 1

Introduction

This chapter provides an overview of the thesis, giving an account of the
background and objectives of the research, the contribution of the study and

the organization of the thesis.



2 | Introduction

1.1 Background

With the rapid growth of E-commerce, online users are provided with access to a greater
variety of products and an enormous amount of information on the products. The huge
number of customer reviews in E-commerce is playing an important and unique role; a
staggering 90 percent of people use and monitor online reviews in their online purchasing

process [95].

From the perspective of the customer, his/her motivation for delving into an enormous
quantity of online reviews is to find suitable items that meet his/her desire. However,
because the overwhelming number of reviews and inconsistent writing style require
significant effort to read and tend to let important information slip by, gaining insights

becomes increasingly challenging for users.

To help users effectively and efficiently glean information from reviews to buy proper items,
most E-commerce websites (e.g., Amazon) provide an overall review score for each entity to
facilitate users to filter/ sort alternatives. However, given that people examine the attributes
of a product to evaluate whether the product fits their desire, a number of systems have
summarized customer reviews by extracting features and associate sentiment toward each
feature, referred to as feature-sentiment summarization. Liu et al. (2005) [52] and Carenini
et al. (2009) [15] used Bar charts to show the sentiment of summarized features, which
supports a side-by-side and feature-by-feature comparison of competing products. Carenini
et al. (2006) [14] summarized user reviews in the form of a Tree map by representing a
feature as a rectangle with nested rectangles corresponding to the descendants of the
feature. In addition to numerical ratings, which provide a quick understanding of how much
an entity is liked or disliked, some recent systems use adjective-noun word pairs to
summarize the sentiment (adjective) towards each feature (noun) to help users explore
reviews in greater detail. Yatani (2011) [93] represented adjective-noun word pairs in the
form of Tag cloud, with the font size and color indicating the number of occurrences and
sentiments (positive/negative). Huang et al. (2013) [42] developed a system that can

automatically highlight sentences that are related to relevant features to make a balance
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between reducing information overload and providing the original review context.

Because in most conditions of online shopping, customers identify the need for a product or
service without specific requirement on which to buy [61], they need to select interesting
choice(s) from a range of options that satisfy their desires. Therefore, online purchasing can
be viewed as a decision-making process from the perspective of the customer. Moreover,
Chen (2010) interpreted online purchasing behavior as a three-stage decision-making
process: (1) narrowing down available alternatives and selecting one that is worth further
consideration, (2) reading detailed information about the item selected in the preceding
stage and deciding whether to take it as purchase candidate, and (3) comparing several
candidates and making the final choice [17]. The transition between the three stages is

iterative in nature but does follow an approximate sequence on the whole.

To design E-commerce interfaces with the objective to assist users in making more accurate
online purchasing decisions with less effort, we consult decision-making theory and learn
that human decision behavior in reality is adaptive in nature. The same decision maker
appears to selectively adopt information and use a wide variety of strategies contingent on
decision properties [66]. The information display, to a large extent, can impact not only
information acquisition (i.e., what information is noticed) but also information combination
(i.e., which decision strategy is utilized to process the information), leading to higher/lower
decision accuracy and less/more cognitive effort [70]. In general, an effective information
display depends on two matches: on the one hand, the match between the importance of
information for the decision maker and the salience of the information display and, on the
other hand, the congruence between the information format and the way information is
processed. Hence, the foundation of designing information displays for user decision
improvement is gaining a deep understanding of human decision-making behavior: (1) what
information decision makers are inclined to seek, and (2) what decision strategy they utilize

to process the information.

Some researchers investigated how people use online rating to make choices. For example,
Lelis S. and Howes A. (2011) suggested that people gather more information for the best

alternative, and they take more time to inspect reviews of lower rating [50]. However, no
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clear picture exists to systematically elaborate on consumer decision-making behavior in

E-commerce, in particular, with respect to customer reviews. Most relevant studies

developed a summary of customer reviews without placing strong emphasis on human

decision-making behavior.

1.2 Objectives

1.

Investigating customer decision-making behavior in E-commerce that include

customer reviews

Firstly, we investigate user decision-making behavior at each stage of online shopping

process. More concretely, answer the following questions:

Analysis of the decision strategy that decision makers adopt

A central distinction among strategies is the extent to which they make trade-offs
among attributes. Decision strategies (such as Weighted Additive) that explicitly
consider trade-offs are called compensatory strategies, whereas strategies (like

Lexicographic) that do not make trade-offs are called non-compensatory strategies.

-RQ1: which kind(s) of decision strategies do customers adopt to process information,

compensatory strategies or non-compensatory strategies?

Analysis of the information that decision makers seek

In the E-commerce environment, each entity is described by diverse information. In
general, the information can be classified into two types — static features (such as price

and specifications) and customer reviews.

-RQ2: which kind(s) of information do decision makers seek, static features or/and

customer reviews?

To further explore the role of each type of information in more detail, we investigate

the following research question:

-RQ3: which kind(s) of information in static features and customer reviews do decision
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makers seek?

The format in which the sentiment corresponding to attributes extracted from customer
reviews is presented can also be different. Numerical values (e.g. average rating,
number of reviews) provide an easy proxy for opinions, whereas verbal values (e.g.

adjective-noun word pairs) provide reasons underlying the scores.

-RQ4: which kind(s) of values do decision makers refer to concerning the sentiments of

attributes extracted from customer reviews, numerical or/and verbal?
Designing interfaces for user decision improvement in E-commerce

Based on the analysis of the results of user decision-making behaviors in an
E-commerce environment, especially with respect to customer reviews, we can gain
insight on the data requirements and functional requirements that connect the gap
between user research and interface design. For example, the results of this formative
study show that in the process of eliminating alternatives whose values on an attribute
are below a certain value, people determine the cut-off in terms of attribute correlation.
This finding suggests that the interface should support low-cost access to information

about correlation among attributes.

Motivated by the extracted requirements, we hope to put forward specific solutions to
customer-review-embedded E-commerce interface design with the objective of helping
users effectively and efficiently glean information to make better purchasing decisions,
i.e., reducing the effort required while augmenting the decision accuracy. More
specifically, figure out two design questions in terms of both data and functional
requirements: (1) what information should be represented and (2) how to represent the
information by taking advantage of knowledge on information visualization, ensuring
that important data elements can be quickly perceived and the information format is in

congruence with the forms of information processing,
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1.3 Contribution

1. Constructing the models of user decision-making behavior in E-commerce

We conduct a formative study to empirically investigate consumer decision-making
behavior in the area of online-hotel booking. Participants are asked to perform three
tasks corresponding to the three-stage decision process: (1) choosing interesting hotels
from a list of 10 for further consideration, (2) reading detailed information about the
selected hotels, and (3) comparing candidates to confirm the final choice. To monitor
what information is acquired and how the captured information is processed, two
process tracing methods are employed: verbal protocols and computerized process

tracing.

Through the analysis of the results of the formative study, we classify online customers
into 4 types in terms of the decision strategies they used and identify the similarities
and differences between different types of users in the decision strategy they utilize to
process information and the information they are inclined to seek, in the three stages of
online purchasing. Then, we create a set of personas encapsulating the key findings,
many of which have not yet been exploited in the design space. The user models lay
solid groundwork for generating new, previously unconsidered designs for customer

purchasing decision improvement in E-commerce.
2. Translating knowledge of user decision-making behavior into interface design

Concerning user decision-making behavior in the stage of screening out interesting
alternatives, we find that: (1) the majority of customers began by eliminating
alternatives with values for an attribute below a cut-off to simplify the complexity of the
choice; (2) in addition to static features (i.e., product’s specifications), 68.1% of
participants (31/47) eliminated options in terms of customer reviews; and the number
of users who adopted opinion attributes (i.e., attributes extracted from customer
reviews) is significantly higher than that using the overall review score; (3) the cut-off
value of an attribute is conditional on the value distribution of the attribute and the

correlation among attributes. Grounded in these decision-making behaviors, we derived
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design  requirements and framed two alternative designs for an
opinion-attribute-embedded filter panel based on checkboxes and sliders. In the
checkbox interface, the filter for each attribute is represented in the form of an array of
N checkboxes, which is utilized in most E-commerce websites. Each checkbox denoting a
certain value range on this dimension is followed by the number of entities with values
within the range. In the slider filter, the filter for each numerical attributes (e.g., price
and opinion attributes) is represented by a modified slider, which visualizes the
distribution of an attribute via bars and the correlation among attributes via

simultaneous change.

After narrowing down alternatives to a smaller set, 40% of participants (20/50) adopted
a more compensatory strategy — Weighted Additive Difference, i.e., comparing the
remaining alternatives on multiple attributes and selecting the alternative with the best
overall value. More notably, both participants who selected alternatives by a single
attribute and those making decisions by multiple attributes depended highly on opinion
attributes. Grounded in these user decision-making behaviors, we developed a
multi-attribute sorting embedded with opinion attributes for online shopping.
Furthermore, the multi-attribute sorting panel was expanded to three alternative
designs that mainly differ in the way of eliciting relative importance for attributes: (1)
direct assessment, asking users to directly assign weights to attributes; (2) indifference
method, modifying one of two sets of stimuli until subjects feel that there is no
difference between the two; and (3) indirect measurement, giving relative preference

on a pair of alternatives.
Testing and verifying the effectiveness of the design solutions

We empirically proved the superiority of our design solutions in terms of measuring
whether they could be ideally beneficial to E-commerce websites regarding improving
customer decisions by asking users to perform several tasks requiring interaction with

the system.
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The first user study compared two alternative designs for an
opinion-attribute-embedded filter panel, called checkbox interface and slider interface.
The results show that in both interfaces, people depended highly on opinion attributes
to narrow down the range of alternatives, which points to the effectiveness of
incorporating opinion attributes in filters. In addition, the slider interface, which
visualizes the value distribution via bars and attribute correlation via simultaneous
change, obtained significantly higher user assessments in terms of perceived decision

accuracy, perceived ease of use, satisfaction and intention to use.

Three alternative designs for an opinion-attribute-embedded sorting panel that
primarily differ in the way of eliciting relative importance (i.e., weight) of attributes,
called direct assessment, indifference method, and indirect measurement, were
compared in the second user study. Through analysis of objective and subjective
measures, the effectiveness of multi-attribute sorting function was verified, whereby,
on average, more than 80% of participants sorted options by more than one attribute in
three interfaces. Users gave significantly higher ratings to the direct way than to the
indifference method and indirect measurement regarding perceived decision accuracy,

cognitive effort, satisfaction and intent to use.

1.4 Overview of the Thesis

The content is organized as shown in Figure 1.1. We first introduce related research on the
summary of customer reviews and human decision-making theory (chapter 2). We then
describe the details of the formative study (chapter 3), including the experiment setup,
materials and participants. The analysis of consumer decision-making behavior follows
(chapter 4), which provides practical implications on E-commerce interface design. In terms
of the implications, we develop concrete design solutions to the E-commerce that involve
customer reviews to improve customer purchasing decisions (Chapter 5). Finally, through
two user studies (chapter 6 and 7), we test and verify the effectiveness of the design

solutions. A brief introduction for each chapter is listed below:
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Literature review

Chapter 2

State-of-the-art

v

Analysis of user decision-making behavior

Chapter 3 Chapter 4
Formative Study Modeling

v

Development of original design solutions

Chapter 5
Interface design for
screening out interesting alternatives

Evaluation of the design solutions

Chapter 6 Chapter7
Experiment on customer-review- Experiment on customer-review-
embedded filter embedded sorting

Reflection
Chapter 8
Conclusion
Figure 1.1 Framework of the thesis
Chapter two

In this chapter, we begin with the study of representations of customer reviews in current
E-commerce websites and relevant research. Because online purchasing can be interpreted
as a three-stage decision making process, in light of human decision-making theory, we
propose that an in-depth understanding of customers’ decision making behaviors serves as the

foundation of effective information displays for helping users make better purchasing decisions.

Chapter three

We conduct a formative study to empirically investigate customer decision-making behavior
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in the three-stage decision process in the environment of online hotel booking. 50
participants are involved in performing three tasks corresponding to the three-stage
decision process. To monitor what information is acquired and how the captured
information is processed, we use two process tracing methods: verbal protocols and
computerized process tracing. Interfaces that aggregate information from customer reviews

are developed to support the three different tasks.
Chapter four

In this chapter, we begin to analyze the collected data to understand user decision making
behavior in E-commerce. Firstly, we carry out single-case analysis, i.e., transcribing
individual behavior by coding observed action in terms of a set of Elementary Information
Processes (EIPs) and corresponding verbal protocols. Then group and compare the
individual cases to identify user decision making patterns in the three-stage process, known
as cross-case analysis. Finally, we create four personas that are composite models

encapsulating the critical findings.
Chapter five

This chapter focuses on the interface design for screening out interesting alternatives. The
design process is organized as follows. Firstly, based on the personas built in preceding
chapter, we depict idealized interactions between personas and system, referred to as
context scenarios, from which design requirements are extracted. Further, we introduce the
status quo and limitations of interfaces in current E-commerce websites and then go on to
describe in detail the steps of generating design solutions to three parts: the filter panel,

sorting panel and details panel.
Chapter six

We performed a user study to compare two alternative designs for an
opinion-attribute-embedded filter panel in the area of online hotel booking, called
checkbox filter and slider filter. 52 participants were recruited to perform two tasks which
were randomly assigned to the two compared interfaces. Both objective measures (e.g.,

task time) and users’ subjective perceptions were collected in the experiment. It verifies the
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effectiveness of incorporating attributes extracted from customer reviews in the filter panel,
and the modified slider filter (visualizing the distribution of an attribute via bars and the
correlation among attributes via simultaneous change) achieved significantly higher user
assessments in terms of perceived decision accuracy, perceived use of use, pleasantness to

use and intention to return.
Chapter seven

In this chapter, we compare three alternative designs for a multi-attribute sorting panel that
primarily differ in the way of eliciting relative importance of attributes, called direct
assessment, indifference method, and indirect measurement. Online hotel booking is
adopted as the test domain. Through analysis of objective and subjective measures, the
multi-attribute sorting function embedded with opinion attributes is verified to be effective.
Moreover, the direct way outperforms the indifference and indirect ways regarding
perceived decision accuracy, cognitive effort, satisfaction and intention to use in an online

environment.
Chapter eight

Motivated by the results of the above user studies, we have derived a set of guidelines on
how to design interfaces for user decision improvement in E-commerce. Then, we point out
the limitations in our research and propose several relevant research topics that we can

work on in the future.






Chapter 2
State of the Art

In this chapter, we begin with the study of representations of customer
reviews in current E-commerce websites and relevant research. Because
online purchasing can be interpreted as a three-stage decision making process,
in light of human decision-making theory, we propose that an in-depth
understanding of customers’ decision making behaviors serves as the
foundation of effective information displays for helping users make better

purchasing decisions.
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2.1 Customer Reviews in E-commerce Websites

Most E-commerce websites, such as Booking and Amazon, provide an overall review score
for each entity. Users can filter or sort alternatives to screen out interesting choice(s) for

further consideration (see the blue boxes in Figure 2.1).

Checkoutdale Sortby: Price ¥ Stars ¥ Location ¥
|[*] 2 Octover 2014

B —— Pentahotel Beijing @ veusenear © 1012 Very good 8.0
Dongcheng. Beiing Score from 914 reviews

Guests | 2 adulis, 0 children v

Popular now! There are 8 people looking at this hotel.
Latest booking: 11 minutes ago

«, PENta Double or Twin Room FREE cancellation - PAY LATER
i

5
~ Price (per night) & Beijing Prime Hotel Wangfujing Very good 8.1
[ €0-€49 Walue Deal 201 Scare from 260 reviews

Dongcheng, Besijin:

There are 3 people looking at this hotel.
Latest booking: 1 hour ago

[1€200+ a2 + & Superior Double or Twin Room FREE cancellstion - PAY LATER €860
¥ Deal
» Star rating
» 5 3 =
Meals Some of these properties offer lower rates. n in to instantly reveal 6 deals and
» Property type discounts of 10% or more.

* Review score

) Superb: 9+ (7)

8 Beijing Leo Courtyard Good 7.3
Xicheng, Beijing Score from 141 reviews

1 persen is looking at this hostel

y good: 8+ (90)

[ Good: 7+ (239
() Pleasant: 6+ (466)

) Mo rating (28

Latest booking: 3 hours ago

We have reserved our last available room at this property

» Facility

¥ Room facility

— & Yuan Jia International Apartment Good 7.1
@ Value Deal © 210 Score from 128 reviews
Dongeheng, Beijin:

» Hotel theme

» District

¥ Chain

Latest booking: 4 hours ago

(a) Booking

1-12 of 1,718,204 resulis for Books - Business & Money

Show results fo Format: Paperback | Harocover | Kingie Edition | Audible Audio Edition | Printed Access Code | See more
New Releases i E
Last 30 days The Ambitious Woman: What It Takes and Why You Want to Be One
Last 90 days {2 Esther Spina
Coming Soon Harde il

$17.90 Prime ) i N
e $14.90 s & nove (22 ol
Business & Money
Accounting Kindle Edition
Biography & History $9.99
Business Culture deliv
Eeonomics '
Education & Reference = Virtual Freedom: How to Work with Virtual Staff to Buy More Time, Become More Productive, and Build Your Dream. ..
Finance [vinruad raceoon] Chris Ducker
Human Resources Paperback 31
Industries $13.21 $16.95 Prime EE Shippin " s
Insurance =G et it by Monday, Dec 29 ¥ on orders over §:
International 8. »
Investing $9.91 used & new ffer:

Job Hunting & Carsers

Management &
Leadership

Marketing & Sales
Personal Finance

Kindle Edition
$9.99

ials. Audible Audso Edition. Audio CD

e The Promise of a Pencil: How an Ordinary Person Can Create Extracrdinary Change nar
Avg. Customer Review THE PROMISE et ry ry g
&Up -
Lup Hardeover 651
$19.08 $25.00 Prime .
&Up Get it by Monday, Dec 20 ERESEER i Nonprafit Organizations & Charities
&Up More B hoi Trade-in ehgible for an Amazon gift card
$7.46 used & new (75 offer 2 et o
Kindle Edition
$11.04

(b) Amazon

Figure 2.1 FrontPage of E-commerce websites



After entering the detail page, in

Review score
Based on 103 reviews

8.8

addition to an overall review

score of the hotel, Booking

Score breakdown

. Cleanliness 9 B 1
provides an average score for
Comfort 9.2
each attribute, e.g., cleanliness Locaton 88
. Facilities 89
and comfort (see Figure 2.2).
Staff 8.3
Prospective buyers can 86
WiFi

manually read a few reviews
sorted by date to form a

decision regarding the entity [31].

Show reviews from: Groups of friends (103) [v]

Showing 1-10

Virendra .
o China n Exceptional

Group of friends

11 July 2014
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Next page

Helpful?

really good one hotel. near by a very good market

metro station available out of the hotel

Hakan
Good

Group of friends
3 Location

© Breakdast just ok

Popovic Cavd

= Netherlands
Group of friends

5 Beautiful hotel, with a nice facilties, (specialy
swimming pool area). Good value for money.

22 June 2014

12 June 2014

Helpful?

© Staff hardly speaks any English. Food it OK but

could be better.

Volker
Group of friends
Fitness center and Location

Figure 2.2 The detail page in Booking

30 May 2014

Helpful?

Amazon allows readers to vote on the usefulness of posted reviews, facilitating users to

sort customer reviews by users’ votes on usefulness (see Figure 2.3). However, there are

several limitations of ranking reviews in this manner: (1) the helpful votes are accumulated

over a long period of time; hence, the important information in recent reviews tends to be

missed [31], and (2) the amount of data can still be overwhelming and users cannot obtain

an overall summary but rather must read them one by one.

Customer Reviews

“ This a great book to learn design patterns that apply to Android Apps design. ™
Etienne Savard | 8 reviewers made a similar statement

5 star 22

4 star 3 “ Ifyou are a UX designer, developer, product manager or visual designer, get this book and develop a common voeabulary you can
3 star 1 use to communicate with your peers. ™

2 star 2 PeachyPearGrapple | 4 reviewers made a similar statement

I found this book detailed and descriptive.

Jackson Quach | 2 reviewers made a similar statement

See all 28 customer reviews

Most Helpful Customer Reviews

12 of 14 people found the following review helpful
Joioioiode Great author, great book, great content Iarch 12, 2012
By Alan Millar

Format Paperback

| just got out of an 8 hour course called Android Design Patterns: Interaction Design Solutions for Developers at SXSW Interactive. Greg
covered a huge swath of mobile patterns and anti-patterns using content that he noted was also in the book. It was clear that the class
could not cover everything that is covered in the book. And while it is called Android Design Patterns, Greg provides many examples
from iOS and notes which is a better pattern. and when to borrow from examples that originated in one or the other to improve your
designs in either system. Greg was a tireless and committed instructor and I'm sure Il be as impressed with his book as | was with his
seminar. which was worth the $800 price of the entire conference

Comment | Was this review helpful to you? | Yes No

4 of 4 people found the following review helpful
Jodofolode Straightforward, Highly Useful niay 20, 2012
By Marti in Allen

Format Paperback

This is a book for U designer/developers who need straignt talk and solid visual examples of Android Ul best practices. Unlike another
reviewer, | did "not* expect this book to contain code samples; in fact, | would have been annoyed if it had as there are plenty of
resources that discuss Android development. What | needed, and what this book delivered beautifully, were real world Ul solutions that
could be immediately applied to improve my application designs

The discussions and examples provided are particularly useful if you are a designer/developer who also works on i0S apps. Starting

from necessary changes to the launch icon, the book moves step-by-step through the various elements and interactions. making
comparisons between major mebile operating systems along the way.

Figure 2.3 The detail page in Amazon

Most Recent Customer Reviews

Exactly the kind of book | was looking for. The
pictures. the demonstrations. and the discussion
were all perfect. Read more

Published 13 days ago by Garrett Lutirell

Yolololo/c Quick read leaded with helpful
insights to the UX process for mobile...

This book was the text for a Certificate Program
that | participated in taught by the author. My
first thought was "oh great android. Read more
Published 26 days ago by jac

Yriclc/olc Greatfor UX designers

‘Wonderful content. simple to understand
inspiring and well written. Anti-patterns are
helpful along with the patterns we should use for
all of the android apps we make

Published 26 days ago by art-c

Yolciclcls Provides very good basic
knowledge on mobile Ul design

| like the start of the book. it provides some
basic information about U | design and Android
Ul patierns. Read more

Published 1 month aga by Akin B
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2.2 Literature Research on the Summary of

Customer Reviews

The overall score does not necessarily reveal a product’s quality and may provide
misleading information [39]. An attribute of a product that is important for customer A and
thus has an important impact on the total influence might be irrelevant for customer B [64].
Thus, people process information in an attribute-driven manner, which means, people
examine the attributes of a product to evaluate whether the product fits their desire. In
addition, the sentiment expressed by reviewers toward each attribute helps demonstrate

the suitability of the product.

To facilitate the attribute-driven evaluation of a product, a number of systems summarize
the information in user reviews by extracting features and associate sentiment toward each
feature, referred to as feature-sentiment summarization. Researchers have presented
different approaches for conveying that knowledge to users. Most systems describe
sentiment toward each feature by an average rating or rating distribution. Because people
tend to verbalize their impression with short descriptive phrases, several recent systems
provide a summary of reviews using adjective-noun word pairs, which allows users to

quickly explore the reviews in greater detail.
2.2.1 Bar chart

Liu et al. (2005) used bar charts to show the percentages of reviews that express positive
(above X'aXiS) and nEgative (bEIOW po?iﬁj Picture Battery Zoom Size Weight

x-axis) opinions on the features of a

camera, with the bar’s height H H HI
uI il B

representing the number of mentions

[52]. It supports a side-by-side and

negative Digital Camera1 ]  Digital Camera 2 I

feature-by-feature comparison of

o ) Figure 2.4 Bar Chart customer review summary
consumer opinions on competlng

products (Figure 2.4).
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Carenini et al. (2009) developed a stacked bar chart based on Liu et al.’s work to visualize
the opinions on each summarized feature [15]. Each bar corresponds to a polarity category
(from -3 to 3) and its height represents the quantity of that opinion. It facilitates users to
compare opinions on single feature, as well as the overall entity (Figure 2.5). However, the
bar chart visualization is more favorable for comparison across fewer entities (around two),
which might be limited in real cases. Further, these bar chart designs do not convey verbal

information (i.e., opinion words associated with features).

1
el

Cyberdyne

Figure 2.5 Stacked Bar Chart customer review summary

2.2.2 Tree map

Carenini et al. (2006) also summarized user reviews in the form of a Tree map which
represents a feature as a rectangle with nested rectangles corresponding to the
descendants of the feature, so user can explore the hierarchy and details of a feature by
zooming in corresponding rectangle [14]. Simultaneously, the frequency and sentiment of
features are represented by varying sizes and colors (green for positive & red for negative),
respectively (see Figure 2.6). If a feature has a larger size and darker red color, it suggests

that a larger number of customers are not satisfied with this feature.

Figure 2.6 Tree Map customer review summary
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2.2.3 Tag cloud

Although the rating gives readers a quick understanding of how much an entity is liked or
disliked, it does not offer information about why that rating was given. Several recent
systems use adjective-noun word pairs to summarize the sentiment (adjective) towards
each feature (noun), which allows users to explore reviews in greater detail [41]. Yatani et
al. (2011) provided a brief overview of reviews in the form of adjective-noun word pairs,
using the font size and color of each word pair to represent the number of occurrences and

sentiment. The user interface does

Jerry's
not arrange word pairs in specific V2 B B Ak @
2011 Paper St., Vancouver BC |
(111) 222-3333 www.chi2011.org
order but based on tag cloud. Users Hours: Mo - Sa 100am- 1100 o e (18 Peemie SEEARERATHE
Takoout voe Delvery: N, | Wby trelr malg s
- One amazing dish was a grilled

can quickly explore the original

chicken....

|
Great food “°™°°
Crowded place Amazin h Nice people
Mushroom cream soup Long line

reviews by clicking the

adjective-noun (see Figure 2.7). The

results of a user study show that R ——T
participants could form detailed S EE——— Trmmmm——
impressions and make decisions Figure 2.7 Tag Cloud customer review summary

significantly faster [93].

2.2.4 Highlighting

Huang et al. (2013) presented sentiment toward each feature in the form of an average

rating, allowing users to rank

Food 4.2 (mighugnt;
entities based on a feature rating. Service as mghighy
4.4 {Highlight}
The system also automatically
H H This is the best tasti hil food I've had here. Lai Lai is still on the list t , and
h Igh | Ights Sentences that are Cr:tiI:gs?s ::e :I‘SI:Irglfgfacvcl:;ii:. ?ﬁls bvrti:ngas. m:l;fackalto ?I:;sgsot(l)dc:)r:e deayI: wﬁ:nry!::y ran

Mandarin Wok. Self-service so it operates a little differently than what most people are used
to. Food was top notch, served family style, and reasonably priced.

related to relevant features, to

overa 5 food 5 sernvice 5 orice 5

Went with a large group for a birthday celebration, ended up ordering family style. Everything

Create a ba Ia nce betwee n 'was fantastic, especially the stick fried tofu and the pork buns. Fantastic place to go with a
large group, but just make sure to bring cash to split the bill. Overall, the best Chinese food
I've had, bar none. A bit on the expensive side, but well worth the cost.

reducing the information L @

5 food 5 service 5 price &

overload and providing the Figure 2.8 Highlighting customer reviews
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original context expressed by review writers (see Figure 2.8) [42].
2.2.5 Hybrid

Hu et al. (2013) developed a system (see Figure 2.9) that is made up of three parts: (a) a
set of aspect-based blocks, (b) a system-extracted review snippet, and (c) the full text of the
review. The aspect-based block includes the aspect name, adjective-noun word pairs
describing the aspect (in the form of tag cloud), and a set of colored squares, each of which
represents a review using color to indicate sentiment (positive, neural and negative).
Referring to aspect-based blocks, users can obtain a visual summary by hovering over
adjective-noun word pairs. Then, by clicking relevant highlighted squares, users can see the
associated snippets and even the full context of original reviews [40]. The results of the
user study showed that the majority of users correctly understood the aspects the system

provided and their associated sentiment and found specific details of the product.

Kindle Fire reviews Clear reviews

screen ¢
/

W

Is it just me or do others agree? highly glossy

screens are very annoying. | find it very distracting

to use anytablettype device with an ultra reflective

glossy screen and the Kindle Fire is one ofthem. |

had high hopes when the description said they

app used an anti-reflective screen, nope. it's like
looking into a mirror

| have so much fun playing games on it, and the
D selection of apps that are available to download ta
k my Kindle Fire is amazing

book | \\_, b

a

Figure 2.9 Hybrid customer review summary



In Table 2.1, the above works on summary of customer reviews are listed. For each, we indicate the format in which sentiment is presented (e.g., average

rating, rating distribution, or adjective-noun word pairs), and ways of linking to raw reviews.

Table 2.1 A summary of research on the representation of customer reviews

Summary of customer reviews

Link to raw reviews

Raw reviews

Hu et al. (2013)

(presented by bar chart)

noun

\4
Frequency (presented by font size)

word pair

Filter Sorting
Goodreads . . . usefulness .
rating distribution rating raw reviews
Amazon release date
Sentiment po ale
. Feature -3 -2 -1 0 1 2 3
Carenini et al. e . > 1 ( ted by bar chart)
(2009) d requency (presented by bar char
Sresturer
Sentiment e
. Feature Tem T summarized
Carenini et al. T .
ed fe e average rating is represented by color aspect raw reviews
(2006) o
(by zooming in)
od fe S [
Sentiment ofe) e eutra egative
Feature adj. adj. diecti
. - adjective-noun .
Yatani (2011) noun —» frequency (presented by font size) Jectiv . ! raw reviews
word pair
oon |
Sentiment Aaraon
Feature o= SO
Huang et al. ed fe € average rating is represented by 5-point scale summarized rating score highlight feature- related
(2013) 8 B R Yo feature € sentences
Sdfeaturen e
Sentiment po e eutra egative
Feature adj. adj.
noun ——» frequency adjective-noun highlight sentences that

are related to relevant
adjective-noun word pair
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2.3 Three-stage Decision-Making Process of

Online Purchasing

From the perspective of customers, online purchasing can be viewed as a decision-making
process that requires a decision maker to make a choice between two or more alternatives
(note that choosing nothing can be viewed as making a choice) [49]. In most conditions,
customers identify the need for a product or service without specific requirements on
which one to buy [61]. For example, a buyer who wants to purchase a case of wine for
dinner party has not yet specified which type of wine is required; accordingly he/she needs
to select interesting one(s) from a range of options that satisfy his/her desire. In this paper,

we will focus on online purchasing behavior under such conditions.

Chen (2010) interpreted the above decision-making process in an E-commerce environment
as a precise, three-stage decision process: (1) narrowing down available alternatives and
selecting one(s) that is worth further consideration, (2) reading detailed information about
the item selected in the preceding stage and deciding whether to take it as a purchase
candidate, and (3) comparing several candidates and making the final choice [17]. The
transition between the three stages does not follow a rigorous linear order; it is iterative in

nature. However, on the whole, the process does follow an approximate sequence (see

Figure 2.10).
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Figure 2.10 Three-stage decision-making process of online purchasing
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We take consumer’s decision-making behavior in book online stores as an example. At the
start, a consumer has some initial preferences in mind, e.g., looking for a book about
graphic design. A list of books in this category is presented; he/she selects interesting one(s)
for in-depth reading (Stage 1). When the detailed information of a book is shown to the
consumer, he/she evaluates the book and decides whether to save it as a purchase
candidate, e.g., adding it to the shopping cart (Stage 2). Then, the user would return to
stage 1 for another selection; the iterative cycle between stage 1 and stage 2 continues
until a set of candidates is determined. At this point, the user compares the candidates and

makes the final choice (Stage 3).

2.4 Human Decision Making Theory

Because online purchasing can be viewed as a decision-making process, we refer to human
decision-making theory to study how to display information to improve purchasing

decisions.

A decision making process can be viewed as multiple, interacting stages that fall between
decision task representation and expression of a decision, including information acquisition
and interpretation, and information combination leading to an evaluation (see Figure 2.11)
[69]. Decision makers cycle between the two stages — information acquisition and
interpretation (i.e., noticing aspects of the choice set) and information combination (i.e.,

deciding how to exploit those aspects) [70].

Information acquisition

Decision Task and interpretation Expression of
Representation l, T a Decision

| Information combination |

Figure 2.11 Decision making process

2.4.1 Classical decision theory

Classical decision theory, which is developed from normative models in economics and

statistics, focuses heavily on the notion of rationality.
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Decision makers are assumed to properly process all relevant information about the
available alternatives and explicitly consider trade-offs among values, i.e., explicitly decide
the extent to which a good value on one attribute can make up for a bad value on another,
to choose an optimal alternative on the basis of an invariant strategy such as expected

utility maximization.
2.4.2 Adaptive decision behavior

However, many works have demonstrated the lack of invariance in human decision
behaviors in reality, which violates the prescriptions of classical decision theory. Individuals
display a great deal of flexibility in making decision. The same decision maker appears to
selectively adopt information and use a wide variety of strategies contingent upon decision
properties (e.g., the complexity of problem, the response mode, the information display,
etc.) [66, 80]. For example, decision maker tends to be more selective in the use of
information and adopts non-compensatory strategies when faced with a larger number of

alternatives, attributes or greater time pressure.

Given the extensive evidence on adaptive decision behavior, it is important to identify
framework that can help explain why adaptive processing occurs. Two major frameworks,
within which adaptive decision behavior might be understood, the perceptual framework
and accuracy-effort framework are summarized [68]. The two frameworks complement
each other by providing insights into different stages of the decision-making process. The
perceptual approach has much to say about which information is noticed, whereas the
accuracy-effort framework is more relevant for the decision strategy that decision makers

utilize to process information.
1. Perceptual framework

In classical decision theory, it is assumed that people notice all properties of the
decision task. Unfortunately this may not always be the case. Due to limited cognitive

abilities, users can not process all available information. Hence, selectivity is necessary.

Two major determinants of which information is selected are the voluntary goal-driven

aspect and involuntary perceptual aspect [9]. The voluntary goal-driven aspect means
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that decision makers devote more attention to information that they believe to be
helpful to current goals (i.e., exemplifying the “diagnosticity” aspect in Feldman and
Lynch’s accessibility-diagnosticity framework). Attention also may be involuntarily
captured by perceptually salient information, referred to as the involuntary perceptual
aspect (i.e., labeled as the “accessibility” aspect in accessibility-diagnosticity framework

[25]).

Particular information representation can make some information more salient and
accessible for decision makers. For example, Felferig et al. (2007) indicated that product
explanation positioned at the beginning and at the end of a list of explanations are
remembered more often than those in the middle of a list [27]. Mandel and Johnson
(1999) provided an example that one version of online furniture selling had a
coin-background and the second version had a cloud-background. Users who interacted
with the first version chose significantly less expensive products than those who
interacted with the second version [56]. Phenomena that are relevant to the impact of

information format on information acquisition and interpretation are listed in Table 2.2.

Table 2.2 Impact of information display on information acquisition

Effect Content
Decision is always made depending on the context in which alternatives are
Context
compared. Additional irrelevant items (e.g. asymmetric dominated one)
effect[81]
significantly trigger change in decision, which is against optimal decision model.
primacy Information units at the beginning and at the end of a list are analyzed more

effect [27] | often than information units in the middle of a list.

If special decision attribute is made more accessible in memory (e.g.
Priming
emphasizing through webpage background), which can manipulate attribute
[56]
weights and ultimately influence decision.

Framing The different way in which decision alternatives are represented (e.g.
effect positive/negative framing) causes a shift in preference for identical alternatives,

[51,89] i.e. risk aversion in positive and risk seeking in negative framing condition.
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2. Accuracy-effort framework

Rather than one invariant approach to solving choice problems, the same individual
appears to utilize a variety of strategies when making decisions. The accuracy and effort
characteristics are different across strategies for a given decision environment and
different across environment for a given strategy [9]. Strategies yielding more accurate
decision are often more effortful, and strategies that need less effort tend to yield
lower levels of accuracy. Figure 2.12, developed by Bettman et al., shows the relative
accuracy (normalized by the accuracy of weighted adding) and effort (in total
Elementary Information Process) for five strategies: weighted adding (WADD), equal
weight (EQW), lexicographic (LEX), eliminate by aspect (EBA), and random choice (RC)

[9].

WADD
10 O ‘
BEQ‘\?{ Preference Function
a 75 \“\2\/
Q
LEX T
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o
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Q
<
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Effort (Total EIPs}
Figure 2.12 The Accuracy-Effort framework of decision strategies

A decision maker selects a strategy as a result of multiple, potentially conflicting goals
(i.e., maximizing accuracy and minimizing effort) depending on the relative weight
(importance) he/she places on the goal of making an accurate decision versus saving
cognitive effort, denoted as the preference function in Figure 2.12. In other words, the
choice between decision strategies can be assumed as a trade-off between benefits (in
terms of decision accuracy) and costs (in terms of cognitive effort) [34]. Some of the

most commonly used strategies are listed in Table 2.3.
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Table 2.3 Decision Strategies

Strategy

Content

Weighted

Adding

Assess the importance of each attribute, assign a subjective value to
each attribute level, then multiply each attribute’s subjective value by
its weight and sum all attributes to obtain an overall value for each

alternative.

Lexicographic

Select the alternative with the best value on the most important

attribute.

Satisfying

Alternatives are considered sequentially, if values of all attributes of
an alternative meet predetermined level, then the alternative is

selected instead of comparing all alternatives.

Elimination-by-a

spect

Eliminate alternatives that do not meet the cutoff value for the most
important attribute, the elimination process is repeated for the

second most important attribute.

Majority of
confirming

dimensions

Two alternatives are compared in terms of the value of each attribute,
the alternative with a majority of better attribute values is retained,

and then the retained alternative is compared to the next alternative.

Combination of

strategies

Decision makers also use combinations of strategies. One frequently
observed combination is an initial use of EBA to reduce to several

alternatives, which are then analyzed by more compensatory strategy.

2.4.3 Effects of information display on decision behavior

The adaptive nature of decision making behavior provides the insight that information

display can impact not only information acquisition and interpretation (i.e., what

information is noticed) but also information combination (i.e., which decision strategy is

utilized to process information), leading to higher/lower decision accuracy and less/more

cognitive effort.
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In the following, we elaborate the effects of information display on decision accuracy and
effort at each stage and derive design implications to help decision makers increase the

accuracy of choices and reduce the effort required by changing the information display.
1. Information acquisition and interpretation

Firstly, referring to the completeness of an information display, an insufficient

information display can blind a decision maker to myopic, uninformed decision [69].

Moreover, merely presenting all necessary information to decision makers is not
enough. An information display may make it difficult for decision makers to assess some
properties of decision information. MacGregor and Slovic, (1986) provided evidence
that decision makers tend to ignore important information simply because the most
salient information is not diagnostic or important for decision makers, leading to bias in
information selectivity. When more important information is more salient in display
features, the judgmental accuracy is greater [55]. In addition, making important
information more salient can help users pay enough attention to the subset of
information that is crucial, which can mean that a decision maker is not overloaded with
too much information. Accordingly, it is important to consider the match between the
relative importance of information for decision makers and the salience of information
display, in other words, making important information more salient. Otherwise

potential problems in information acquisition and interpretation will arise.

Implication: based on the impact of information displays on decision accuracy and effort
during information acquisition, we learn that making better decision is guaranteed by
both a completeness of information and a match between the importance of
information for decision makers and the salience of the information display, i.e.,
providing important information using formats that make it salient and easy to process.
Hence, it is crucial to learn what kind(s) of information decision makers are inclined to
seek, and which kind(s) of information are particularly important for decision makers

when making decisions.
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2.

Information combination

The effort associated with a particular operation would certainly be expected to vary as
the information format varies [83]. Some Information displays can exacerbate
difficulties individuals have in executing certain decision strategy. Coupey (1994)
provided an example considering how difficult it would be to compare attribute values
across alternatives if information were represented in different units within an attribute
(e.g., warranty in weeks, months or years) or information on an attribute appeared in
different columns for each alternative [20]. Russo (1977, 1991) showed that sorting the
available brands by increasing unit-price helped consumers make more accurate
decisions with less effort compared with the unit price displayed on separate tags under
each item because it made price comparison easier for shoppers [74,78]. Hence,
decision effort can be reduced by improving the congruence between the format and
organization of information and the way in which users process information and make

decisions (known as reactive approach).

Because different information formats can make some forms of processing easier and
less effortful than others, processing encouraged by the format will be more likely. If
the encouraged form of processing is not an improper one for the particular
environment, the effect of the information display will be lessened, e.g., resulting in
potential accuracy losses. At the information combination stage, decision makers often
avoid making explicit trade-offs, relying instead on an array of non-compensatory
decision strategies. Todd and Benbasat (1991) provided evidence that decision maker
can be directed toward the use of compensatory processing by reducing the relative
effort needed to execute certain operations (e.g., calculation of differences between

options on various attributes) [87], referred to as proactive approach.

Implication: we are able to (1) understand how decision makers are currently
processing information and arrange information displays to make that information
processing easier, and (2) if the decision strategy adopted is not efficient or proper,
reduce the effort needed to execute certain operations that lead to more accurate

decisions [70].
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To recap, to explore what information should be represented and how to represent
information to augment decision accuracy while reducing effort required, our primary task
is to investigate consumer decision-making behavior: (1) which kind(s) of information
customers are inclined to seek, which kind(s) of information are particularly crucial for
decision makers when making decisions, and (2) which kind(s) of decision strategies do they

utilize to process the information.






Chapter 3
Formative Study

To explore what information should be represented and how to represent
information to enhance users’ decisions in E-commerce (i.e., reducing the
effort to make purchasing decision while augmenting the decision accuracy),
we take online hotel booking as an example to investigate customer
decision-making behavior in the three-stage decision-making process. 50
participants are involved in performing three tasks corresponding to the three
stages. To monitor what information is acquired and how the captured
information is processed, we use two process tracing methods: verbal protocol
and computerized process tracing. Interfaces that aggregate information from

customer reviews are developed to support the three different tasks.
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3.1 Research Questions

3.1.1 Analysis of the decision strategy that decision makers adopt

A central distinction among strategies is the extent to which they make trade-offs among
attributes. Decision strategies (such as Weighted Additive) that explicitly consider trade-offs
are called compensatory strategies, whereas strategies (like Lexicographic) that do not
make trade-offs are called non-compensatory strategies. We first study the following

research question:

-RQ1: which kind(s) of decision strategies do customers adopt to process information,

compensatory strategies or non-compensatory strategies?
3.1.2 Analysis of the information that decision makers seek

In the E-commerce environment, each entity is described by diverse information. In general,
the information can be classified into two types — static features (such as price and

specifications) and customer reviews.

-RQ2: which kind(s) of information do decision makers seek, static features or/and

customer reviews?

To further explore the role of each type of information in more detail, we investigate the

following research question:

-RQ3: which kind(s) of information in static features and customer reviews do decision

makers seek?

The format in which the sentiment corresponding to attributes extracted from customer
reviews is presented can also be different. Numerical values (e.g., the average rating and
number of reviews) provide an easy proxy for opinions, whereas verbal values (e.g.,

adjective-noun word pairs) provide reasons underlying the scores.

-RQ4: which kind(s) of values do decision makers refer to concerning the sentiment of

attributes extracted from customer reviews, numerical or/and verbal?
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3.2 Tasks

To examine decision-making behavior in an E-commerce environment, we took online hotel
booking as the test domain for two reasons. First, it is feasible to recruit appropriate and
sufficient subjects to participate in the study. Most of the participants are students at
university, who would be familiar with or interested in hotel booking for vacation. Second,
the hotel domain contains abundant online customer reviews that are written with multiple

attributes in mind (e.g. cleanliness and service).

All hotel information and corresponding customer reviews used in the formative study

were crawled from Tripadvisor.com in May, 2014.

The same individual has different decision-making behaviors while interacting with
E-commerce, for example, a choice task (e.g., selecting one from a set of alternatives) offers
a more selective decision process; however, when making a judgment (e.g., whether to
save as a candidate), decision makers tend to use a less selective, alternative-based process
to obtain an overall evaluation of alternative. We design three decision tasks corresponding

to the three interaction stages.

Task 1: imagine that you will have a trip to Beijing with your friends in the summer holiday
and need to book a hostel online. The top 10 Beijing Bed and Breakfast (B&B) are presented.

Please choose interesting one(s) for further consideration.

Task 2: please read detailed information of the hostel you selected in the preceding task

and decide whether to save it as candidate, e.g. adding it to the shopping cart.

Task 3: compare the candidates you have selected to choose one as the final choice.

3.3 Research Methods

Two process tracing methods that have proven especially valuable in monitoring what
information individuals acquire and how that information is processed to make a choice are
verbal protocols and information acquisition techniques. Eye tracking, computerized

process tracing tools (CPT), and information boards [1] can be used to observe Information
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acquisition behavior. Although they are fairly straightforward in data collection, internal
cognitive processes are not directly observed. Investigators must infer the underlying
cognitive strategy from the information acquisition data, and sometimes those inferences
are not correct. In contrast, verbal protocols have been used to measure information
acquisition and processing stages directly [30]. From the concurrent verbal protocol,
experts can make it clear what information is processed in a certain manner [67]. However,
the most important point about verbal protocols is that they are difficult to analyze
formally [76]. Thus, verbal protocols and information acquisition techniques are

concurrently employed to complement each other to avoid misinterpretation.

3.3.1 Verbal protocols

Subjects are simply asked to give continuous verbal reports, “to think aloud”, while
performing the decision task. It is a straightforward method for obtaining process data,

which treats the verbal protocol as the ongoing behavior of the subject.

3.3.2 Information acquisition techniques

Eye tracking: Russo and his associates used a photoelectric sensing device and a computer

for recording and analyzing eye fixations and movement to study decision behavior [77].

Computerized process tracing: this is done by setting up a decision task so that all relevant
information is hidden in boxes until a subject moves mouse to click a box. At that time, the
box opens and the information is revealed. Only one item of information is visible at a time

[70].

Information board: this consists of a matrix of envelopes on a poster board. The subject can

pull a card out of the appropriate envelope to obtain information [66].

These procedures eliminate the possibility of the subject acquiring information from
peripheral vision, which might be the case in a more normal visual information

environment.

As to different information acquisition techniques, eye tracking requires 0.2-0.4s per

acquisition [75], whereas computerized process tracing and information boards take 1-2s



Formative Study|35

and 15-20s, respectively, to acquire the same piece of information [12, 76]. In other words,
the process underlying eye tracking is the most similar to real-world process. Compared
with information board, computerized process tracing outperforms in terms of reducing the
effort associated with the physical acquisition of information through the use of mouse.
Lohse and Johnson (1996) found that CPT increases the amount of time needed to acquire
information compared with eye tracking. As a result, subjects using CPT tend to have a
fewer number of fixations and use a more alternative-based search pattern than those
associated with eye tracking [53]. We do not have eye tracking equipment and the
differences in the decision process caused by the two information acquisition techniques
are not likely to substantively influence our research questions. For example, the nature of
our research conclusion on which information users are inclined to seek will not be changed
because all information is equally accessible. We therefore employ verbal protocols and

computerized process tracing tool to examine individuals’ decision making behavior.

With the aid of the two research methods, we can collect an array of data, comprising
recordings of participants’ interaction process with the system and comments behind each

behavior.

3.4 System Design for the User Study

To trace information acquisition behavior, we design the system with all relevant

information hidden in boxes until the subject moves mouse to click them.
3.4.1 Review summary

The systems in related research summarized customer reviews based on features and
associate sentiments. The feature-sentiment summarization has proven to be an effective
way to help users digest the massive quantity of customer reviews [40]. However, the
variances in other elements of customer reviews, for example the temporal dimension, are
not taken into account. Customer reviews of an entity may change overtime, such as “if the
restaurant improves service, the recent reviews indicate that as opposed to old reviews in

which people complain about the service” [93]. People use customer reviews differently
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depending on their helpful votes and reviewer prestige; usually customers prefer to read
reviews with a high number of helpful votes or written by knowledgeable reviewers, which

to some extent guarantees higher review quality [60, 65].

Hence, each review can be viewed as a tuple including two parts: metadata and review
content. The metadata contain three elements {post date, reviewer, helpfulness}, where
the post date is the date when the review is commented, the reviewer is the customer who
posted the review, and the usefulness is the number of customers who found the review
helpful. Content includes two elements {feature, sentiment}, where feature is frequently
mentioned aspects of a product/service and sentiment is the positive or negative

description toward each feature, as shown in Figure 3.1.

Review

Metadata

| Helpfulness I | Post date I | Reviewer| | Feature I |Sentiment |

Figure 3.1 The structure of customer reviews

In our study, we provide multiple-level exploration of customer reviews (see Figure 3.2),
which incorporates three more parameters into our review summary: post date, usefulness
and reviewer, in addition to feature and associate sentiment. More concretely, reviewers
are classified into 3 types: novice, junior contributor, and senior contributor in terms of his/

her prestige, i.e., the number of reviews he/she has posted.

Feature: because people process information in an attribute-driven manner in the absence
of actual products (e.g., online shopping) [48], we extract customer reviews from several
main aspects {location, service, value, cleanliness} in addition to an overall summary, to

facilitate attribute-driven evaluation of products.

Sentiment: the average score does not necessarily reveal the product’s true quality [39].
We present both the average rating and rating distribution toward each attribute, which

give users a quick understanding of how many customers liked or disliked the entity.
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Moreover, adjective-noun word pairs are presented to offer information about why that
rating was given and allow users to quickly explore the reviews in greater detail [93]. We
use the size and font color of each word pair to represent the occurrence frequency and

sentiment, respectively.

Distribution: above and beyond the feature-sentiment summary, users can examine the
time, usefulness and reviewer distribution of a selected subset of reviews. The distribution
is shown in the form of bar charts, with bar’s height representing the number of reviews.
For example, when users learn that there are 23 5-star reviews for location, they can
inspect their usefulness distribution (from 0 to 1 vote), time distribution (from Jan. 2011 to
May 2014), and reviewer distribution (the majority of the 23 reviews were commented by

junior contributors), as shown in the red boxes of Figure 3.2.

average number of reviews

; description
rating all  5star 4-star  3-star  2-star  1.star F
i heapaf
Overall | | a-ser | 62 | 2 | 2 | 1| 2 | 4 | [FARER reii
a near to shopping center, clubs, efc.
Location | 4 - star ‘ ‘ 59 ‘I 23 I 19 H 15 ‘| 0 H 2 | 15 min walking to metro
N some staff are rude
Service ‘ 4-star | ‘ 60 H 26 ” 20 H g ‘| 0 H 5 | friendly and efficient sta4
overpriced food
Value ‘ d4-star | ‘ 60 H 24 ” 20 H " ‘| 2 H 3 | cheap and fair hostel
Cleaniiness | 35-star | | o1 [ 14 | 28 | 12 | 7 | & | G |
o 1
‘ Usefulness (— [—] vots | ‘
. Jan May
Time 2014 ‘
‘ 2om P | [
novice junior contributor senior contributor
‘ Reviewer ‘

Figure 3.2 Screenshot of customer review summary with all boxes uncovered

3.4.2 Interface for choosing interesting hotels from a list

There is evidence that subjects tend to use non-compensatory strategies when faced with
complex (multi-alternative) decision tasks, such as elimination-by-aspects, to avoid
trade-offs among attributes [88]. Thus, in the interface for task one (see Figure 3.3), in
addition to information on each hotel, namely, static features and review summary, there
are sorting and filtering to facilitate the lexicographic heuristic (selecting the alternative
with the best value on the most important attribute) and elimination-by-aspect heuristic

(eliminating all alternatives with values for an attribute below a cut-off). In addition,
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attributes extracted from customer reviews are added to complement conventional

attributes in sorting and filtering.
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Figure 3.3 Screenshot of the Interface for task one
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3.4.3 Interface for evaluating hotels in detail

Sinha and Swearingen used a music system as an example and noted that the information
that comes into play in user decision making during this stage can be classified into three
categories: basic item information, social opinion and item sample [82, 85]. In the hotel
system, hotel name, price, address and facilities are included as basic information. Social
opinion is customer reviews from a large community of travelers. In addition to basic
information and social opinion, we use traveler photos as the item sample to enable hotel

preview (see Figure 3.4).

Huang et al. (2013) found that users prefer original context rather than purely summarized
feature descriptions through a comparison between adjective-noun pair summarizations
and review highlighting [42]. Therefore, in this interface, user can explore the raw reviews
(i.e., the textual comments) in addition to review summaries, for example, filtering raw

reviews from a large list by feature/sentiment and sorting reviews by date/usefulness.
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Figure 3.4 Screenshot of the interface for task two
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3.4.4 Interface for comparing candidates to confirm the final choice

“At this stage, the shopping cart provides a comparison matrix in the form of alternatives
(columns) and attributes (rows), with which users can perform side-by-side comparison
between multiple products. This method has been demonstrated to improve decision
quality compared with its absence [35]. Moreover, the attributes (rows) are not limited to
brief static features (e.g., hotel price, address and facility); the {feature-sentiment} pairs
extracted from customer reviews are embedded to complement {static feature- value} pairs,

to facilitate users’ comparison. Figure 3.5 provides a comparison matrix of two alternatives.

Shopping Cart

delete delete
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Price Price

Address Address
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Figure 3.5 Screenshot of the interface for task three

3.5 Procedure

The main procedure for the formative study can be divided into three steps.

Step one: At the beginning of the study, each participant was required to fill in his/her
personal background and E-commerce experience (see Appendix 1 for detail). Then, we

gave a brief introduction on the experiment and explained the interfaces to participants.
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For instructional purpose, all boxes within a given screen were uncovered, displaying their

normally hidden contents to familiarize subjects with the experimental stimuli.

Step two: before conducting the task, we allowed the participants to use the interfaces and
asked participants several testing questions (e.g., which box to click if you want to learn the
average rating of location) to make sure that they understand the hidden content of each

black box and would not randomly click.

Step three: we let participants perform the three tasks. While they performed the set of
tasks, participants were asked to think aloud and verbalize their thinking processes. The
entire session was recorded by screen recording software; all the mouse click events, the

time participants spent and verbal protocols were recorded for further analysis.

3.6 Participants

50 participants were recruited to take part in the experiment. They are students at Hong
Kong Baptist University pursuing Bachelor, Master or PhD degrees, from different
departments, such as Computer Science, Chemistry, Education and Management. Table 3.1
lists the demographic profiles of these participants. In the pre-study questionnaire, they
specified their frequency of Internet use (on average 4.96 ‘daily/almost daily’, S.D. =.23),
e-commerce shopping experience (on average 3.5 ‘1-3 times a month’, S.D. =.56), and
online hotel booking experience (on average 2.42 ‘1-3 times’, S.D. =.45). Thus, most of them

are frequent E-commerce users and target customers of online hotel booking.

Table 3.1 Demographic profile of participants in the formative study

Gender: female (26); male (24)

Average age 21-30 (46); >30 (4)

Major Computers, chemistry, management, design, etc.
Internet usage 4.96 (daily/almost daily)

E-commerce shopping experience 3.5 (1-3 times a month)

Online hotel booking experience 2.42 (1-3 times)
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The average scores for ‘internet usage’ and ’ e-commerce shopping experience’ are given on
a five-point Likert scale from 1, ”least frequent” to 5, “very frequent”, and ‘online hotel
booking experience’ is given on a three-point Likert scale from 1, “never” to 3 “more than 3

times”.






Chapter 4
Modeling

After the formative study, we had dozens of pages of notes, photos and many
hours of video recordings; therefore, we had to condense and massage them to
make sense of data, i.e., understand human behavior patterns. The entire

process is known as modeling.

Figure 4.1 provides an overview of the modeling phase, which begins with
understanding what we have heard and observed (i.e., single case study); once
this task is accomplished, we group and compare individual cases to identify
patterns and relationships and interpret what those patterns and relationships
mean (i.e., cross-case analysis); finally it is essential to develop a set of
personas. The process is iterative, rather than strictly linear, but does follow an

approximate sequence on the whole.

condense and

understant data .
organize data

. . create personas
(single-case analysis)

(cross-case analysis)

Figure 4.1 Modeling process
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4.1 Single-case Analysis

Single-case analysis focuses on understanding what we heard and observed with one

individual at a time.
4.1.1 Coding

To begin the single-case analysis of decision making behavior, we assign a category to each
observed behavior, referred to as coding. Bettman et al. (1990) proposed that decision
strategies can be decomposed into more detailed components, i.e., a set of Elementary
Information Processes (EIPs) [8], as shown in Table 4.1. In turn, based on a specific

collection and sequence of EIPs, the decision strategy participants adopted can be inferred.

Table 4.1 Elementary information processes

Read read an alternative’s value on an attribute into STM (short-term memory)
Compare compare two alternatives on an attribute

Difference calculate the size of the difference of two alternatives for an attribute
Add add the values of an attribute

Product weight one value by another (multiply)

Eliminate remove an alternative or attribute from consideration

Move go to next element of external environment

Choose announce the preferred alternative and stop the process

Thus, we transcribe individual cases by coding each observed behavior in terms of
Elementary Information Processes (EIPs) and corresponding verbal protocols (i.e.,
supporting commentary). An example of a formally coded data transcript in our study is
recorded in Table 4.2. Because move and read are perfectly correlated, we will only
consider read in our experiment. The action of acquiring information from previous
experience is shown in brackets, e.g., deciding which attribute is the most important

according to previous experience.
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Table 4.2 A sample of formally coded data transcript

Verbal protocols Elementary Information Processes
Stage 1: Screening out interesting alternatives
1. | think accessibility to attractions is the | (acquire the most important attribute)
most important, so | would like to choose | Compare hotels on their distance to
the hotel nearest to “houhai”. destination
2. Then, | will go to the detail page of the
Choose
first hotel.
Stage 2 Evaluating alternatives in detail
3. From the photo, | learn it is a typical | Read the photos and Compare with the
courtyard, which is my favorite. aspiration
4. Then, | am concerned about the customer
review on cleanliness. The average rating | Read the sentiment of cleanliness and
is high, and travelers said it is neat and | Compare with the aspiration
clean, although slightly small.
5. I will save it to the shopping cart. Choose
Stage 3 Comparing candidates to confirm the final choice
6. Ok, first | see the price of the two hotels Read, and Compare the prices across
One is HKD195, the other Is HKD275. alternatives
Calculate the Difference between alternatives
7. The difference is HKD 80.
on the attribute
8. Then, | compare the rating of cleanliness. | Read and Compare the values on another
One is 4-star, and the other is 5-star. attribute across alternatives
9. The expensive hotel is given higher rating | Calculate the Difference between the values
on cleanliness. on the attribute
10. | think the extra cost (HKD 80) is worth the
Add
higher score on cleanliness.
11. My final choice is determined. Choose
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4.1.2 The reliability of coding

Neuendorf (2002) noted [62], "given that a goal of content analysis is to identify and record
relatively objective characteristics of messages, reliability is paramount. Without the
establishment of reliability, content analysis measures are useless". To guarantee the
reliability of coding, in addition to transcribing all individual cases myself, | invited another
PhD candidate in Design to transcribe a sample set that consists of 15 randomly selected
cases. Our work was done independently. Then, based on the comparison of our separate

coding for the 15 cases, the reliability of the coding can be calculated.

For the index, to calculate reliability, there are several recommendations for Cohen’s Kappa.
Dewey (1983) argued that despite its drawbacks, Kappa should still be “the measure of
choice” [22], and this index appears to be commonly used in research that involves the
coding of behavior [4]. Hence, we calculated Cohen’s Kappa. For example, with respect to
the variable that measures whether users eliminate hotels by price, there are two sets of
judgments from coderl and coder2, where “1” means “yes” and “0” means “no” (see
Figure 4.2). The measure of agreement Kappa is .857, p<.05. In other words, the

transcriptions of the two coders are correlated for this variable.

name price_coder! | price_coder2
1 #IH 1 1
2 BEER 0 0
3 3 0 1
4 ShikE 0 0
5 SHEF 1 1
6 &illl 1 1
7 FI 0 0
i Fiz 0 0
9 E XL 1 1
10 Fig 0 0
" FalF 0 0
12 BN 0 0
13 EIE 0 0
14 R, 0 0
15 ZiHE 1 1

Figure 4.2 Screenshot of the comparison of coding

The measure of agreement of Kappa for each variable is above 0.7, which is appropriate in
exploratory studies [54], suggesting a good level of consistency between the two coders.

Disagreements in the coding were resolved by discussion.
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4.2 Cross-case Analysis

Cross-case analysis involves grouping and comparing the individual cases to identify
behavior patterns and formulate explanations for why respondents behaved as they did

and how various aspect of their behaviors are related.
4.2.1 Stage 1: Screening Out Interesting Alternatives

In stage one, users narrow down available alternatives and select interesting items that are

worth for further consideration.
4.2.1.1 Decision strategy at stage one

The decision strategies users adopted at stage one can be interpreted as four categories: (1)
Eliminate-by-aspect (EBA), (2) Lexicographic (LEX), (3) Eliminate-by-aspect plus

Lexicographic (EBA+LEX), and (4) Eliminate-by-aspect plus Additive difference (EBA+ADDIF).

1. Eliminate-by-aspect: participants retrieve the cut-off value for an attribute. Then, all
alternatives with values for that attribute below the cut-off are eliminated. The process
continues with the second attribute, and then the third, until a smaller set of
alternatives remains. They go to the detail page of the remaining options one by one. A

sample of the EBA process is recorded in Table 4.3.

Table 4.3 An example of Eliminate-by-aspect

Verbal protocols Elementary Information Processes
1. There should be free Wi-Fi in the hotel, so | (Acquire the cut-off value for facility)
eliminated all hotels without Wi-Fi. Eliminate hotels that do not have Wi-Fi
2. And | prefer to choose hotels with a score on (Acquire the cut-off value for cleanliness)
cleanliness above 4-star, so eliminate all Eliminate hotels whose score on cleanliness
hotels with cleanliness below 4-star. is lower than 4-star
3. Ok, there are four hotels left. Then, | will

evaluate the detailed information of the four Choose

hotels one by one.
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2. Lexicographic: with lexicographic heuristic, participants determine the most important
attribute and then examine the values of all alternatives for that attribute. The
alternative with the best value for the most important attribute is selected. Table 4.4

shows an example of the LEX process.

Table 4.4 An example of Lexicographic

Verbal protocols Elementary Information Processes

1. | think accessibility to attractions is the most (Choose the mostimportant attribute)
important, so | would like to sort hotels by their Compare the distance to destination of

distance to “houhai”. the hotels

2. Then, | will go to the detail page of the first hotel. ~Choose

3. Eliminate-by-aspect plus Lexicographic: this procedure is a combination of
Eliminate-by-aspect and Lexicographic. Participants eliminate alternatives with values
for an attribute below the cut-off. The process continues until a smaller number of
alternatives remains. Then, they select the alternative with the best value on the most

important attribute.

4. Eliminate-by-aspect plus Additive difference: firstly, participants narrow down the set
of alternatives in terms of Eliminate-by-aspect, i.e., setting cut-offs on attributes. Then,
the remaining alternatives are compared on multiple dimensions because no one
option best meets all of objects. Participants progressively sum the weighted
differences between alternatives on each attribute and select the alternative with the

best overall value (see Table 4.5).

Table 4.5 An example of Eliminate-by-aspect plus Additive difference

Verbal protocols Elementary Information Processes

1. First, the hotel should be near “Houhai” (Acquire the cut-off value for district)

because there are many attractions nearby. Eliminate hotels in other places

2. And the score of cleanliness should be above (Acquire the cut-off value for cleanliness)

4-star. Eliminate hotels whose cleanliness score is
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Verbal protocols Elementary Information Processes

lower than 4-star

When the above requirements are met, | am

Read and Compare the values of each
concerned with the values on price, address

attribute across alternatives
and cleanliness for the remaining alternatives.

The third one is slightly more expensive but
scores higher on cleanliness, and the Difference the value of several important
difference in distance to destinations is attributes across alternatives

unnoticeable.

| think the extra cost on price is worth the
Add the difference on each attribute
cleanliness.

Then, | will go to the detailed information
Choose
page of the third hotel.

3 /50(6%) participants adopted Lexicographic, 9/50 (18%) participants made use of
Eliminate-by-aspect plus Lexicographic, 18/50 (36%) participants screened out alternatives
by Eliminate-by-aspect, and 20/50 (40%) participants used Eliminate-by-aspect plus
Additive difference (see Figure 4.3 (left)). In a nutshell, at stage one, 30 of 50 participants
(60%) adopted non-compensatory strategies (i.e., conflict avoiding), whereas 20 of 50
participants (40%) changed to more compensatory strategies (i.e., conflict confronting [37])
with the decrease of the number of alternatives (see Figure 4.3 (right)). In the following, we
use EBA, LEX, EBA+LEX, EBA+ADDIF to denote participants who adopted corresponding

decision strategies.

LEX 6% compensatory
non-compensatory
EBA+LEX 8%
EBA 36%
EBA+ADDIF 40%
| I |

0% 10% 20% 30% 40% 50%

Figure 4.3 Decision strategies utilized in stage one
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4.2.1.2 Information Acquisition in Eliminate-by-aspect

1. 47 participants began by narrowing down the range of options by Eliminate-by-aspect
(9 with EBA+LEX, 18 with EBA, and 20 with EBA+ADDIF) to simplify the complexity of
choice. 34% (16/47) of participants eliminated alternatives by static features (e.g.,
address, price and facility), 10.7% (5/47) did so by customer reviews, and 55.3% (26/47)
of participants relied on both static features and customer reviews (see Figure 4.4 (left)).
Significantly more users narrowed down the range of options in terms of both, x%(2)
=14.09, p<.05. For different type of participants, the type of information they used is
listed in Figure 4.4 (right). There is no significant association between the type of

participants and the type of information utilized, x?(4) =2.79, p>.05.

W static features W EBA MEBA+LEX EBA+ADDIF
0,
customer reviews 80%
both 60%
40% —

20% -

-

0% -
static features customer reviews both

Figure 4.4 Information acquisitions in Eliminate-by-aspect

2. In greater detail, we list the specific information of static features and customer
reviews to which participants referred (see Figure 4.5). On average, 2.62 attributes (S.D.
=1.22) were utilized, to which static features and customer reviews respectively
contribute 1.5 and 1.12. Concerning customer reviews, the number of participants who
eliminated alternatives by attributes extracted from customer reviews (denoted by
opinion attributes) is more than that using an overall review score (26/47 vs. 5/47). The
difference is significant, x?(1) =14.23, p<.05. For example, people mentioned “/ would
like to book hotel with higher user rating on cleanliness and location, while for other

aspects, like service, | do not mind”.
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EBA+ADDIF W EBA+LEX mEBA

80%

60%

40% ] I - I
20% - .
EE R =
O% T T T T T T T

price  district facility clean location value service overall
review review review review review

1

Figure 4.5 specific information acquisitions in Eliminate-by-aspect

The cut-off level determines which alternatives pass the initial screen and can be
further examined, i.e., the minimum level of each attribute the chosen alternative will
possess. Only when people are familiar or experienced with the preference object is the
cut-off value determined by stable preference, which is well-defined by previous
experience and relatively constant across situations. In most condition, the process of
generating cut-offs may itself be adaptive, determined by the joint effect of task and
context contingencies [43]. According to our observation, the cut-off value of an
attribute is highly conditional on two characteristics of choice: the value distribution of

the attribute and the correlation among attributes.

The value distribution of an attribute: Participants would like to generate the cut-off
value in terms of both the value range and the number of alternatives within a certain
range (i.e., the value distribution of an attribute). For example, when there few/many
available options satisfied the cut-off value, participants relaxed/tightened the
constraints. Some participants browsed the attribute values of all remaining hotels and
then decided the cut-off value: “Ok, there are 7 hotels left. The cleanliness score of the 7
hotels is from 3.5/5 to 5/5, | will choose hotels with cleanliness above 4.5-star.Then, 4

hotels are left”.

The correlation among attributes: Attribute correlation affects the adaptation of the
cut-off value. In the hotel example, price and quality are generally thought to be
negatively correlated because higher-quality hotels tend to have higher rents. One

might explore a hotel with a price above one’s original price limit just to see how much
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better it is. If it greatly exceeds expectations, the cut-off may be shifted; however, if
prior expectations are confirmed, the cut-off is reinforced. For example, “the
cleanliness of hotels cost € 20 is 4-point, while the cleanliness of hotels at €30 is
4.5-point. The extra €10 is not worth the higher rating on cleanliness, so | will consider

hotels cost around €20”.

Price Attribute
Alternative 1 300 5
Alternative 2 275 45
Alternative 3 325 45
Alternative n 170 3.5

Figure 4.6 An example of the correlation among attributes

The determinants of cut-off values for different participants are listed in Figure 4.7.
There are no significant differences in the references of stable preference (x%(2) =.98,
p>.05) or the distribution of an attribute (x?(2) =4.29 p>.05) between participants.
Participants who explicitly considered trade-offs among values in product selection (i.e.,
EBA+ADDIF) significantly more frequently referred to attribute correlation to determine

the cut-off value compared with other participants, x%(2)=6.41, p<.05.

W EBA  mEBA+LEX EBA+ADDIF

100%
80%
60% -
40% -
20% -
0% . . — .
stable preference value distribution of an attribute correlation
attribute

Figure 4.7 Determinants of cut-off values

4.2.1.3 Information Acquisition in Lexicographic

1. 12 participants selected alternatives by LEX (3 with LEX, 9 with EBA+LEX). 58.3% (7/12)

of subjects chose the entity with the best value on a certain static feature, and 41.7%
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(5/12) chose based on customer reviews (see Figure 4.8 (left)). The two proportions are
not significantly different, x2(1) =.33, p>.05. In addition, there is no significant
relationship between the type of participants and the type of information used to sort

alternatives, x?(1)=1.03, p>.05 (see Figure 4.8 (right)).

W static features wlEX  mEBALLEX
customer reviews 100%

50%

0% -

static features customer reviews

Figure 4.8 Information acquisitions in Lexicographic

The frequency of each attribute considered the most important is listed in Figure 4.9.
As to sorting by customer reviews, the proportion of participants who selected hotels in
terms of an opinion attribute is not significantly different from that using an overall

review score (2/12 vs.3/12), x?(1) =.20, p>.05.

M EBA+LEX MLEX
60%

40%

0% n T T - T T - T T

price distance clean location value service overall
review review review review review

Figure 4.9 Specific information acquisitions in Lexicographic

During the process, the weight of an attribute is determined not only by previous
experience but also by the value range of an attribute. If several alternatives are within
a just-noticeable difference (JND) on an attribute, they are thought to be tied, and then
the second most important attribute is considered. Meyer and Eagle (1982) and
Goldstein (1990) found that the importance weight given to an attribute is a function of
attribute ranges [32, 59]. As the variance in the values on one attribute across

alternatives increases, the importance weight on that attribute becomes higher.
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4.2.1.4 Information Acquisition in Additive difference

1.

20 participants screened hotels with the EBA+ADDIF strategy. That is, after narrowing
down alternatives to a relative smaller set by EBA, participants would compare the
remaining alternatives on multiple attributes to select one for further consideration.
Because price and quality are generally thought to be negatively correlated (i.e.,
higher-quality hotels tend to have higher rents), all 20 participants referred to both
price and customer reviews to make decisions. In addition, 45% participants added

address into comparison (see Figure 4.10).

M price+customer reviews

M price+address+customer
reviews

Figure 4.10 Information acquisitions in Additive difference

Considering the information of customer reviews, 4/20 participants (20%) compared
alternatives on cleanliness, 6/20 (30%) did so on location and cleanliness, 7/20 (35%)
relied on every opinion attribute (i.e., location, value, cleanliness and service), and 3/20
(15%) selected based on the overall review score (see Figure 4.11). In general,
significantly more participants compared alternatives by opinion attributes in
comparison with those associated with an overall review score (17/20 vs. 3/20), x%(1)
=9.80, p<.05. Moreover, during product comparison, the extent to which one is willing
to trade off more of one valued attribute for less of another valued attribute is different.
In other words, people gave different relative importance (i.e., weight) to attributes.
clean

M price+cutomer reviews
clean+location

M price+address+customer
reviews

clean+location+sevice+value

overall review

0% 10% 20% 30% 40%

Figure 4.11 specific information acquisitions in Additive difference
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3. The format in which the sentiment of an opinion attribute is evaluated can be different,
for example, numerical (i.e., average score, the number of reviews) versus verbal (i.e.,
word pairs). The sentiment utilized to accomplish the comparison is listed in Figure 4.12.
Overall, the majority of participants (10/20) relied on a combination of numerical and
verbal values, followed by just numerical values (9/20). The smallest proportion relied
on only adjective-noun word pairs (1/20).

M price+customer reviews M price+address+customer reviews

60%

40%

20%

0% I

numerical verbal both

Figure 4.12 Values for opinion attributes in Additive difference

4.2.2 Stage 2: Evaluating Alternatives in Detail

In this stage, only one alternative is considered at a time. Participants read detailed

information about the option to decide whether to save it as a purchase candidate.

4.2.2.1 Decision Strategy at stage two

Participants tend to use alternative-based (also called as holistic) manner, which means
users evaluate multiple attributes of a single alternative and compare them with a
predefined cut-off value, often thought of as an aspiration level. If any attribute value is
below the level, the alternative is rejected. When the values of all attributes meet the

aspiration level, the alternative is chosen as a purchase candidate.

Table 4.6 An example of the decision strategy utilized in stage two

Verbal protocols Elementary Information Processes

Read the static features of an
1. The price and facilities of the hotel are ok
alternative and Compare them with
for me.
aspirations
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Verbal protocols

Elementary Information Processes

From the photo, | learn it is a typical

courtyard, which is my favorite.

Read the photos and Compare them

with aspirations

Then, | am concerned about the customer
review on cleanliness. The average rating
is high and travelers said it is neat and

clean, although slightly small.

Read the sentiment of cleanliness and

Compare it with aspirations

4. Ok, | will save the hotel in shopping cart Choose

4.2.2.2 Information Acquisition at Stage Two

1. After selecting a product from the first stage, the information that users evaluate at
stage 2 can be classified into three types: static features, photos and customer reviews.
On the whole, 50% (25/50), 84% (42/50) and 88% (44/50) of participants evaluated
static features, photos and customer reviews, respectively. For different types of
participants, the type of information they evaluated is shown in Figure 4.13. There is no
significant association between the type of participants and whether they would
evaluate static features x?(3) =1.53, p>.05, photos x?(3) =2.26, p>.05, and customer

reviews x2(3)=2.18, p>.05.

W LEX MEBA+LEX mEBA EBA+ADDIF

100%

80%

60%

40%

20%

0%

static feature photos customer reviews

Figure 4.13 Information acquisitions in stage two
2. More specifically, Figure 4.14 shows which aspects of customer reviews that

participants would inspect. The majority of participants read customer reviews in a

feature-driven manner instead of holistic manner, 38/50 vs. 6/50. For example, people
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mentioned “I mainly concern about information important for me, e.g., cleanliness and
location, while others are indifferent.... (reading reviews)... but | cannot find content on
cleanliness, most of them are talking about location, service”. Through statistical
analysis, the number of participants reading reviews in a feature-driven manner is

significantly larger than the number of participants doing so in a holistic manner, x?(1)

=23.27, p<.05.
W EBA+ADDIF BWEBA MEBA+LEX mLEX
80%
60%
40%
20%
0% T T T T ._\
clean location service value overall
review review review review review

Figure 4.14 Information acquisitions for customer reviews in stage two

3. Ingeneral, 75% of participants obtained information for each opinion attribute in terms
of both numerical values (e.g., average rating, the number of reviews) and verbal values
(e.g., adjective-noun word pairs and raw reviews), whereas the other 25% of
participants relied only on verbal values (see Figure 4.15 (left)). The information format
that different participants evaluated at this stage is listed in Figure 4.15 (right). There is
no significant association between the type of participants and the format of the

sentiment, x%(3)=2.68, p>.05.

H verbal
mLEX ®WEBA+LEX ®WEBA mEBA+ADDIF
numerical+verbal
100%
80%
60%
40%
20%
0% -

verbal numerical+verbal

Figure 4.15 Values for opinion attributes in stage two
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Numerical value: Concerning the numerical values of customer reviews, 24% and 39%
of participants evaluated the average rating and average rating plus the number of
reviews, respectively, whereas the other 37% also read the time distribution of all and
the 5-point customer reviews to examine whether there is a download trend for
customer reviews (see Figure 4.16). For example, people noted “the trend of customer
reviews often change over time, like the hotel may improve its service, so that the
recent reviews may be opposite to old reviews in which people complained about the
service. In other words, the average score extracted from customer reviews of all time

can not exactly reflect its real value “.

EBA+ADDIF WEBA mEBA+LEX MLEX
60%

39% 37%

i

0% T T

40%

average rating avergae+No. of avereage+No. of
reviews reviews+time
distribution

Figure 4.16 Numerical values for opinion attributes in stage two

Verbal value: In addition to the numerical values of customer reviews, 7%, 56.5% and
36.5% of participants referred to the verbal values in terms of summarized
adjective-noun word pairs, raw reviews and both, respectively. Overall, 93% of
participants read raw reviews (i.e., the textual comments) to assist in the context

understanding behind positive/negative reviews.

EBA+ADDIF mEBA mEBA+LEX mLEX

80%
60% 56.5%
0% 36.5%
(]
20% -
7%
O% T T
word pairs raw reviews both

Figure 4.17 Verbal values for opinion attributes in stage two
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4. Due to the large quantity of raw reviews, 41 participants who read raw reviews
performed two types of behavior: seeking the latest and/or the most negative

customer reviews.
The timeliness of customer reviews

33 participants (80%) sorted customer reviews by date, i.e., reading the latest reviews.
People mentioned that “as things change over time, the renovation, equipment would
change within months, so | will follow the newest reviews”, “I would like to read the
newest reviews... especially the reviews written by those who just lived in there last

night... | think it will be closer to the real condition and more credible”.
More attention to negative reviews

Participants did not treat positive and negative reviews equally. More than half of the
participants clearly indicated that they favored negative comments compared with
positive ones. For example, people said “I would like to read negative ratings, and learn
the reasons why other customers gave lower rating to see if | have the same concern.”,
and “The reason of adding it in shopping cart is not only because how good it is, but also

whether | can stand its drawbacks”.
4.2.3 Stage 3: Comparing Candidates to Confirm the Final Choice

For the number of candidates added to the shopping cart, which ranged from 1 to 4, the
primary choices (84% total) were two and three (see Figure 4.18). At this stage, 43
participants who saved more than one option engaged in this stage, namely, comparing the

candidates to confirm the final choice.

25 73
19

20
15
10 7

3. 1

0 T T T 1

1 2 3 4

the number of candidates

Figure 4.18 The number of candidates in stage three
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4.2.3.1 Decision Strategy at Stage Three

The decision strategy involved at this stage can be interpreted as calculating the value

difference across alternatives on one attribute. Moving to another attribute, the process of

comparison is repeated. The differences are summed to obtain an overall evaluation for

each entity. Finally, the alternative with better evaluation is retained as the final choice.

Table 4.7 An example of the decision strategy utilized in stage three

Verbal protocols

Elementary Information Processes

1.0k, first | see the price of the two hotels. One

is 195, the other is 275.

Read, Compare the value of one

attribute across alternatives

2.The difference is HKD 80.

Calculate the Difference between the

values on the attribute

3.Then, | am concerned about the average
rating of cleanliness. One is 4-star, the other

is 5-star.

Read, Compare the value of another

attribute across alternatives

4.the expensive hotel is given higher rating on

cleanliness.

Calculate the Difference between the

values on the attribute

5.0ne is a little more expensive but with
higher cleanliness score, and the difference

of distance to destination is unnoticeable.

Add the difference on attributes

6.1 think the extra cost (HKD 80) is worth the

higher score on cleanliness

Compare

7.50 | will choose the hotel with HKD 275

Choose

4.2.3.2 Information acquisition at stage three

1. There are three types of information that participants would compare at this stage: (1)

static attributes (e.g., price, address and facility), (2) item sample (e.g., hotel photos),

and (3) customer reviews (e.g., cleanliness, service extracted from customer reviews).

Overall, of the 43 participants who saved more than one candidate and made decisions
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at stage three, 36 participants (83.7%) compared static features, 20 (46.5%) compared

hotel photos, and 27 (62.8%) emphasized customer reviews.

Figure 4.19 lists the type of information to which different participants referred.
Through statistical analysis, there is no significant difference in the static feature
comparison between participants )(2 (3) =1.32, p<.05; there are significant associations
between the type of participants and whether they compare customer reviews (x* (3)

=8.21, p<.05) and whether they compare photos (x* (1) =11.87, p<.05).

mLEX mEBA+LEX mEBA EBA+ADDIF
100%

80% -

60% -

40% -

20% -

0% -
static feature photos customer reviews

Figure 4.19 Information acquisitions in stage three

More notably, we found that participants who adopted a compensatory strategy at
stage one, i.e. EBA+ADDIF, (denoted as compensatory) focused significantly more on
customer reviews (x* (1) =16.59, p<.001) and less on photos (x* (1) =7.34, p<.01)
compared with participants who adopted non-compensatory strategies, i.e. EBA, LEX
and EBA+LEX, (denoted as non-compensatory), as shown in Figure 4.20. This seems to
represent the fact that based on the odds ratio, the odds of participants comparing
customer reviews were 25.5 times higher if they adopted compensatory strategies than
if they adopted non-compensatory strategies in the first stage. The odds of participants
comparing photos were 6.22 times higher if they adopted non-compensatory strategies

than if they adopted compensatory strategies in the first stage.
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non-compensatory compensatory

100% 55% 4%

80%
80%

64%
60% +—
40%
40% +—
22%
20% +— - — —
0% T T 1
static feature photos customer reviews

Figure 4.20 Comparison on Information acquisitions in stage three

The reason for the difference is that the relative weight placed in maximizing accuracy
and minimizing effort is different. Participants who prefer non-compensatory strategies
more greatly emphasized minimizing effort, rather than referring to extensive amount
of information to make an optimal decision: “I would compare the photos, as it can

bring me more intuitive impression, and choose the most attractive one”.

2. Figure 4.21 illustrates the frequency of each attribute utilized in the product
comparison at this stage. On average, participants compared 1.56 static features (S.D. =
1.08) and 1.58 opinion attributes (S.D. = 1.61). For all types of participants, price is the
most frequently compared, which means people treat price as a crucial factor in online
purchasing. Moreover, significantly more participants used {opinion attribute,
sentiment} pairs extracted from customer reviews to perform feature-by-feature and
side-by-side comparison between products compared to those merely referring to an
overall review score (22/43 vs. 5/43), x* (1) =10.7, p<.001.

EBA+ADDIF mWEBA MWEBA+LEX mLEX
100%

80%
60%

40% l . .
a ™ N -

20%

0%
price district  facility clean location service value overall
review review review review review

Figure 4.21 Specific information acquisitions in stage three
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3. Out of the 27 participants who compared customer reviews, 13/27 participants made
their decisions based on numerical values, 3/27 participants relied on the
adjective-noun word pair description, and 11/27 participants accomplished the
comparison based on a combination of numerical and verbal values. There is no
significant difference between the type of participants and the value format they
inspected, x* (6) =4.84, p>.05.

H numerical verbal both
EBA+ADDIF W EBA mEBA+LEX mLEX

60%

40%

20%

[ ]
0% T T 1
numerical verbal both

Figure 4.22 Values for opinion attributes in stage three

4.3 Personas

Persona is a design technique that "models" the target audiences. The above findings lay
the groundwork to create personas. The creating process involves encapsulating the key
findings from user research, identifying the critical behavior pattern and turning them into
a set of useful characterizations. A persona encapsulates the most critical behavior data of

the users in that group, in a way that is clear, memorable, and likely to invoke empathy.
1. Personal

Zhang is a graduate student who likes to travel during holiday. For hotel reservations,
he tends to screen out interesting choices in terms of eliminate-by-aspect. More
concretely, he eliminates alternatives with values for an attribute below a cut-off; the
process continues with the second attribute and then the third, until a smaller set
remains. Static features and attributes extracted from reviews are used for eliminating

alternatives. Moreover, the choice of cut-off value for an attribute is adaptive,



66| Modeling

depending on the value distribution of the attribute, in addition to stable preferences

obtained from previous experiences.

Zhang went to the detail page to evaluate a single alternative in terms of static features,
the item sample (e.g., photos) and customer reviews. If no value is below his aspiration
level, the alternative is saved in his shopping cart; otherwise, it is rejected. More
specifically, he reads customer reviews in a feature-driven manner and gains
information on the sentiment toward each attribute by both numerical and verbal
values. Numerical values give a general understanding, for example, of how much the
attribute is liked or disliked through an average rating and the number of reviews. In
addition, because opinions always change over time, the time distribution of
positive/negative customer reviews is also considered. Meanwhile, the verbal values
(adjective-noun word pairs and raw reviews) provide information on why that rating
was given; the latest and negative raw reviews are more frequently inspected

considering the enormous number of raw reviews.

After saving several candidates in his shopping cart, Zhang compares the values on
multiple attributes across alternatives and calculates the value difference between
alternatives. He then sums the differences to purchase the alternative with a relatively
better overall evaluation. In the process of making attribute-based comparison, Zhang
more greatly emphasizes static features (e.g., price) and traveler photos which provide
an intuitive impression, focusing less on attributes extracted from customer reviews

that require an extensive amount of effort to address.
2. Persona?2

Betty is a white-collar employee who likes travelling alone and takes this time as a
period of relaxation outside of busy work. She does not like to spend too much effort
on hotel reservations; rather, she simply chooses one with the best value on the most
important attribute. This process is known as Lexicographic. The most important

attribute can be a static feature, some aspect of customer reviews (e.g., cleanliness) or
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the overall user review, which is determined by the value ranges of attributes and

stable preference.

Assuming that she enters the detail page of the hotel with the highest user rating on
service, the processes of evaluating alternatives in detail to decide whether to add it to
her shopping cart and subsequently comparing the candidates saved in the shopping

cart to confirm a final choice are roughly the same as with persona 1.
Persona 3

Tom, an employee at a foreign trade corporation, often travels for business. When
booking a hotel, he first eliminates unsatisfying options in terms of static features and
aspects of customer reviews (i.e., eliminate-by-aspect), for example eliminating hotels
whose price is higher than the reimbursement limitation. More notably, the cut-off
level of each attribute is determined not only by existing preferences but also by the
value distribution of the attribute. Then, from the remaining options, he selects the one
with the best value on a single attribute considered the most important (i.e.,
Lexicographic). The attribute can be a static feature, an aspect of customer reviews or
the overall user rating depending on previous experience and the value ranges of

attributes.

For example, Tom thinks distance to his destination is the most important; he opens
the detail page of the nearest hotel. The process of evaluating the alternative in detail
is not distinguished from personas 1 and 2. Moreover, the process of comparing

candidates to confirm a final choice is roughly the same as with personas 1 and 2.
Persona 4

Monica is a PhD student of computer science with a rigorous personality. With the
purpose of finding the most suitable hotel, she first narrows down the set of options to
simplify the complexity of choices in terms of eliminating alternatives by static features
and aspects of customer reviews (i.e., eliminate-by-aspect). Different than the above
three personas, she decides the cut-off value not only by previous experience and the

value distribution of an attribute, but also by considering the trade-off between
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attributes, i.e., the correlation among attributes. When a relatively smaller set of
alternatives remain, she compares them on both static features and attributes
extracted from customer reviews by explicitly considering how much she is willing to
give up the value on one attribute for value improvement in another (i.e., weighted
additive difference). More specifically, the value of attributes extracted from reviews is
evaluated in terms of both numerical values (i.e., average rating, the number of reviews)
and verbal values (i.e., adjective-noun word pairs). Then, the alternative with a

relatively better evaluation is selected for further consideration.

The process of evaluating single alternative in detail is more or less the same as with

personas 1, 2, and 3.

After saving several candidates in her shopping cart, Monica also contrasts alternatives
based on the values of multiple attributes and calculates the value difference between
alternatives on each attribute. She then sums the differences to select the alternative
with the better overall evaluation. Similar with the above three personas, static
features, especially price, are most often used. However, Monica relies more on
attributes extracted from customer reviews and less on traveler photos, which is
contrary to the three personas. Concerning the value of the attributes of customer
reviews, both numerical values (i.e., average rating, the number of reviews) and verbal

values (i.e., adjective-noun word pairs) are utilized for product comparison.

Grounded in the analysis of the results the formative study, the critical behavior patterns of
the four personas at each stage are summarized in Tables 4.8, 4.9 and 4.10, which briefly
depict the decision strategy personas adopt and the information they seek to implement

the strategies.
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Chapter 5
Interface Design for

Screening out Interesting Alternatives

This chapter focuses on the interface design for screening out interesting alternatives,
to facilitate the process of narrowing down available alternatives and selecting

interesting ones for further consideration.

The design process is organized as follows. Firstly, based on the personas built in
preceding chapter, we depict idealized interactions between personas and system,
referred to as context scenarios, from which design requirements are extracted.
Further, we introduce the status quo and limitations of interfaces in current
E-commerce websites and then go on to describe in detail the steps of generating

design solutions for three parts: the filter panel, sorting panel and details panel.
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5.1 Context Scenarios

A context scenario is a plausible textural description of an idealized typical interaction with
a future system from the personas’ points of view. Each scenario begins with a specific
situation and then describes the interaction between personas and the system from the
beginning of a task through its completion [33]. In the following, we depict different context

scenarios from the perspective of each persona.
1. Scenario for persona one (EBA)

Zhang prefers hotels with Wi-Fi to facilitate him sharing photos with friends and families
after a day of travel and at reasonable price because he is a student without much

money; in addition, cleanliness is also thought of as important.

In the process of screening interesting hotels, he was used to a non-compensatory
strategy — eliminate-by-aspect. He first eliminated all hotels without Wi-Fi. For price,
Zhang did not have an explicit cut-off value. He learned that of the remaining 7 hotels,
four hotels cost approximately 40 Euros. The other three hotels cost more than 50 Euros,
so he decided to eliminate all hotels with prices higher than 50 Euros. Then, he went on
to narrow down his choices in terms of cleanliness scores given by travelers. Four hotels
remained, two of them with 5 points for cleanliness and the other two hotels with 4.5
points. Thus he eliminated hotels with values on cleanliness below 5 points. Taken
together, Zhang determined the cut-off value for an attribute in terms of both its value
range and the number of alternatives within a certain range, i.e., the value distribution

of the attribute, in addition to stable preference obtained from previous experience.
2. Scenario for persona two (LEX)

Betty recently planned to take a trip to the seaside in the coming summary vacation.
With the goal of having a nice period of relaxation away from busy work, she treats

hotel service as the most important factor in hotel reservations.

Thus, she sorted all options by user rating on services and went to the detail page of the

hotel with the highest score on service for further consideration.
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Scenario for persona three (EBA+LEX)

Tom, an employee at a foreign trade corporation, is going to Beijing for a business trip.

In hotel reservations, there is a price limit considering reimbursement.

He eliminated the hotels whose price was higher than the reimbursement limitation. He
observed that the cleanliness ratings of the remaining hotels ranged from 5 points to 4
points, which is not noticeably different for him. However, their locations are widely
dispersed. As a business person, time is very tight, so Tom regarded convenience to the
destination as the most important attribute and selected the nearest one from the
remaining hotels. For choosing the most important attribute, Tom determined the

weight of each attribute in terms of its value range to some extent.
Scenario for persona four (EBA+ADDIF)

To reserve a hotel with the best value for money, Monica first narrowed down the
hotels to simplify the complexity of choice by eliminating alternatives with values for an
attribute below a certain vale. The cut-off of an attribute was determined not only by
previous experience and value distribution but also by correlation among attributes. For
example, in acquiring the cut-off for price, originally she wanted to book a hotel costing
less than 20 Euros. However, price and user ratings are usually negatively correlated.
She found that the cleanliness of hotels costing less than 20 Euros is approximately 3.5
points, but the cleanliness of hotels with prices at 30 Euros is 4.5 points. She believed
the extra 10 Euros is worth the higher rating on cleanliness, so she effectively adapted

the cut-off of price to 30 Euros.

With a relatively smaller set of alternatives, she was used to explicitly considering
trade-offs among attributes and choosing the option with the best overall evaluation.
For example, rather than treating all attributes equally, she thought cleanliness played a
more important role compared with other features. Thus, Monica gave cleanliness a
higher weight and sorted alternatives by multiple attributes. Next, she browsed the
hotels’” information and went to the detail page of the hotel with the highest weighted

additive value.
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5.2 Requirements

Requirements (i.e., product definition), which connect the dots between user research and

design, are implied in the above context scenarios. Requirements can be clustered into 2

types: functional requirements and data requirements. In the following, the main functional

requirements and their associated data requirements are described (see Table 5.1).

5.2.1 Eliminating alternatives with values for an attribute below a certain value

In the process of screening out interesting alternatives, 94% (47/50) of participants began

by narrowing down the set of alternatives by means of eliminating alternatives with values

for an attribute below a certain value to simplify the complexity of the choice.

1.

Including both static features and opinion attributes (i.e., attributes extracted from

customer reviews) in the filter

Our formative study revealed that the majority of participants (26/47) eliminated
alternatives based on both static features and customer reviews. In addition, more users
selected opinion features (e.g., cleanliness and service) to eliminate alternatives, the
proportion of which is significantly higher than those selecting based on an overall

review score, 26/47 vs. 5/47.

Displaying the value distribution of each attribute

When determining the cut-off value for an attribute, people refer to its value range and
the number of remaining alternatives within a selected range (i.e., the value distribution
of an attribute), which can avoid invalid filter; for example, too many/few options meet

requirements due to a loose or strict cut-off.

Representing the correlation among attributes

Price and customer reviews are generally thought to be conflicting. For example, when
the cut-off value on cleanliness is set at 5 stars, the minimum price of the remaining
hotels may be beyond the acceptable range. Thus, representing the correlation among

attributes (especially negatively correlated attributes) can help users explicitly consider
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the trade-off when determining the cut-off of an attribute.
5.2.2 Selecting an alternative with the best value on a single attribute

24% (12/50) of participants tend to screen out interesting alternatives using Lexicographic,
namely determining the most important attribute and then selecting the alternative with

the best value on that attribute.

1. Incorporating opinion attributes (i.e., attributes extracted from customer reviews) in

sorting

Instead of a static feature (e.g., price), 41.7% of participants would select the best
alternative in terms of customer reviews. Moreover, rather than an overall rating, some
participants regarded a certain opinion attribute as more important, e.g., selecting the

hotel with the highest rating on cleanliness.
2. Representing the ranges of attribute values

The weight of an attribute, to some extent, is determined by its value range of available
options. Generally, the more diverse in values one attribute is across alternatives, the

heavier the weight that is assigned to that attribute.
5.2.3 Choosing an alternative with the best weighted additive value

After narrowing down the set of alternatives under consideration, 40% (20/50) of
participants adopted a more compensatory strategy, namely Additive Difference, i.e.,
comparing the remaining alternatives on multiple attributes to select the one with the best
overall value. Moreover, the extent to which one is willing to compensate the value of one
attribute with another varies. In other words, the relative importance (i.e., “weight”) of an
attribute given by different people is different, and the relative importance is different

across attributes for a given decision maker.

Hence, users should be provided access to sort alternatives by multiple attributes and give
different weights to the attributes to facilitate users to select an alternative with the best

weighted additive value.
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1. Involving both static features and opinion attributes in multi-attribute sorting

Participants select the alternative with the best overall evaluation based on both static
features and customer reviews. Concerning customer reviews, 85% of participants
performed feature-by-feature comparisons of alternatives, i.e., calculating the

differences on opinion attributes, rather than merely taking the overall rating.
2. Representing both numerical and verbal values toward each opinion attribute

45% (9/20) of participants compared opinion attributes in terms of numerical values, i.e.,
the average rating and the number of reviews; 5% (1/20) compared with verbal values,
i.e., adjective-noun word pairs; and 50% (10/20) of participants used both numerical

and verbal values.

Table 5.1 Requirements of interface design for screening out interesting alternatives

Scenario Functional Requirements Data Requirements

Both static features and opinion attributes

should be included in the filter.

For each attribute, the value range and the

Sereri Eliminate  alternatives  with number of alternatives within a selected

values for an attribute below a range should be represented,

1,3,4

certain value.

Enable users to learn attribute correlation,
especially the correlation between

negatively correlated attributes.

In addition to static features and overall

rating, opinion attributes should be

Scenario  Select an alternative with the incorporated in sorting.

2,3 best value on a single attribute.
Represent the ranges of attribute values

across alternatives in the choice set.
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Scenario Functional Requirements Data Requirements

Both static features and opinion attributes

Give different weights to
are involved in multi-attribute sorting.

Scenario  attributes to select an

The sentiment information toward each
4 alternative by weighted

opinion attribute should be represented by
additive value.

both numerical and verbal values.

5.3 Interfaces in E-commerce Websites

If all entities of a category can be described by the same set of attributes, they are referred
to as multidimensional discrete data. Each attribute defines a data dimension, and each
entity can be thought of as a point in a multidimensional space. Taking hotels as an example,
they are described by both static features (e.g., price and address) and opinion attributes

(e.g., cleanliness, location and service).

At its most basic, to help users screen interesting alternatives within a large number of
multidimensional discrete data, E-commerce websites employ the extremely common and
powerful three-panel pattern: (1) the filter panel, (2) the sorting panel, and (3) the details
panel. Figure 5.1 illustrates the interfaces of the two most popular E-commerce websites
(Booking and Amazon), which are consistent with the three-panel pattern. In the following,

we will separately explain the three panels in detail.
1. The filter panel

The filter panel is composed of a set of controls, with which users interact to eliminate
alternatives with values for an attribute below a cut-off to narrow down the option
space displayed in the details panel. Each control restricts the range displayed on each
of the data dimensions to allow users to eliminate unsatisfying options. Users
can narrow down the set of alternatives from several dimensions by concocting a series
of controls. Usually, it is either on the left or top of the screen to take advantage of the

visual flow whereby most users read left-to-right and top-to-bottom [86].
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2.

The sorting panel

Generally located above the details panel, it enables users to sort alternatives by a
specific attribute in descending/ascending order. The alternative with the best value on
that attribute is represented at the beginning of a list, satisfying the match between the

importance of information for the decision maker and the salience of the information

display.

The details panel

Typically below or to the right of the filter panel, the details panel shows the details of
the objects that match all constraints and facilitates side-by-side comparison based on
attribute values. As soon as user adjusts the controls in the filter and sorting panels,
there is real-time feedback on the details panel. In this way people can quickly shift their

attention back and forth. The interactive hiding and revealing of data are referred to as

dynamic queries [2].
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Figure 5.1 The three-panel pattern of E-commerce websites

Limitations: The first and the most important limitation for current E-commerce websites is

that none of them incorporates opinion attributes (i.e., attributes extracted from customer

reviews) in the interface for screening out interesting alternatives; rather, most of them

merely include an overall user rating with respect to customer reviews (see Fig. 5.1). This

obviously cannot satisfy users’ requirements in terms of the results of the formative study,

which revealed that people more frequently depend on opinion attributes compared with

the overall user rating during product filtering, sorting and comparing.

Because opinion attributes are not incorporated in existing interfaces at all, none of the

requirements concerning how to represent opinion attributes is applied, e.g., how to

represent the correlation between price and opinion attributes on a filter panel.
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5.4 The Filter Panel

Driven by the extracted requirements, we begin to develop the
opinion-attribute-embedded filter panel to satisfy users’ decision making behaviors, namely

eliminating alternatives with values for an attribute below a certain value.
5.4.1 The control widget for filter

For opinion attributes, people specify an arbitrary range of values for display, e.g., "show
data points that are greater than this number, but less than the other number". Depending
on their data type, i.e., numerical data with a continuous structure of selection, common
easy-to-use controls include the following: (1) array of N checkboxes, (2) double sliders, and

(3) Text fields to type in values (see Figure 5.2) [86].

W Parrot

|V starling | {

[ MynshBird| | (J 5 .)' o | 0% | 65%
(a) Checkbox (b) Slider (c) Fill-in-the-Blank

Figure 5.2 Control widgets for filter

Ahlberg et al. (1992) compared slider with fill-in form, and revealed that people performed
statistically significantly faster using the interface with sliders than with text fill-ins, and text
fields leave more room for errors than sliders and buttons [2]. Then, they (1994) developed
an interface that provided the user with a slider to select on the basis of movie length, year
of publication, actor and director name
(see Figure 5.3) [3]. The checkbox is the

traditional filter form utilized in most

E-commerce websites, as shown in Figure
5.1. In the following sections, taking hotel

domain as an example, the filter controls

for opinion attributes are represented in

Figure 5.3 The FilmFinder demonstration application

the forms of checkboxes and sliders.
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5.4.2 Checkbox filter

Hotels are depicted by four opinion attributes, including cleanliness, location, value, and
service. The filter for each attribute is composed of an array of N checkboxes representing
different value ranges on the dimension. Users can select entities with values on one
attribute within a certain range by clicking corresponding checkbox. For example, the
checkboxes for cleanliness mean choosing hotels with values on cleanliness “above 4.5,
“above 4”, “above 3.5”, “above 3” or “all”. Filters are "rolled up" by default; that is, only their

title bars are visible, whereas the checkboxes that display the contents are hidden.

Every checkbox is followed with the number of entities within the range (shown in the
bracket), which is equivalent to the distribution of an attribute. More specifically, when the
range of an attribute is adjusted (e.g., selecting hotels with scores of 4+ on cleanliness), the
number of entities at each range of other attributes changes simultaneously according to
the selected subset (see Figure 5.4). However, this method is not obvious enough for users

to infer information about attribute correlation.
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O all(13)
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Figure 5.4 Framework of checkbox filter
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5.4.3 Slider filter

In the frame of slider filter, users can drag a slider knob to narrow down the displayed

subset of the data space on the basis of one dimension. By concocting these controls

incrementally, users can find a smaller data set. There is a limitation on the number of

sliders that can be meaningfully used; arbitrarily, the limit is put at 10 [90]. Figure 5.5 shows

an interface design for online hotel booking, in which the controls for price and opinion

attributes are represented in the form of a double slider.

Beijng Top 50 B&B

District Facility

Price

User Rating

5
= XX hotels
i
XXX hostel

: : add to cart

XXXX hostel

add to cart

cheack out

-------

Figure 5.5 Framework of slider filter (mouse-out)

1. Representing the distribution of each attribute via bars

Revealing the distribution of an attribute can help users avoid empty or invalid query

results due to strict/loose restrictions. For a slider filter, the distribution of an attribute

is represented in the form of bar chart (see Figure 5.6). The height of a bar is

proportional to the number of hotels, which can be a good visualization of data because

it may reduce learning time and potential misunderstanding [57]. And the number of

hotels with values satisfying the specified range on an attribute is shown right above

the bars on the basis of the Gestalt principles of proximity [90]. Because people more

readily pick up information close to the fovea, less time and effort will be spent in

neural processing and eye movements if related information is spatially grouped.
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2. Displaying the correlation among attributes via simultaneous change

Real-time change in the range on sliders can relate values on different attributes [6].
More concretely, when the range on one of the sliders is adjusted, the ranges on other
sliders simultaneously change. For instance, as the user drags the slider knob for
maximum price to lower price direction, the maximum values for opinion attributes
decrease corresponding to the new price range. While users increase the minimum
values for opinion attributes, the minimum value for price increases accordingly.
However, in light of the useful field of view (UFOV), people concentrate their attention
around fovea and can quickly take in information only from 1 to 4 degrees of visual

angles [91]. In other words, users tend to miss the changes.

With the purpose of clearly expressing attribute correlation between price and opinion
attributes, we use lines to connect the corresponding knobs of different sliders, known
as a node-link diagram, which is very powerful to express a relationship between them
[90]. The likely explanation for why linking lines represent relationships so well is that
there are deep metaphors based on our sensory perception of the world, that provide a
scaffolding for even the most abstract concepts [47, 72]. In addition, in recent study,
Holten and Van Wijk (2009) [38] showed that using tapered lines with the broadest end
at the source node makes it easier to trace relationships compared to the use of
conventional arrows. Hence, when the knob of one slider is dragged, the matching
knobs of other sliders and their connecting lines synchronously move. Peterson and
Dugas (1972) and Bartram & Ware (2002) suggested that motion works well in the
periphery of vision. In other words, the UFOV function can be far larger for detection of

moving targets than for detection of static targets [5, 71].
3. Hover query

We employ an easy, rewarding form of interactivity, which makes the critical
information prominent and shows details "hidden behind" specific points only when
hovering mouse over, referred to as “details on demand” [79]. More specifically, when

users hover over or drag a slider knob, the value distribution of the attribute is
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represented in the form of bar chart; meanwhile, the relevant information linked with

the knob on the graph is highlighted by connecting lines. In this way, we do not need to

put all information on the surface, avoiding information overload, and users can easily

look up what they need.
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District Facility

Price

User Rating

25 hotels

e —A >
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Filter

XXXX hostel

add to cart

XXXX hostel

add to cart

cheack out

Figure 5.6 Framework of slider filter (mouse-over)

In comparison to pure sliders, two major modifications are made to accommodate

presenting the distribution of each attribute and correlation among attributes when

hovering over or moving a slider knob, to help users more effectively determine the cut-off

value of an attribute by tweaking the knob.

We suggest that the modified slider filter can stimulate and facilitate users to consider the

trade-off between attributes when determining the cut-off value for an attribute. Therefore,

it can produce more effective adaptation of cut-offs by means of narrowing down

alternatives based on a more compensatory process and consume less effort because an

effortful assessment of choices is not required. We have verified this hypothesis by

comparing the slider filter against the checkbox filter (which has been commonly adopted in

E-commerce) (see Chapter 6 for more detail).
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5.5 The Sorting Panel

The sorting algorithm (i.e., listing alternatives by a single attribute in ascending/descending
order) in E-commerce facilitates users to choose an item with the best value on the most
important attribute. The attributes with respect to customer reviews utilized in sorting
contain an overall user rating and the number of reviews (see Figure 5.7). However,
grounded in users’ decision making behaviors, the existing sorting function cannot satisfy
their requirements. In the following, we improve the design of the sorting panel in two
aspects: (1) incorporating opinion attributes in sorting and (2) providing access to sort

alternatives by weighted additive value.

H : Sort B
dinner Milan, Italy Y
Best Match
Hide Filters Highest Rated
Most Reviewed

(a) sorting panel in yelp.com

Sort by: Recommended Stars Distance from Price

(b) sorting panel in HotelsCombined.com

Figure 5.7 Sorting panel in E-commerce websites

5.5.1 Attributes in sorting

The analysis of the results of the formative study revealed that both participants who selected
the alternative with the best value based on a single attribute (i.e., LEX, EBA+LEX) and those
who selected based on multiple attributes (i.e., EBA+ADDIF) highly depend on opinion
attributes to make decisions, in comparison to an overall user rating. Therefore, we suggest

that it is useful to incorporate opinion attributes in sorting, in addition to static features.

5.5.2 Multi-attribute utility theory

Decision problems often involve conflicts among attribute values; that is, no one option
best meets all objects. Hence, instead of selecting an alternative in terms of merely a single
attribute, some participants refer to multiple attributes and resolve their conflict by directly

considering the extent to which one is willing to trade off more of one attribute (e.g., the
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cost of a car) for less of another attribute (e.g., the safety of the car), reflected as the

relative importance or weight.

Grounded in the more compensatory decision making process, it is reasonable to assume
that a decision maker’s preference for each alternative can be predicted by multi-attribute
utility theory (MAUT) [46], which allows normative trade-offs between attributes in terms
of their importance. The alternative with the highest overall evaluation is predicted as the

most satisfying one.

More specifically, the utility of an alternative A with multiple attributes {x; ...x,} can be
described by the multi-attribute utility function U(x; ...x,). For the sake of simplicity, we
think of all attributes as mutually independent. Under the additive independence
assumption, the utility of an alternative is calculated by multiplying the weight by the
single-attribute utility function U;(x;) and summing these weighted values over all

attributes. See Formula 5.1,

n (5.1)
U(Xy o Xp) = Z w;U(x;)
i=1

where the constants w; are used to weight each single-attribute utility function U;(x;) in

terms of its importance, scaled from 0 to 1 and summed to 1 (see Formula 5.2).
n
0< [0V < 1, Z Wi = (52)
i=1

Assuming that an alternative has three attributes, x, y, and z, its additive utility function is

shown in Formula 5.3.
U(xy,2) = 0,U(x) + w,U(y) + 0,U(z). (5.3)
1. Single-attribute utility function

Utility is a subjective level of satisfaction that expands domain beyond a monetary
value. It is measured in a conventional scale, usually from 0 to 1. The worst outcome of

an attribute is associated with 0, whereas the best is associated with 1.

To estimate the utility function of each attribute, two main types of numerical
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attributes are considered: more-is-better and less-is-better. For example, users may
prefer a product with the maximum rating. In other words, the opinion attribute is
more-is-better. In contrast, price is less-is-better because users prefer to minimize it.
Thus their utility functions can be respectively presented as a monotonic

increasing/decreasing function (see Figure 5.8).
Utility Utility 4

decreasing

increasing

0 } } 0
2 10 User Rating 20 50 Price

(a)More-is-better (b) less-is-better
Figure 5.8 Single-attribute utility function

The single-attribute utility function is not necessarily straight; it can be a convex or
concave line depending on users’ subjective perceptions. To simplify the process of
utility acquisition, we assume the utility function is linear, which most users will not

change most of the time.

For the more-is-better attribute, we define its utility function as shown in Formula 5.4.

X — min(a) (5.4)
max (a) — min(a)

Ux) =

For the less-is-better attribute, the utility function is defined as shown in Formula 5.5.

max(a) — x (5.5)
max (a) — min(a)

Ux) =

min(a) and max(a) are the minimum and maximum values of attribute a in the choice
set.

The relative importance of attributes

Weight is the relative importance of each attribute compared to the others. According

to previous studies, there are three types of methods to acquire the weights of
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different attributes from users: direct assessment, indifference method and indirect

measurement [46, 92]. In the following, we will explain the three methods in detail.

Direct assessment: direct-assessment methods ask users to directly assign numerical
values to all concerned attributes, for example, ranging from 0 “least important” to 1
“most important”, and then normalize them so that the sum is 1. According to Meyer
and Eagle (1982) and Goldstein (1990), attribute weights vary as a function of the range
of each attribute in the choice set. The greater the range, the greater the weight for the
attribute should be. Grounded in this phenomenon, Fischer (1995) provided evidence
that representing the range of outcomes associated with each attribute in direct

assessment can effectively avoid range-insensitive bias [29].

Indifference method: indifference methods infer attributes’ weights on the basis of an
indifference point, which is obtained by modifying one of two sets of stimuli until
subjects feel that there is no difference between the two [29]. For example, two jobs
are identical in all aspects, but job Al pays $40,000 per year & offers 5 days of vacation
and job A2 pays S___ per year & offers 20 days of vacation. Subjects are asked to specify
how much salary they would give up in exchange for moving from the low end (5 days)
to the high end (20 days) of the vacation day range. Assuming that the decision maker
feels that $25,000 is the indifference point between the two jobs, the following

equation 5.6 is built:
w * U($40,000) + (1 — w) * U(5 days) = w * U($25,000) + (1 — w) * U(20 days) (5.6)

Then, the attributes’ weights can be calculated as follows:

© U(20 days) — U(5 days)
1-—w U($40,000) — U($25,000)

Indirect measurement: Indirect-measurement techniques avoid directly asking people
to rate the importance of attributes; instead, subjects simply state their preference for
different alternatives [49]. Moreover, Huber et al. provided evidence that giving
relative preference on pairs is better than rating an individual profile in predicting

choice [44]. Hence, a pairwise preference comparison is taken as the form of indirect
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measurement in our study. For example, the decision maker can give a ratio rating for
his/her preference on two Jobs: Al pays $40,000 per year & offers 5 days of vacation
and job A2 pays $20,000per year & offers 20 days of vacation (e.g., job Al is twice as
satisfying as job A2). The Formula 5.7 is established as follows, where a is the

preference ratio:

o * U($40,000) + (1 — w) = U(5 days)
® * U($20,000) + (1 — w)  U(20 days)

(5.7)

Accordingly, the attributes’ weights can be inferred from the graded pairwise

preference comparison.

5.5.3 Implementation

The three different methods for weight elicitation are implemented in the area of online
hotel booking. Two static features (e.g., price and distance) and four attributes extracted
from customer reviews (e.g., clean, location, value, and service) are included in the sorting

panel.

Because users are required to specify trade-off judgments in all methods, we employ a
dropdown list where options are interval-scaled measures, rather than typing in values as
the input. In other words, users give their judgments by selecting from a list of options,
which not only reduces the amount of work that users have to do but also offers an

example of what type of answer is sought [19].

1. Direct assessment: each attribute utilized for sorting alternatives is followed by its
value range in the choice set and a set of five interval-scaled options {0.2, 0.4, 0.6, 0.8,
1}, where users can choose the relative importance for each attribute. For example,
when price and distance are selected, their value ranges and weights are represented

as follows (see Figure 5.9):
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Importance {0-1)

price €20-50 1

distance 0.2-1.6km

|

clean

location

S = ]

===

value

service
Figure 5.9 Direct assessment

2. Indifference method: when an attribute (except for price) is selected to sort
alternatives, its weight can be elicited by requiring user to specify how much he/she
would spend in exchange for moving from the worst to the best value on the attribute.
Assuming that subjects sort hotels by price and distance to attraction, they are asked to
determine the price of the nearest hotel (0.2 km away to attractions) to make it equal
to the one far from attraction (1.5 km). Hotel price can be selected from a set of
interval-scaled options (see Figure 5.9).

Identical in other aspects

price
. €20 & €60 &
distance 1.6 km away 0.280 | way
70
clean 60
50
location 40
30
value
service

Figure 5.10 Indifference method

3. Indirect measurement: for each attribute, its weight can be inferred from a graded
pairwise preference comparison of two options that are identical in all aspects but
option 1 offers the lowest price & the worst value on the attribute and option 2 offers
the highest price & the best value on the attribute. For example, when sorting
alternatives by price and distance, users are required to state their preference on hotel
Al=minimum price & maximum distance vs. hotel A2=maximum price & minimum
distance, by selecting from {equal to, better than, worse than}. Moreover, when “better

than” or “worse than” is selected, a secondary menu {A little, obviously, strongly,
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extremely} will appear to assist users in defining a 4-level preference ratio (see Figure

5.10).
Identical in other aspects
price
. €20 but €60 but

distance 1.5 km awav squal o 0.2 km away

a little better than

obviously equal to

clean strongly  worse than

. extremely
location

value

service
Figure 5.11 Indirect measurement

In addition, when users move mouse over one attribute, a tooltip window will be
automatically shown to explain the attribute. Users are not forced to state their judgment
but are provided with reasonable default values, i.e., the value that most users will not
change most of the time [45]. In our interface design, the importance of all attributes being
equal is set as the default. Even if the default is not what the user wants, a way for users to

change the default value in terms of their interests is offered.

There has been some research evaluating the effectiveness of a particular method for
measuring preferences [10, 44]. However, no clear basis exists for saying which of the
methods have the highest validity in eliciting weights in an online environment. We will
conduct a user study to compare the different methods, investigating which can evoke users

to express more accurate preference (see Chapter 7 for more detail).

5.6 The Details Panel

Driven by the weighted additive process, in which users browse through options in an
attribute-driven manner (e.g., how much extra has to be paid for a more convenient
location or cleaner environment), to confirm an item with a relatively higher value, two

design points are applied for the "List of objects" section.
1. Incorporating opinion attributes in item description

To facilitate attribute-driven comparisons, in addition to static features, each item
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should be described by opinion attributes instead of merely an overall user rating. As
regard to the value of opinion attributes, users want to look for not only numerical data
(i.e., the average rating and number of reviews) but also verbal data (i.e.,

adjective-noun word pairs) to learn the specific reason behind the numerical rating.
2. Horizontal list of items

The items can be represented by a horizontal list or vertical list. Horizontal movement is
faster and easier for the eye than vertical movement (because the action of vertical
rectus muscles is more complicated than that of the horizontal rectus muscles) [63], and
the computer screen is longer left-to-right than top-to-bottom (meaning more items
can be compared in a horizontal list). Thus, we adopt a horizontal list to visualize the set
of items. In particular, each item occupies a column and each attribute dimension is
represented by a row. The value difference between entities on each attribute is easier

to measure.



Chapter 6

Experiment on

Customer-Review-Embedded Filter

In this chapter, we perform a user study to compare two alternative designs for
a customer-review-embedded filter panel, called checkbox interface and slider
interface. Online hotel booking is adopted as the test domain. Through analysis
of objective and subjective measures, the effectiveness of incorporating
attributes extracted from customer reviews in the filter panel has been verified.
And the modified slider interface (visualizing the distribution of an attribute via
bars and the correlation among attributes via simultaneous change) obtains
higher scores regarding perceived decision accuracy, cognitive effort,

satisfaction and intention to use, compared to conventional checkbox interface.
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6.1 Experiment Interfaces

In this chapter, we compare two alternative designs that mainly differ in the filter panel,
called checkbox interface and slider interface, through a user study in the context of online
hotel booking. A dataset with 100 B&B (50 in Beijing and 50 in Rome) was used for the
experiment, and hotels’ specifications and reviews were crawled from Tripadvisor.com. Each
hotel is described by three static features (i.e., facility, address, price) and four attributes

extracted from customer reviews (i.e., cleanliness, location, service, value).

In the checkbox interface, the filter for each attribute is displayed in the form of an array of
N checkboxes. Every checkbox represents a different value range for an attribute, followed
by the number of entities within the range (shown in the bracket). For example, the filter for
price is composed of four checkboxes that denote different price ranges, namely, “20-30

Euros”, “30-40 Euros”, “40-50 Euros”, and “above 50 Euros” (see Figure 6.1).

No.78 Dongsi Jiutiac Ne.52 Dazhalan West Street No. 10 Xisi Beiertiao Ne.20 Dachaye Hutong
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subway.with plenty of close to all the sightseeing (10 min walk); authentic 10-20 min to metro
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hard to find
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Opinion: staff is always willing to help Opinion: Friendly helpful staff Opinion: nice and helpful Opinion
don't accept cradit cards he courtyard is noisy Wifi low helpful, ~ service-oriented

“

Figure 6.1 Screenshot of the checkbox interface

In the slider interface, nominal attributes (i.e., hotel facility and district) have discrete
values. For example, the variable representing facility might have values such as wifi,
kitchen, car parking, etc. In accordance with the manner of filtering, filters of nominal
attributes are represented in the form of a “press-and stick” toggle button. Sliders are used

for filters of numerical attributes (i.e. price and attributes extracted from customer reviews).
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Each slider has two independently movable "thumbs" that let a user define a range to show

data points that are greater than the smaller number but less than the larger number. For

example, the price slider sets a range of 19 Euros to 66 Euros (see Figure 6.2 (a)). Moreover,

as the user hovers over or moves either end of the price range, the price distribution of

hotels is shown via bars and the ranges of other attributes simultaneously change in pace

with the new price range through connecting lines (see Figure 6.2 (b)). The same is true for

other sliders.
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Figure 6.2 Screenshot of the slider interface
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The details panel basically follows the standard multi-column tabular layout, where one
product occupies one column. The static features appear at the top rows, while the opinion
attributes are in line with the positions of corresponding attributes in the filter panel.
Regarding each opinion attribute, both numerical values (i.e., the average rating and
number of reviews) and verbal values (i.e., negative and positive opinion words) are

presented.

6.2 Evaluation Framework

Given that the experiment’s objective is to identify whether the interface with sliders
outperforms checkboxes from the user’s perspective, in other words, whether users are
supported in making more effective and efficient product filters, the measurement is

conducted from both objective and subjective perspectives.
6.2.1 Objective metrics

Specifically, to understand the behavior in the two interfaces, we consider two objective

variables:

1. The attributes users adopted for narrowing down alternatives and
2. The time users consumed to finish each task

6.2.2. Subjective metrics

Except for above objective measures, the subjective measurement is mainly concerned with
users’ perceptions of the interface, i.e., the perceived usability of the interface. According to
ISO (International Organization for Standardization), usability is defined as “the extent to
which a product can be used by specified users to achieve specified goals with effectiveness,
efficiency, and satisfaction in a specified context of use” [94]. The definition consists of
three aspects: Effectiveness — the accuracy and completeness with which users achieve
certain goals, Efficiency — the resources expended in relation to the accuracy and
completeness of goals achieved, and Satisfaction — the user’s comfort with and acceptability

towards use of the system.
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Grounded in the framework, in this experiment we assessed users’ subjective perceptions
from three major aspects: decision accuracy, cognitive effort and satisfaction. To measure
these subjective perceptions, a set of questions were pre-designed mostly from existing
studies (see Table 6.1), where they were tested and found to have strong content validity

and reliability.
1. Decision Accuracy

The degree of accuracy users subjectively perceived while using a system is also called
decision confidence [73]. The confidence can be assessed by requiring users to rate a
statement, such as “l am confident that the subset of hotels | just got by means of filtering is
the best choice for me” on a Likert Scale ranging from “strongly disagree” to “strongly

agree”.
2. Cognitive Effort

Users’ perceived decision effort refers to the psychological cost of gathering and processing
information to make a decision. It represents the ease with which a subject can perform the
task of obtaining and processing relevant information [16], so statements such as “I easily

obtained and processed the relevant information to narrow down the hotels” are proposed.
3. Satisfaction

Satisfaction can be directly measured by asking users whether the system is enjoyable to
use [13]: “it is pleasant to use the filter function to narrow down alternatives”. In addition, it
can also be assessed indirectly by the extent to which a user is willing to return (i.e., user

loyalty) [26, 58], such as “if possible, | would like to use it in the future”.

Table 6.1 Questions to measure users’ subjective perceptions on two filter panel designs

Measured aspects Related questions

| am confident that the subset of hotels | just got by means of
Accuracy
filtering is the best subset for me.

| easily obtained and processed relevant information to
Cognitive effort
narrow down the hotels.
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Measured aspects Related questions

It is pleasant to use the filter function to narrow down

Satisfaction alternatives.

If possible, | would like to use it in the future.

Each question is answered on a 7-point Likert Scale ranging from 1 “strongly disagree” to

7 “strongly agree”.

6.3 Hypotheses

Hypothesis 1: On the basis of the results of preceding formative study that 68.1% of
participants (31/47) eliminated options in terms of customer reviews and the proportion of
users who adopted attributes extracted from customer reviews is significantly higher than
that using overall review score (26/47 vs. 5/47), it can be inferred that attributes extracted
from customer reviews play an important role in helping people narrow the range of
options under consideration. We therefore assume that participants depend highly on

opinion attributes to eliminate alternatives in both experimental interfaces.

Hypothesis 2: In light of design principles (see chapter 5.3 for more detail), the slider filter
tends to stimulate and facilitate users to consider the attribute distribution and correlation
when determining the cut-off value of an attribute. In other words, users likely perceive the
slider filter to be more competent in helping them make an informed and accurate product
filter in comparison to the checkbox format. Hence, we hypothesize that the slider interface
outperforms the checkbox interface in terms of the perceived accuracy and cognitive effort
for narrowing down alternatives. Consequently, users are more likely to be satisfied with it

and intend to use it in the future.

6.4 Procedure

To collect users’ actions and evaluations, we built an online experiment site, which included
the task description, evaluated interfaces, and after-study questionnaire. All users’ actions

were automatically recorded in a log file.
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The experiment was set up to compare two filter designs in a within-subject procedure. To
avoid any carryover effects, we developed two experiment conditions with a varied order of
showing the two interfaces. Participants were randomly assigned to one of the conditions.
In addition, every interface was associated with one task scenario related to hotel filter. The
two scenarios were randomly assigned to the two compared interfaces to avoid any biased

effects on the final results.

Step 1: At the beginning of this experiment, each participant was required to fill in his/her

personal background and E-commerce experiences.

Step 2: Next, participants were debriefed on the objective of the experiment and asked to

go through two tasks.

Scenario one: imagine that you will have a trip to Beijing with your friends on New Year’s
holiday and need to book a hostel online. The top 50 Beijing Bed and Breakfast (B&B) are
presented. Based on the value of each attribute (e.g., price and user rating), please narrow
down the hotels (by means of filtering) to a smaller subset (no less than one hotel) that you

are interested in for further consideration.

Scenario two: imagine that you will have a trip to Rome with your friends on Christmas, and
need to book a hostel online. The top 50 Rome Bed and Breakfast (B&B) are presented.
Based on the value of each attributes (e.g., price and user rating), please narrow down the
hotels (by means of filtering) to a smaller subset (no less than one hotel) that you are

interested in for further consideration.

Step 3: After finishing each task, users were asked to answer post-study questions about
their subjective perceptions with the interface they just used, concerning whether it

supported him/her in making an accurate and efficient decision (see Appendix 2).

Step 4: When the two tasks were completed, the participants were required to indicate

which interface they preferred and the reasons.
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6.5 Participants

We recruited 52 users. They are students pursuing Bachelor, Master or PhD degrees and
staffs at Politecnico di Milano. Table 6.2 gives their demographic profile. In the pre-study
questionnaire, they specified their frequency of Internet use (on average 4.94 “almost daily”,
S.D. =.42), e-shopping experiences (on average 3.63 “1-3 times a month”, S.D. =.91), and
online hotel booking experience (on average 2.60 “more than 3 times”, S.D. =.50), which

reflects that the test subjects are close to the population of target users.

Table 6.2 Demographic profile of participants in the experiment for filter panel

Gender female (26); male (26)

Age 21-30 (42); >30(10)

Major Electronics, Engineering, Architecture, etc.
Internet usage 4.94 (daily/almost daily), S.D.=.42
E-commerce shopping experience 3.63 (1-3 times a month), S.D.=.91

Online hotel booking experience 2.60 (more than 3 times), S.D.=.50

The average scores for ‘internet usage’ and ‘e-commerce shopping experience’ are on a
5-point Likert Scale from 1 ‘least frequent’ to 5 ‘very frequent’, and ‘online hotel booking

experience’ is on a 3-point Likert Scale.

6.6 Analysis of Results

After the study, we collected both objective and subjective measures. Because the same
participant evaluated both interfaces of the experiment, with the purpose to examine
whether there is a significant difference between the two interfaces, we analyzed data in
terms of dependent t-test or Wilcoxon signed-rank test depending on whether the sampling

distribution of these differences was normal [28].
6.6.1 Objective measures

For the time users expended on each interface, the results show that users on average took

105.65s (S.D. =100.17) with the checkbox interface to conduct narrowing down and 132.34s
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(S.D. =95.72) with the slider interface. Through a test of normality, the sample distribution
of the time difference is not significantly different from a normal distribution (P>.05). In
terms of the dependent t-test analysis, there is no significant difference in the task time
between the two interfaces, t (51) =-1.97, p>.05 (see Table 6.3). We can infer that although
participants are unfamiliar with slider filter, they do not need to spend extra time on it to

finish the task compared with traditional checkbox filter.

Table 6.3 Comparison on task time with two filter panel designs

Mean (S.D.) dependent t-test
Interface
(second) t df P
Checkbox 105.65 (100.17)
-1.97 51 .054
Slider 132.34 (95.72)

Moreover, we recorded the attributes users adopted for narrowing down options. Figure 6.3
lists the frequency of each attribute selection in the two interfaces. The high frequencies of

opinion attributes indicate that it is important to incorporate them in the filter panel.

M checkbox W slider

100%
80%
60%
40%
n
0% T T T T T T
facility district price clean location value service
review review review review

Figure 6.3 Attributes used to filter options

In the checkbox interface, the average number of attributes selected is 4.39 (S.D. =1.74), to
which static features and opinion attributes contribute 1.81 (S.D. =.73) and 2.58 (S.D. =1.41),
respectively. In the slider interface, an average of 3.6 (S.D. =1.70) attributes are used,
composed of 1.35 (S.D. =.76) static features and 2.25 (S.D. =1.55) opinion attributes. More

notably, significantly more opinion attributes were used to eliminate alternatives in both
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the checkbox interface (t (51) =-3.69, p<.05) and slider interface (t (51) =-3.51, p<.05) (see

Table 6.4).
Table 6.4 Comparison on the number attributes used to filter options
dependent t-test
Interface attribute Mean (S.D.)
t df P
Static 1.81(.73)
Checkbox -3.69 51 .001
Opinion 2.58 (1.41)
Static 1.35(.76)
Slider -3.51 51 .001
Opinion 2.25(1.55)

6.6.2 Subjective measures

We then analyzed users’ answers to the post-study questionnaire. Table 6.5 lists users’

average scores and the statistical analysis results.

We can observe that users gave more positive score on slider interface than on checkbox
interface as to their perceived decision accuracy (mean=5.44, S.D. =1.13 vs. mean=5.15, S.D.
=1.14), perceived cognitive effort ( mean=5.52, S.D.=1.28 vs. mean=5.00, S.D.=1.34),
pleasure (mean=5.69, S.D.=1.20 vs. mean=5.29, S$.D.=1.58) and intention to return
(mean=5.71, S.D.=1.35 vs. mean=5.33, S.D.=1.25). Because the distribution of these
differences between scores is normal, with dependent t-test, the statistical analysis further
shows that the slider interface obtains significantly higher rating in comparison with the
checkbox interface regarding Q2, “perceived effort”, with t (51) =-2.18, p<.05(1-tailed); Q3,
“pleasant to use”, with t (51) =-1.74, p<.05(1-tailed); and Q4, “intention to use it in future”,
with t (51) =-1.79, p<.05(1-tailed). Because we predicted that the slider interface

outperforms the checkbox interface, in this case, we used one-tailed test.



Experiment on Customer-Review-Fmbedded Filter| 105

Table 6.5 Comparison on users’ subjective perceptions on two filter panel designs

dependent t-test

Interface Mean (S.D.)
t df P (1-tailed)

Q1. | am confident that the subset of hotels | just got by means of filtering is the best
choice for me. (perceived accuracy)
checkbox 5.15(1.14)

-1.65 51 .052
slider 5.46 (1.09)

Q2. | easily obtained and processed relevant information to narrow down the hotels.

(perceived effort)
checkbox 5.00 (1.34)

-2.18 51 .017
slider 5.52 (1.28)

Q3. Itis pleasant to use the filtering function to narrow down alternatives.

checkbox 5.19 (1.62)

-1.74 51 .044
slider 5.53 (1.16)
Q4. If possible, | would like to use it in the future.
checkbox 5.28 (1.16)

-1.79 51 .040
slider 5.69 (1.43)

In the post-study questionnaire, users were asked to choose the interface they preferred. 65%
of users (34 out of 52) favored the slider interface, whereas the other 35% of users (18 out
of 52) liked the checkbox interface (see Figure 6.4). With Chi-square test, significantly more
people liked the slider interface, x?(1) =4.92, p<.05. The results again confirm the

superiority of the slider filter.

100%

80% 65%
60%

35%
40%

20% -

0% -
checkbox slider

Figure 6.4 Users’ preferences on two filter panel designs
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6.6.3 Users’ comments

33 users gave their comments on why they liked/disliked the two interfaces. We learned
that there were 4 main reasons users preferred the slider filter. They were (1) more intuitive
(6 users), e.g., “it shows the information directly to me so that | can see the all details
without doing anything, like clicking to open the details, whereas checkbox causes more
actions to get the information”; (2) more precise (4 users), e.g., “I can choose the score
more precisely compared with ‘good’ or ‘very good’ in checkbox”; (3) easier to learn the
distribution of an attribute (3 users), e.g., “ it is easy for me to pick up the ‘main stream’
zone”; and (4) accessible to the attribute correlation (6 users), e.g., “the available region of
different attributes are related, showing how the change of one preference will affect the

others, this eases the procedure of compromising between attributes”.

In contrast, users who expressed preference on the checkbox interface mentioned (1) “the
checkbox format is simpler to understand” and (2) “this way is more familiar to me”. The
responses are not uncommon because the checkbox is the conventional form for filtering;

some people do not like change but insist on traditional forms.

6.7 Discussion

As a summary, the user study mainly addressed two questions:
1. Is it useful to embed opinion attributes in filters?

The results of the preceding formative study showed that 68.1% of participants (31/47)
eliminated options in terms of customer reviews, and the proportion of users who
adopted attributes extracted from customer reviews is significantly higher than that
using an overall review score (26/47 vs. 5/47). Driven by these phenomena, we
incorporated opinion attributes in our filter design. By recording the attributes selected
in eliminating options, the results again empirically verified that in both interfaces users
frequently utilized opinion attributes to narrow the range of options under

consideration. The findings reinforced the important role of opinion attributes in filters.
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Is the modified slider presentation for filters more effective than the conventional

checkbox form?

Our study empirically proved the superiority of the modified slider form compared with
traditional checkbox filter by asking participants to perform several tasks requiring an
interaction with the system. Through analysis of both objective and subjective measures,
we found that the time users expended on each interface was not significantly different,
but users gave higher score on the slider interface as to their perceived decision
accuracy, perceived cognitive effort, pleasure and intention to return (most of the
differences reached a significant level). The final interface preference again supports the
hypothesis that slider filter performs better. Moreover, user comments revealed that
participants are fully aware of the advantages of the modified slider filter in helping

users more effectively and efficiently determining cut-off values.






Chapter 7

Experiment on

Customer-Review-Embedded Sorting

In this chapter, we compare three alternative designs that primarily differ in the
way of eliciting relative importance (i.e., weight) of attributes, called direct
assessment, indifference method, and indirect measurement. Online hotel
booking is adopted as the test domain. Through analysis of objective and
subjective measures, the multi-attribute sorting embedded with opinion
attributes is verified to be beneficial to consumer online purchasing. Moreover,
the direct way outperforms the indifference and indirect ways regarding
perceived decision accuracy, cognitive effort, satisfaction and intention to use in

an E-commerce environment.
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7.1 Experiment Interfaces

The user study in chapter 6 demonstrated that the slider interface performs better in
E-commerce. Hence, as the foundation of the interface design in this chapter, its filter panel

is in accordance with the slider interface.

The sorting panel employs an N-item dropdown list, which supports users in sorting options
by one or more attributes with low space consumption (see Figure 7.1). More concretely,
users can freely select the attributes they would rely on by clicking their checkboxes. As the
default, entities are sorted by price because the results of the preceding formative study
revealed that customers most frequently compared alternatives on price to make their

purchase decisions.
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Figure 7.1 Screenshot of the multi-attribute sorting

When more than one attribute is selected, the questions for eliciting attribute weights are
represented in three different ways: (1) direct assessment, asking users to directly assign
weights to attributes (Figure 7.2 (a)); (2) indifference method, modifying one of two sets of
stimuli until subjects feel that there is no difference between the two (Figure 7.2 (b)); and (3)
indirect measurement, giving a preference ratio on a pair of alternatives (Figure 7.2 (c)). Users

can specify their judgments by selecting from a list of interval-scaled options.
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7.2 Research Questions

We are interested in clarifying three issues through this experiment:

Although it has been known that many users compare alternatives from multiple
dimensions in online shopping, existing E-commerce only supports users in sorting entities

by a single attribute. This situation raises the following questions:
-Q1: Is it useful to provide multi-attribute sorting function in an E-commerce environment?

In general, the attributes with respect to customer reviews utilized in sorting are an overall
user rating and the number of reviews. However, our formative study found that users
depend more on opinion attributes (e.g., cleanliness) than on an overall user rating to make

decisions.
-Q2: Is it beneficial to incorporate opinion attributes in multi-attribute sorting?

Concerning the three alternative designs for eliciting the relative importance of attributes,
i.e., direct assessment, indifference method and indirect measurement, though it has been
stated that in direct assessment the value ranges of attributes should be accompanied to
avoid bias and pair-comparison outperforms individual rating for indirect measurement,
previous experiments did not empirically prove which is more effective to elicit attributes’

weights in an E-commerce environment.

-Q3: Which interface design is superior with respect to the effectiveness of improving

consumer purchase decisions?

7.3 Measurement

Given that the objective of the experiment is to identify how users can be supported to
perform informed and effective product sorting, similar to the user study in chapter 6, we

assessed both objective metrics and subjective perceptions.
7.3.1 Objective metrics

More concretely, we recorded the following users’ behaviors in the three interfaces:
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1. Which attributes did users adopt to sort alternatives?

2. Which alternative did participants save in their shopping cart and is it the alternative
located first after sorting? We calculate the percentage of times each method correctly

predicted each individual’s first choice.
3. How long did it take to finish each task?
7.3.2 Subjective perceptions

With the purpose of evaluating users’ perceptions with the three ways of eliciting attribute
weight, subjective measurement is collected from three aspects based on the definition of
“usability”: decision accuracy, cognitive effort and satisfaction. The associated questions are
roughly the same as those in the preceding user study but with a slight modification to
accommodate the different interfaces (see Table 7.1 for the details). Each question is
answered on a 7-point Likert Scale ranging from 1, “strongly disagree”, to 7, “strongly

agree”.

Table 7.1 Questions to measure users’ subjective perceptions on three sorting panel designs

Measured aspects Related questions

| am confident in my selection on

the importance weight of different attributes/
Decision accuracy

the price to make the equation true/

the preference ratio between two hotels.

It is easy to answer the required questions to sort the hotels (e.g.,
Cognitive effort

selecting the importance weight/the price/the preference ration).

It is pleasant to use the sorting function to rank alternatives.

Satisfaction
If possible, | would like to use it in the future.

7.4 Tasks and Procedure

To provide within-subject control in comparing the three designs, each participant was

required to assign weights to attributes in three different ways. Considering
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counterbalancing, we developed six conditions showing the different interfaces in varied

order (see Figure 7.3). Participants were assigned randomly to one condition.

Interface 1 —= Interface 2 -= Interface 3
Interface 1—=» Interface 3 —» Interface 2
Interface 2—> Interface 1 — Interface 3
Interface 2—> Interface 3 —= Interface 1
Interface 3—> Interface 1 —= Interface 2

Interface 3 —= Interface 2 —= Interface 1

Figure 7.3 The order of showing three alternative interfaces

7.4.1 Tasks

Every interface was associated with one task scenario. To avoid any bias, the three tasks
were randomly assigned to the three compared interfaces. For each task, we manually
retrieved 10 comparable hotels from the dataset. No hotel is dominated by another; that is,

no one outperforms another in all attributes.

Task one: imagine that your parents are retired and recently planned to visit Beijing. They
told you to help them book a hotel located around Tian’an men because the major

attractions are nearby. Ten popular hotels near to Tian’an men are listed.

Task two: imagine that you and your wife/husband would travel to Rome for your wedding
anniversary and need to book a hotel online. Considering the attractions to visit, ten hotels

near the Colosseum and Trevi Fountain (wishing well) are presented.

Task three: imagine that you and your friend will travel to beijing to experience “hutong”
culture. You know that the houhai area is famous for “hutong”. Thus, you plan to book a

hostel near houhai. Ten popular hotels near to houhai are listed.

Please sort hotels by one or more attributes and add the most suitable hotel to the

shopping cart for further consideration.

7.4.2 Procedure

Similar to the user study in chapter 6, to facilitate participants to take part in the

experiment, an online procedure was created. Users’ behaviors and answers were
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automatically recorded in log files.

Step one: At the beginning, each participant was required to fill out his/her demographic

profile and e-commerce experience (see Appendix 1 for detail).

Step two: Then, he/she was asked to imagine that he/she is in the scenario and use the
assigned interface to select the most suitable one. After each task, he/she evaluated the
interface that he/she just used by answering post-study questions as to if it supported

him/her in making an accurate and efficient decision (see Appendix 3 for detail).

Step three: When all the tasks were completed, each participant was asked to indicate

which interface he/she liked the most and the reason.

7.5 Participants

We recruited 45 new subjects to take part in the experiment. The demographic profile is
basically similar to the user study in chapter six regarding internet usage, E-commerce and
online hotel booking experience, without significant differences by independent t-test

(p>0.1) (detailed demographic information is shown in table 7.2).

Table 7.2 Demographic profile of participants in the experiment of sorting panel

Gender female (20); male (25)

Average age <=20 (2); 21-30 (39); >30(4)

Major Mechanical engineering, design, computer, etc
Internet use 4.98 (daily/almost daily), S.D.=.15

E-commerce shopping experience 3.6 (1-3 times a month), S.D.=.96

Online hotel booking experience 2.29 (1- 3 times), S.D.=.76

The average scores for ‘internet usage’ and’ e-commerce shopping experience’ are on a
5-point Likert scale from 1, ‘least frequent’, to 5, ‘very frequent’, and ‘online hotel booking

experience’ is on a 3-point Likert scale.
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7.6 Analysis of Results

Because the same participants took part in all three tasks of the experiment, we analyze
whether there are significant differences between the three interfaces by
repeated-measures ANOVA or Friedman’s test depending on whether the sampling

distributions within groups are normal [28].
7.6.1 Objective measures

With respect to the time users on average expended on each interface, the results show
that direct assessment took on average 110.23s (S.D.= 155.04) for users to sort alternatives
until making a choice, while indifference too k 92.47s (S.D.= 94.96) and indirect-measure
took 108.01s (S.D.= 85.62). Mauchly’s test indicated that the assumption of sphericity (i.e.,
both the variances across conditions and the covariances between pairs of conditions are
equal) had been violated, x%(2) =9.51, p<.05, therefore multivariate tests are reported ( €
=.83). The results show that there is no significant difference between them, V=.04, F (2, 43)

=.98, p>.05, as shown in Table 7.3.

Table 7.3 Comparison on task time with three sorting panel designs

Mean(S.D.) Repeated-measures ANOVA
Interface
(second) Value F Hypothesis df  Error df P
direct 110.23 (155.04)
indifference 92.47 (94.96) .04 .98 2 43 .382
indirect 108.01 (85.62)

To further understand how users actually behaved in the three interfaces, we measured the
attributes they used to sort options. On the whole, 73.3%, 73.3% and 80% of participants
sorted options by more than one attribute in the direct, indifference and indirect interfaces,
respectively. Users on average sorted by 3.33 attributes (1.53 static features &. 1.80 opinion
attributes) in the direct-assessment; 3.27 attributes (1.58 static features & 1.69 opinion
attributes) in the indifference-method; and 3.09 attributes (1.49 static features & 1.60

opinion attributes) in the indirect-measurement. The number of attributes used in sorting is
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not significantly affected by the interfaces, V=.03, F (2, 43) =.68, p>.05 (see Table 7.4).
Hence, it can be inferred that the multi-attribute sorting function assists and stimulates

users in considering trade-offs among attributes.

Table 7.4 Comparison on the number of attributes used to sort options

Repeated-measures ANOVA

Interface Mean(S.D.)

Value F Hypothesis df Error df P
direct 3.33 (2.00)
indifference 3.27 (1.89) .03 .68 2 43 .514
indirect 3.09 (1.62)

Figure 7.4 represents the percentage of people who sorted by static features, opinion
attributes or both in the three interfaces. Overall, 72%, 62% and 67% of users referred to
opinion attributes in the three interfaces. The high reference frequencies indicate the

benefit of incorporating opinion attributes in sorting.

Edirect mindifference indirect
80%
60%
40% —
20% - —
O% I T - T
static features opinion attributes both

Figure 7.4 Attributes used to sort options

The proportions of users who actually did choose the predicted option as the most suitable
choice were 62%, 38% and 52% in the three interfaces (see Figure 7.5). We can see that the
direct interface most correctly predicted each individual’s choice, followed by the indirect

interface; the indifference interface led to the worst prediction.

80% 62%
60% 32%
38%
40%
O% T T 1
direct indifference indirect
assessment method measurement

Figure 7.5 The frequency of correct prediction
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7.6.2 Subjective measures

We then analyzed users’ answers to the post-study questionnaire. As described above, each
guestion was answered on a 7-point Likert scale (from 1”strongly disagree” to 7 “strongly

agree”). Table 7.5 lists users’ average scores and the significance analysis results.

We can observe that users gave more positive score to the direct assessment than to both
indifference method and indirect measurement for all four questions, including their
perceived decision accuracy (Q1l), cognitive effort (Q2), pleasantness to use (Q3) and
intention to return (Q4). The statistical analysis shows that the type of interface significantly
affects the perceived accuracy (Mauchly’s test indicated that the assumption of sphericity
had been violated, ¥%(2) =10.30, p<.05, therefore multivariate tests are reported ( ¢ =.82), F
(2, 43) =4.26, p<.05), cognitive effort (F (2, 88) =6.00, p<.05), pleasantness to use (F (2, 88)

=9.82, p<.05) and satisfaction (F (2, 88) =8.21, p<.05).

The pairwise comparisons further show that direct interface obtained significantly higher
score than indirect interface regarding Q1 “perceived accuracy” and significantly higher
scores than both indirect measurement and indifference method regarding Q2 “cognitive

effort”, Q3 “pleasantness to use” and Q4 “intention to return”.

Table 7.5 Comparison on users’ subjective perceptions on three sorting panel designs

Repeated-measures ANOVA
Interface Mean (S.D.)

F P

Q1. | am confident in my selection on the importance weight of different attributes/ the price to
make the equation true/ the preference ratio between two hotels. (perceived accuracy)

Direct 5.64 (1.25)
Indifference 5.31(1.35) F(2,43)=4.26 .020
Indirect 5.22(1.28)
. . Mean difference
(1) interface (J) interface (1) Std. Error P
Direct Indifference .33 21 .363
Indirect A2 14 .016

Q2. It is easy to answer the required questions (i.e., selecting the importance weight/the
price/the preference ration) to sort the hotels. (perceived effort)

Direct 5.69 (1.28)

Indifference 5.11(1.37) F (2, 88) =6.00 .004
Indirect 5.24 (1.45)
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Repeated-measures ANOVA

Interface Mean (S.D.)
F P
) . Mean difference
() interface (J) interface (1) Std. Error P
Direct Indifference .58 .18 .007
Indirect 44 17 .036

Q3. It is pleasant to use the sorting function to rank alternatives.

Direct 5.87 (1.27)
Indifference 4.98 (1.55) F(2,88)=9.82 .000
Indirect 5.22 (1.44)
) ] Mean difference
(1) interface (J) interface (1) Std. Error P
Direct Indifference .89 21 .000
Indirect .64 .22 .014
Q4. If possible, | would like to use it in the future.
Direct 5.91 (1.40)
Indifference 5.31(1.47) F(2,88)=8.21 .001
Indirect 5.36 (1.45)
) ] Mean difference
(1) interface (J) interface (1) Std. Error P
Direct Indifference .60 .15 .001
Indirect .56 .18 .010

In the post-study questionnaire, users were asked to choose the interface they preferred.

68.9% of users (31 out of 45) favored direct assessment, followed by 20% (9 out of 45) who

liked indirect measurement and 11.1% (5 out of 45) who preferred indifference method (see

Figure 7.6). With Chi-square test, the difference is significant (x?(2) =26.13, p<.05). The

findings again confirm the superiority of direct interface.

30
20
9
10 5
, == B
direct indifference indirect
assessment method measurement

Figure 7.6 Users’ preferences on three sorting panel designs
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7.6.3 Users’ comments

37 users gave their comments on the reasons why they liked/disliked the three interfaces.

We learned that the reasons associated with direct assessment are mainly that “it is clear to

understand how to operate”, “it is easy to make a judgment”, and “it is simple and

convenient”. The reasons some users liked indirect measurement are that “it is good to

learn preference through hotel comparison” and “it caters to the desire for novelty”. In

comparison, most users expressed weak points related to indifference method, including

“having no confidence in the price”, “Difficulty in giving the answers. | was not able to

answer in a meaningful way how much | do pay for ‘location=3.8" compared with € 54and

location 4.8"".

7.7 Discussion

Here, we answer the questions that we proposed at the beginning of the study.

1.

Is it useful to provide multi-attribute sorting in E-commerce?

The conventional sorting panel in current E-commerce allows users to sort alternatives
by a single attribute that is thought of as the most important. Though it was recognized
that some people explicitly consider trade-offs among values instead of using a
non-compensatory heuristic, few works have been devoted to facilitating this process.
In our study, it was found that more than 80% of users sorted options by multiple

attributes rather than a single attribute when they were provided with such support.

Is it beneficial to incorporate opinion attributes in sorting?

The majority of users, i.e., more than 60%, sorted options by both static features and
opinion attributes. In addition, the average number of opinion attributes utilized in

sorting was more than that of static features.

Which way performs better to elicit the relative importance of attributes in online

purchasing?

Though there are different ways to elicit the weights of attributes, few works have

empirically identified which interface is superior in the environment of online shopping.
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Through comparison of three interfaces, we found that the direct assessment is more
effective, whereas the indifference method is the least informative. The indirect
measurement turns out to be in the middle. Objectively, direct interface correctly
predicted individual’s first choice more times compared to indifference and indirect
interfaces. Subjectively, users gave higher score on direct interface in terms of
perceived decision accuracy, cognitive effort, pleasantness and intention to use. The
final interface preference again verifies the advantage of direct assessment in an online

environment.






Chapter 8
Conclusion

Motivated by the results of a series of user studies, we have derived a set of
guidelines on how to design interfaces for user decision improvement in
E-commerce. Then, we point out the limitations in our research and propose

several relevant research topics that we can work on in the future.
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8.1 Design Guidelines

In the following, the design guidelines will be elaborated in terms of three primary
interfaces: the interface for screening out interesting alternatives, the interface for

evaluating alternatives in detail and the interface for comparing candidates.
8.1.1 The interface for screening out interesting alternatives

The results of the formative study show that in the process of screening out interesting
alternatives, 94% of participants began by narrowing down the set of options in terms of
Eliminate-by-aspect (EBA) strategy. The majority of them (55.3%) eliminated alternatives by
both static features and customer reviews. Moreover, significantly more users employed
opinion attributes (e.g., cleanliness and location) to execute an attribute-driven action,

compared to those using an overall user rating.

In the experiment of comparing two alternative designs for an opinion-attribute-embedded
filter panel, we recorded the attributes users adopted to eliminate options. The results
show that participants depended highly on opinion attributes as well as static features in
both interfaces, which again demonstrated the benefit of incorporating opinion attributes in

filters. Therefore, we propose the following design guideline:
Guideline 1: Include both static features and opinion attributes in filter panel

The generation of cut-off values does not always follow stable preference, but is contingent
on the characteristics of tasks. Grounded in the results of the formative study, we notice
that the cut-off value of an attribute is influenced by its value distribution and correlation
with other attributes, in addition to user’s stable favor. More concretely, when determining
the cut-off value of an attribute, users often browse its value distribution to avoid invalid
filter, such as no/too many options available due to strict/loose restraints. Meanwhile, users
who explicitly consider trade-offs among attributes (i.e. EBA+ADDIF) more frequently refer
to the correlation among attributes for determining cut-off values. For example, someone
explores a hotel with a price above his/her original price limit just to see how much better it

is. If it greatly exceeds expectation the cut-off may be shifted, whereas, the cutoff is
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reinforced. We hence conclude the guideline:

Guideline 2: To help users effectively determine cut-off values, provide an easy access to the

value distribution of each attribute and the correlation among attributes.

Based on the findings of the formative study, we developed two alternative designs for an
opinion-attribute-embedded filter panel, respectively called checkbox interface and slider
interface. In checkbox interface, the filter for each attribute is represented in the form of an
array of N checkboxes, which is utilized in most E-commerce websites. Each checkbox
standing for a certain value range on one dimension is followed by the number of entities
with values within the range. In slider interface, users can narrow down the displayed
subset by dragging the knobs of each slider. Moreover, when hovering over or moving the
knob of a slider, the value distribution of the attribute is visualized via bars and the
correlation among attributes is represented via simultaneous change (i.e., when the range
of one attribute is changed, the corresponding knobs of other attributes and connecting
lines will simultaneously move). Then, we conducted a user study comparing the two
interfaces by asking users to perform several tasks requiring an interaction with the
interfaces. The results show that the slider interface can stimulate and facilitate users to
consider trade-offs among attributes and achieves significantly higher user assessments in
terms of perceived decision accuracy, perceived ease of use, satisfaction and intention to

use. In terms of these results, we propose that:

Guideline 3: The filter for a numerical attribute can be represented in the form of modified
slider, which visualizes the value distribution via bar charts and correlation among attributes

via simultaneous change

The above three design guidelines with respect to filter panel are applied in online hotel

booking as an example (see Figure 8.1).
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LY HOTELS

LY HOTELS

No.78 Dongsi Jiutiao

(2.3 km away from Befjing Workers’
Sports Complex)

Price: 41 Euro

Clean

Rating: 3.8 (out of 5) by 135 travlers
Opinion: Clean and has all the basic
amenities for a hostel
no shower and shamboo

Location

Rating: 4.4 (eut of 5) by 132 travlers

Opinion: Good location near the
subway,with plenty of
restaurants and shops

Value

Rating: 4.1 (eut of 5) by 136 travlers
Opinion: worth paying that money
a bit expensive

Service

Rating: 4.5 (eut of 5) by 135 travlers
Opinion: staff is always willing to help
don't aceept credit cards

No 52 Dazhalan West Street

(3 km away from The Temple of
Heaven)

Price: 28 Euro

Clean

Rating: 3.2 (out of 5) by 176 travlers
Opinion:
Dirty and messy in the dorm
and common bathrooms

Location

Rating: 4.4 (out of 5) by 175 travlers
Opinion:
close to all the sightsesing

Value

Rating: 3.5 (out of &) by 178 travlers

Opinion: Prices for foed and drink were
very cheap

Service

Rating: 3.7 (eut of 5) by 175 travlers
Opinion: Friendly helpful staff
The courtyard is noisy.

(a) Mouse-out

No.78 Dengsi Jiutiao
(2.3 km away from Beijing Workers®
Sports Complex)

Price: 41 Euro

Rating: 3.8 (out of 5) by 135 travlers.
Opinion: Clean and has all the basic
amenities for a hostel
no shower and shamboo

Location

Rating: 4.4 (out of 5) by 132 travlers

Opinion: Good location near the
subway,with plenty of
restaurants and shops

Value

Rating: 4.1 (out of 5) by 136 travlers
Opinion: worth paying that money
abit expensive

Service

Rating: 4.5 (out of 5) by 135 travlers
Opinion: staff is always willing to help
lon't accept credit cards

(b)

Ne.52 Dazhalan West Street
(3 km away from The Temple of
Heaven)

Price: 28 Euro

Clean

Rating: 3.2 (out of 5) by 176 travlers
Opinion:
Dirty and messy in the dorm
and common bathrooms

Location

Rating: 4.4 {out of 5) by 175 travlers
Opinion:
close to all the sightsesing

Value

Rating: 3.5 (out of 5) by 178 travlers
Opinion: Prices for food and drink were
very cheap

Service

Rating: 3.7 (out of 5) by 175 travlers
Opinion: Friendly helpful staff
e courtyard is noisy.

Mouse-over

Figure 8.1 Example of filter panel design

No. 10 Xisi Beiertiao
(1.7 km away from xidan)

Price: 56 Euro

Clean

Rating: 4.1 (out of 5) by 27 travlers
Opinion: Lovely decorated rooms
alittle small

Lecation

Rating: 4.1 (out of 5) by 27 travlers

Opinion: close to the subway station
(10 min walk) authentic
experience in hutong
hard to find

Value

Rating: 4 (out of ) by 28 traviers
Opinion: good value for money
3 bit expensive

Service

Rating: 4.6 (out of 5) by 28 travlers
Opinion: nice and helpful
Wi low

No.10 Xisi Beiertiao
(1.7 km away from xidan)

Price: 56 Euro

Clean

Rating: 4.1 (out of 5 by 27 travlers
Opinion: Lovely decorated rooms
alittle small

Location

Rating: 4.1 (out of 5) by 27 travlers
Opinion: close to the subway station
min walk), authentic
experience in hutor
Rar to find "

Value

Rating: 4 (out of 5) by 28 travlers
Opinion: good value for money
2 bit expensive

Service

Rating: 4.6 (out of 5 by 28 travlers
Opinion: nice and helpful
Wi low

No.20 Dachaye Hutong
(2.5 km away from xidan)

Price: 34 Euro

Clean

Rating: 3.7 (out of 5) by 265 travlers
Opinion: reasonable clean
small & mould bathroem

Location

Rating: 3.7 (out of 5) by 267 traviers
Opinion: authentic Chinese alley
0-20 min to metre

Value

Rating: 3.9 (out of §) by 273 travlers
Opinion: value for money
igh price for the quality

Service

Rating: 4.2 (out of ) by 265 travlers
Opinion:

helpful, ~ service-oriented

No.20 Dachaye Hutong
(2.5 km away from xidan)

Price: 34 Euro

Clean

Rating: 3.7 (out of 5) by 265 travlers
Opinion: reasonable clean
small & mould bathroom

Location

Rating: 3.7 {out of 5) by 267 travlers
Opinion: authentic Chinese alley
10-20 min to metro

Value
Rating: 3.9 (out of 5) by 273 travlers

Opinion: value for money
Fiah price for the auaity

Service

Rating: 4.2 (out of 5) by 265 travlers
Opinion:
Ipful,  service-oriented

In the formative study, we notice that 24% (12/50) of participants selected alternatives with

the best value on a single attribute (i.e. Lexicographic); whereas, 40% of participants (20/50)

turned to more compensatory strategy (i.e. Weighted Additive Difference) after narrowing

down alternatives to a smaller set. In other words, they compared the remaining

alternatives on multiple attributes and then selected the alternative with the best weighted
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additive value. More notably, both participants who selected alternative by a single
attribute and those who made their decisions by multiple attributes depended highly on

opinion attributes. Here we suggest the following two design guidelines:

Guideline 4: Enable users to sort alternatives by multiple attributes and provide the access

to give different weights to attributes.
Guideline 5: In addition to static features, integrate opinion attributes into sorting panel.

Grounded in these user decision making behaviors, we developed multi-attribute sorting
panel embedded with opinion attributes. Furthermore, when more than one attribute is
selected, the multi-attribute sorting panel expands to three alternative designs that mainly
differ in the way of eliciting relative importance of attributes, (1) direct assessment: asking
users to directly assign weights to attributes, (2) indifference method: modifying one of two
sets of stimuli until subjects feel that there is no difference between the two, and (3)
indirect measurement: giving relative preference on pairs of alternatives. In the user study,
participants were required to sort options by one or more attributes and select the most
suitable alternative with the assistance of three designs. Through analysis of objective and
subjective measurements, the effectiveness of multi-attribute sorting function was verified,
whereby, on average, more than 80% of participants sorted options by more than one
attribute in three interfaces. Users gave significantly higher rating to the direct assessment
than to indifference method and indirect measurement regarding perceived decision

accuracy, cognitive effort, satisfaction and intent to use.

Guideline 6: For different ways of eliciting relative importance of attributes, directly asking
users to assign weights performs better, regarding improving decision accuracy, effort and

satisfaction, in E-commerce environment.
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As shown in Figure 8.2, we apply the three design guidelines concerning sorting panel in

online hotel booking.
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Beijing Top 50 B&B

User Rating

No. 6 Dengcao Hutong,
Dongeheng District, (Tian'anmen)

Price: 35 Euro

B

price

distance
clean
location (out of 5), by 83 travelers
value in and neat
clean enough
service

Rating: 4.8 (out of 5), by 83 ravelers
Opinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers
‘Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 ravelers
Opinion: friendly staff

No. 6 Dengcao Hutong,
Dongeheng District, (Tian'anmen)

Price: 23 Euro

Clean
Rating: 4.8 (out of 5), by 83 travelers

Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 ravelers
Opinion: near to mstra

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

No. 6 Dengcao Hutong,
D District, (Tian' )

No. 6 Dengcao Hutong,

Price: 32 Euro

Clean
Rating: 4.8 (out of 5), by 83 travelers
Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 ravelers
Qpinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

D District, (Tian'anmen)

Price: 35 Euro

Clean
Rating: 4.8 (out of 5), by 83 travelers

Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 travelers
Qpinion: near to meirs

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

service
Rating: 4.8 (cut of ), by 83 travelers
Opinion: friendly staff

(a)

No. 6 Dengcao Hutong,
Dongeheng District, (Tian'anmen)

Price: 35 Euro

Importance (0-1)
price 2050 1

distance 0.2-1.6km 1
1

clean 08
06 | Jlers
location 04
02
value
service

Rating: 4.8 (out of 5), by 83 travelers
Opinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

No. 6 Dengcao Hutong.
Dongeheng District, (Tian‘anmen)

Price: 23 Euro

Clean
Rating: 4.8 (out of 5, by 83 travelers
Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 travelers
Opinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

selecting a single attribute to sort options

No. 6 Dengcao Hutong,

No. 6 Dengcao Hutong,

D District, (Tian" )

Price: 32 Euro

Clean

Raling: 4.8 (out of 5), by 83 travelers
Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 travelers
Opinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers.
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

D District, (Tian'anmen}

Price: 35 Euro

Clean
Rating: 4.8 (out of 5), by 83 travelers
Opinion: clean and neat

Location
Rating: 4.8 (out of 5), by 83 travelers
Opinion: near to metro

Value
Rating: 4.8 (out of 5), by 83 travelers
Opinion: good value for money

Service
Rating: 4.8 (out of 5), by 83 travelers
Opinion: friendly staff

(b) Selecting multiple attributes to sort options

Figure 8.2 Example of sorting panel design

Check Out

Check Out
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8.1.2 The interface for evaluating alternatives in detail

In the second task of the formative study, each participant was required to decide whether
to save an entity as a purchase candidate by evaluating its detailed information. The
analysis of the results show that participants were mainly concerned with three types of
information: static features, item sample and customer reviews. More concretely, the
number of participants reading reviews in a feature-driven manner is significantly larger
than the number of participants doing so in a holistic manner, x?(1) =23.27, p<.05. We

come up with the following design suggestion:

Guideline 7: The information in detail page should include static features, item sample and
customer reviews. Customer reviews should be categorized according to the features of the

item being rated.

For each opinion attribute, users firstly inspected its numerical values to gain a quick
understanding on how much it is liked or disliked. In the formative study, 24% and 39% of
participants evaluated the average rating and average rating plus the number of reviews,
respectively. Whereas, due to that opinion often changes over time, the other 37% also
read the time distribution of all and the 5-point customer reviews to examine whether

there is a download trend for customer reviews.

Guideline 8: In addition to the average rating and number of reviews for each opinion
attributes, represent the time distribution of customer reviews to support the analysis of

temporal evolution.

In addition to numerical values of each opinion attribute, participants inspect its verbal
values to get information about why that rating was given. In the formative study, 7%, 56.5%
and 36.5% of participants referred to adjective-noun word pairs, raw reviews and both,
respectively. Overall, 93% of participants read raw reviews (i.e. the textual comments) to
assist in the context understanding behind positive/negative reviews. Due to the large
quantity of raw reviews, participants performed two types of behavior: seeking the latest

and/or the most negative reviews.
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Guideline 9: Couple numerical values with verbal values (i.e., adjective-noun word pairs
and raw reviews) for each opinion attribute. And facilitate users to inspect the latest and

most negative reviews.

8.1.3 The interface for comparing candidates

At the third stage of online purchasing, users compare the selected candidates to confirm
the final choice. There are three types of information that participants would compare at
this stage: (1) static attributes, (2) item sample and (3) customer reviews. The formative
study show that participants who adopted a compensatory strategy at stage one, i.e.
EBA+ADDIF, focused significantly more on customer reviews (x> (1) =16.59, p<.001) and less
on photos (x* (1) =7.34, p<.01) compared to participants who adopted non-compensatory
strategies, i.e. EBA, LEX and EBA+LEX. More notably, significantly more participants used
{opinion attribute, sentiment} pairs extracted from customer reviews to perform
feature-by-feature and side-by-side comparison between products, compared to those

merely referring to an overall review score, x* (1) =10.7, p<.001.

Guideline 10: In comparison interface, present static feature, item sample and customer
reviews for each entity. Moreover, customer reviews should be summarized in the form of

{opinion attribute, sentiment} to facilitate attribute-driven comparison.

With respect to opinion attributes, the majority of participants made their decisions based
on numerical values (e.g. the average rating and number of reviews), followed by a
combination of numerical and verbal values. The smallest proportion relied on only verbal

values (i.e., adjective-noun word pairs).

Guideline 11: Represent both numerical values and verbal values toward each opinion

attribute.

To confirm the final choice, consumers calculate value differences on multiple attributes
across candidates and sum over the differences to select the alternative with the best
overall evaluation. Because time and self-reported effort of executing a choice strategy can

be estimated in terms of the time and effort associated with each elementary information
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process, so decision effort can be reduced by facilitating the calculation and add of value

differences.

Guideline 12: Enable users to easily calculate and sum value differences on each attribute

across alternative.

8.2 Limitations

1. Ecological validity

In research, the ecological validity of a study means that the methods, materials and setting
of the study must approximate the real-world that is being examined [96]. In our formative
study that aims to formally detect users’ behaviors, all relevant information is hidden in
boxes until the subject moves mouse to click, which is less similar to real-world process.
However, the computerized process tracing technique is not likely to have substantial

influence on the research questions we investigated.
2. Generalization

In our research, design solutions are applied in online hotel booking. However, depending
on the different importance and irreversibility of decision task, the relative weight placed in
various goals (maximizing accuracy and minimizing effort) is different, so decision making
behavior can vary greatly. For high-risk task, such as purchasing a house or choosing a
spouse, decision maker will give more weight on accuracy, so that referring to extensive
amount of information and applying more compensatory decision strategies in order to
make a decision as best as possible. On the contrary, for choice of a book or movie involving
a negligible amount of risk, decision maker tends to spend less effort on it, with more
selective and non-compensatory decision strategies. Further experiment is required to
ascertain the boundary to generalize our results beyond the sample domain by including

more product domains.

For each experiment, we recruited around 50 participants. Because from the perspective of

statistics, the sampling distribution should be normal if the samples contain more than
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about 50 scores. However, in the field of E-commerce, the number of participants is still
limited. Another limitation of participants is the diversity. Most of the participants are
university students, although we tried to recruit them from as many different departments

as possible. It is ideal to recruit users with diverse ages, educations and professions.

8.3 Future Work

1. Concrete interface design solutions

In this thesis, we put forward concrete design solutions to the interface for screening out
interesting alternatives in the context of online hotel booking. Although some design
guidelines have been generated grounded in user decision-making behavior, we did not
translate them into specific design solutions with respect to the interfaces for evaluating
alternatives in detail and comparing candidates. Chen et al. (2014) designed three
alternative sentiment-embedded comparison interfaces based on popular techniques. The
results of a user study show that opinion bar chart, that visualizes numerical sentiment via
bars and verbal sentiment via tool tip, achieves significantly higher user assessments

compared to opinion table and opinion cloud. [18]
2. Interface design for review writing

While 90 percent of shoppers use online reviews to make purchase decisions, only 6
percent actually write reviews. The propensity to post online reviews is low [95]. Beenen et
al. (2004) found that most consumers are social loafers rather than contributor [7].
Therefore, how to proactively induce customers to “spread the word” and providing

high-quality reviews is emerging as a question.

With the purpose to reduce review entry effort and motivate user to write high-quality
reviews, Dong et al. (2011) and Bridge et al. (2011) developed systems that provide authors
real-time suggestions on what they may wish to write in terms of previous reviews [24, 11].
The results of user trial show that users feel they get support while writing reviews and

would like to incorporate the suggestions into reviews.
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However, little attention has been devoted to the antecedents of online product review, i.e.,
the forces that motivate consumers to write online reviews. According to prior research
[23,84,36], motives of word-of-mouth (WOM) communication consist of four main
categories: (1) product involvement, consumers feel urge to talk about for very good or
very bad products that trigger strong feelings; (2) self-enhancement, people engage in
review writing to show connoisseurship and gain attention; (3) concern for others,
consumers feel genuine need to help others make better decision; (4) economic incentives
offered by website for posting online reviews. Dellarocas and Narayan (2011) paid special
attention on how properties of online medium affect reviewers’ willingness to review a
product online [21]. They found that there is a positive relationship between the propensity
to review a movie and the level of disagreement among professional reviews, which

demonstrated the validity of self-enhancement motive and concern for others.






Appendix 1: Pre-study questionnaire

Name:

Age

(A) <= 20 (B) 21 -30 (C)31-40 (D) >= 41

Gender

(A) Male (B) Female

Major:

How often do you use the Internet?
(A) Daily/almost daily

(B) At least 1 time per week

(C) At least 1 time per month

(D) Just a few times overall

(E) Never

How often is your online shopping experience?
(A) Very often (1-3 times a week)

(B) Often (1-3 times a month)

(C) Occasionally (a few times every 3 months)
(D) Rarely (just a few times overall)

(E) Never

7. How many times have you booked hotel/hostel online?

(A) More than 3 times
(B) 1-3 times

(C) Never
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Appendix 2: Post-study questionnaire for user

study one

1. 1am confident that the subset of hotels | just got by means of filtering is the best choice

for me.
strongly disagree 1 2 3 4 5 6 7 strongly agree

2. |l easily obtained and processed relevant information to narrow down the hotels.
strongly disagree 1 2 3 4 5 6 7 strongly agree
3. Itis pleasant to use the filtering function to narrow down alternatives.
strongly disagree 1 2 3 4 5 6 7 strongly agree
4. |If possible, | would like to use it in the future.

strongly disagree 1 2 3 4 5 6 7 strongly agree
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Appendix 3: Post-study questionnaire for user

study two

1. | am confident in my selection on the importance weight of different attributes/ the

price to make the equation true/ the preference ratio between two hotels.
strongly disagree 1 2 3 4 5 6 7 strongly agree

2. It is easy to answer the required questions (i.e. selecting the importance weight/the

price/the preference ration) to sort the hotels.
strongly disagree 1 2 3 4 5 6 7 strongly agree
3. Itis pleasant to use the sorting function to rank alternatives.
strongly disagree 1 2 3 4 5 6 7 strongly agree
4. |If possible, | would like to use it in the future.

strongly disagree 1 2 3 4 5 6 7 strongly agree
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