Jiaoling Chen. A Study to Explore How Differences in the Amount of Details in
Visualization Impact Decision-making. A Master’s Paper for the M.S. in I.S degree.
April, 2016. 41 pages. Advisor: David Gotz

This study explores how differences in the amount of details in visualization impact the
decision-making process. Everyday decisions like buying a used car are the focus of the
study. A visualization tool that is able to show different number of attributes was
designed and developed using JavaScript library d3. Twenty users participated in the user
study and were asked to make car-buying decisions based on the observation of different
levels of details of car information presented in the developed visualization tool.

Two patterns of the decision-making process were summarized. The increasing number
of details in information visualization does not always influence participants’ decision-
making, while the value range and the level of importance of the newly added attributes
turned out to be more influential on participants’ decision-making processes. A weak
correlation between level of confidence and the number of details in information
visualization is found.
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1. INTRODUCTION

The rapidly growing flood of data, which increases the difficulty making effective
decisions, overwhelms decision-makers. Visualization, an intermediate step in converting
data into insight (Green 1998), is regarded as a helpful tool to enlarge problem-solving
capabilities by enabling the processing of more data without overloading the decision-
maker (Tegarden 1999). However, over-complexity of visualization can cause cognitive
problems and hinder effective decision-making when elements in visualization are
depicted in a more complex manner than necessary (Tversky 2005, Kosslyn 2006).

This paper aims to study how differences in the number of details in visualization
impact a user’s ability to make an informed decision. Everyday decisions like buying a
used car are the focus of the study. During this kind of decision-making process,
evidence-based strategy is a common way for people to reach a final decision. The users
in this study are asked to buy a used car according to their observations on the car
information presented by a visualization tool. Different patterns of users’ decision-
making process as the number of details of information increases are summarized and
analyzed. The user study also investigates how different number of details of visual data
influence users’ confidence level, which is an important psychological aspect during the
decision-making process. An interactive visualization tool capable of showing different

level of data details is developed accordingly to facilitate the user study.



2. MOTIVATION

This paper is going to investigate how differences in the number of details in
visualization impact a consumer’s ability to make an informed decision. The study aims
to answer the following questions:

1. What are the patterns of the decision-making process as the number of details of
information in visualization increases?

2. Will visualization with low level of details of data cause under-confidence during
decision-making?

3. Will visualization with high level of details of data cause over-confidence during
decision-making?

In this paper, the level of details of data in visualization will be presented as the
different number of features in car information shown in visualization. It is assumed that
an informed decision is based on an evidence-based decision-making process. The level
of confidence during decision-making is a self-evaluation from participants using a 0-10

scale.



3. RELATED WORK

3.1 Data details in visualization & decision-making

Few researchers in the past have directly demonstrated the impact of the amount of
data details in a visual presentation on reaching an informative decision-making. Though
accuracy is often used to evaluate whether a decision-making is effective, few studies
implied that such effectiveness is directly related to certain amount of data details in a
visual presentation. But many researchers do agree on the idea that the amount of details
in visualization is likely to affect how information is evaluated and understood during a
decision-making process. Early in 1990, Hauser and Wernerfelt discussed that
visualization tools that locate more data in a given visual field lower the cognitive costs
of adding alternatives to a consideration set (Hauser & Wernerfelt 1990). Similarly, Lurie
and Mason agree that “the depth of field” may change the number of alternatives
considered and the perceived differences among choice alternatives. Lurie and Mason
bring up with the concept of “depth of field” as one aspect of visual perspectives to refer
to whether a visualization tool provides context by displaying an overview of large
numbers of data points and/or more focused detail information on particular data points
of interest (Lurie & Mason 2007). At the same time, visualization tools that provide more
context rather than more details and tools that enable more alternatives to be displayed in
a given visual field may lead to relatively less compensatory (more selective) decision

processes as decision makers eliminate alternatives from consideration (Payne 1976).



Many visualization tools capable of showing different amount of data details are
also identified in the previous work as effective tools in facilitating people making
decisions. By converting a data point into a pencil-thin bar line, the visualization tool
TableLens is able to display more details in a given space than traditional spreadsheets
(Ganapathy, Ranganathan & Sankaranarayanan 2004). This function can help a manager
assessing product sales across different retail stores to establish a better understanding of
the range of values of the visualized attributes (Lurie & Mason 2007). Spotfire is another
visualization tool previously mentioned that allows decision makers to focus on specific
data points. Spotfire’s zooming scrollbars can facilitate marketers to change level of
detail to see characteristics of a specific item sold in a specific store on a specific day or
to see sales of a product and those of its competitors in multiple retailers over time (Lurie
& Mason 2007). For these visualization tools, more detailed views with more information
on each alternative tend to limit the number of alternatives considered, leading to more
alternative-based (compensatory) processing (Payne 1976).

In order to develop a visualization tool that can show different amounts of data
details in support of decision-making, it is important to study related visualization
techniques. The Treemap visualization technique is a well-known technique because it is
able to show large amounts of hierarchically organized and detailed data. It was first
introduced by Johnson and Shneiderman in the early nineties, and have gained increasing
popularity (Vliegen, Wijk & Linden 2006). It has been used successfully for visualizing
various kinds of data, such as the content of file systems (Johnson & Shneiderman 1991,
Wattenberg 1998), market data, process control data (Mitchell, Shook & Shah 2004), and

source code of large programs (Lommerse, Nossin, Voinea & Telea 2005, Holten,



Vliegen & Van Wijk 2005). Treemap is also considered to be supportive for decision-
making. In the field of E-commerce, a marketing survey showed that 92% of Peet’s
Coffee and Tea customers who used the more detailed visual treemap interface thought
their buying decision process was easy, opposed to only 12% of those who used the
textual lists(Plaisant 2004). Besides, Treemap is considered as being efficient for tasks
like identification of cause-effect relationships within hierarchies. AHP (Analytic
Hierarchy Process), given its decision tree hierarchy and inherent need for large scale
data visualization and user manipulation, is an appropriate choice for tree map
visualization(Asahi, Turo & Shneiderman 1995). Despite advantages mentioned above,
one drawback of Treemap is that such visualization is difficult to use for less experienced
users (Bederson & Shneiderman 2003). They are also considered as less effective for
presenting aggregate information in business information visualization (Vliegen, Wijk &
Linden 2006). The visualization technique adopted to develop the visualization tool in
this study is initially Treemap. A pilot study was conducted after the visualization tool
was designed using Treemap to test whether the tool is straightforward and effective
enough for the users to explore information within the study context. Unfortunately, the
results showed that the Treemap visualization is too difficult for users to comprehend the
meaning of each dimension, and can hardly facilitate our study. Hence, the study adopts
bar and plot charts to keep the visualization tool more approachable and easy to

understand.

3.2 Data details in visualization & confidence level in decision making

The question about how differences in the data details in visualization lead to over-



confidence or under-confidence during the decision-making process has been discussed
in previous literature.

Within cognitive psychology, the “confidence paradigm” has extensively tested
participants’ reactions to a range of cognitive tasks and their confidence in their answers
(also referred to as “meta cognition” or “knowing about knowing”) (Westbrook, Gosling
& Coiera 2005). According to Griffin and Varey, over-confidence can be categorized into
two types: optimistic over-confidence and over-estimation of one’s own knowledge.
Optimistic over-confidence refers to the tendency to over-estimate the likelihood that
one’s favored outcome will occur, and over-estimation of one’s own knowledge refers to
over-confidence in the validity of the judgment even when there is no personally favored
hypothesis or outcome (Griffin & Varey 1996).

Some researches believe the level of confidence is related to the amount of
important information. Koriat et al. (1980) posit that confidence is determined by the
amount and strength (or quality) of information supporting the decision. The increased
amount of information allows people to generate more reasons to justify their decisions
and increases their confidence (Schwenk 1986). Similarly, Oskamp showed that
confidence increases as the amount of relevant information increases (Oskamp 1982). In
the study, Oskamp had 32 subjects (8 psychologists, 18 graduate students and 6
undergraduates) evaluate a scenario of an individual seeking counseling. As more
information became available, the participants became significantly more confident (p
.001) across all expert levels (Oskamp 1982). However, accuracy in determining the
correct prognosis did not significantly, nor consistently, improve with more information

(Zacharakis & Shepherd 2001). Besides, based on dual coding theory, visualization can



bring more information to users through the activation of both verbal and nonverbal
processing systems. The increased amount of information allows people to generate more
reasons to justify their decisions and increases their confidence (Schwenk 1986).

Other researches also discussed the relationship between level of confidence and
the amount of details in visual presentation. According to Griffin and Tversky, the visual
presentations that provide greater details may lead to over-confidence as users make
assessments on the basis of fewer observations, whereas visualizations that provide
greater context may lead to under-confidence as users fail to adjust for the larger sample
size (Griffin & Tversky 1992). In another research conducted by Zacharakis and
Shepherd, over-confidence varies with the amount, form, and vividness of the
information used in their decision. Specifically, Venture Capitalists’ over-confidence
increases with more information, unfamiliar framing of information, and also with
moderate performance predictions relative to all other more extreme (more vivid)
predictions, and with failure predictions relative to extreme success predictions

(Zacharakis & Shepherd 2001).



4. STUDY

4.1 Overview

For the purpose of exploring whether the inclusion of more or less details of
information in visualization impacts the decision-making process and decision-makers’
level of confidence, a user study comprised of user tests, semi-interviews, and qualitative
and quantitative analysis was conducted. User tests were used to record different
decision-making processes based on different amount of details in information
visualization and semi-interviews facilitated to better reason decision-makers’ choices
and psychological perspectives. A visualization tool was developed to provide a visual

presentation of information for this study.

4.2 Visualization Tool Development

In the first phase of this study, a visualization tool that is able to present different
levels of details of used car information was designed and developed. After the
development, two students from the School of Information and Library Science at the
University of North Carolina at Chapel Hill (convenience sample) pre-tested the tool for

tool validation and improvement.

4.2.1 Technology

A mockup of the visualization tool was first designed in Tableau and was further



developed using web technologies: HTMLS5, CSS3 and JavaScript (jQuery) for front-end
development, PHP and MySQL for web database development, and JavaScript library d3
for data visualization. The tool can be accessed online via the Perl server and the database
is connected to the Ruby server. Text Wrangler Editor and Terminal Console are the

major development environments.

4.2.2 Data Collection

Data of 602 used cars was retrieved from Edmunds.com’s website and Edmunds
API Console, an interactive tool allowing for interaction with automotive data. The data
was formatted in Excel (Figure 4.1). Each row represents information about an individual
used car with 10 fields: car id, type, make, used mileage, year of production, price,
number of events reported, number of previous drivers, horsepower and color. Table 4.1
gives a summary of the 602 pieces of data used in the visualization tool. Field “id” is a
five-digit number, representing a unique car. Field “type” represents the type of the car
and only three types are involved in this study: coupes, SUV and truck. Field “make”
represents the brand of the car, field “price” represents the suggested purchasing price of
the used car, field “mileage” represents the total used mileage of the car, field “year”
represents the production year of the car, field “number of reported events” represents
the number of big/minor accidents in the car history, field “number of previous drivers”
represents the number of previous car owners, field “horsepower” represents the
horsepower of the car, and field “color” represents the color of the car. The formatted
data was converted into a JSON file for further data visualization. Figure 4.2 shows the

data structure in the JSON file, in which each row of car data is represented in a



dictionary with sets of key-value.

10

type maker mileage  year
10568 Truck Nissan 5872
10514 Truck Chevrolet 7013
10519 Truck Chevrolet 10645
10166 Coupes Ford 13299
10157 Coupes Ford 13370
10606 Truck Toyota 16100
10404 SUV Kia 18178
10649 Truck Ram 19367
10462 SUV Hyundai 19740
10204 Coupes Chevrolet 20018

price
2014 22695
2013 19756
2013 30998
2014 18500
2013 14288
2014 31595
2014 26196
2014 24774
2012 17548
2014 20378

number_of_events_reported number_of previous_drivers horsepower color |V

10 3 248 grey
115 black
243 grey
254 grey
147 grey
230 silver
253 red

235 blue
174 red

118 silver

NS SN oW SN
PO SN N R S PO T S Y

Figure 4.1. Six hundred and two pieces of car data were retrieved from Edmunds’
website and Edmund API console, formatted and stored in Excel. Each row with 10

fields represents information of an individual car.

Summary of Data in Excel

Attributes of Car Data

Data Type

Description

id

5-digit integer

It is randomly generated, and each

individual car has its unique car id.

type character It includes 3 types (coupes, SUV,
truck).

make character It includes 12 brands.

price integer [$8,571, $53,921]

mileage integer [427 miles, 144,726 miles]

number of reported events | integer [0,9]

number of previous_drivers | integer [0,4]

horsepower integer [110, 350]

color character It includes 5 different colors (black,
blue, grey, silver, red).

year integer [2011,2014]

Table 4.1. Summary of data fields
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data=|[
{

"id": "v10095",
Iltypell: Ilcoupesll'
"maker'": "Audi",
"mileage': 36689,
"year'": 2011,
“"price': 22997,
“"number_of_events_reported": 4,
"number_of_previous_drivers': 2,
"horsepower'": 318,
"color": "black",

""id": "v10096",

ll.typell: Ilcoupesll’

"make": "Audi"',

"mileage'": 119910,

"year'": 2011,

“"price'": 16991,
“"number_of_events_reported": 0,
"number_of_previous_drivers': 3,
"horsepower'": 222,

"color": "silver",

},

Figure 4.2. An example of the data structure in the JSON file. Each row of car data is
represented in a dictionary with sets of key-value. The key is the field name in Excel
(Figure 4.1) and the value is the corresponding value of the field.

4.2.3 Visualization

The visual perspective of the tool is developed based on the concept “depth of
field”, which refers to whether a visualization tool provides context by displaying an
overview of large numbers of data points and/or more focused detail information on
particular data points of interest (Lurie & Mason 2007). This tool displays increasing
focused detail information on particular data points of interest. There are six different
views presenting increasing number of car attributes on every car data point. Figure 4.3 -
Figure 4.8 present examples of views with different number of car attributes in the

visualization tool.



12

Audi Chevrolet Ford MINI Volkswagen
55,000
.
50,000
45,000 o
40,000 LS

35000 < °
g oX? -

30,000 . .
25 ‘. . w-e
,000 o sse% PP
20,000 A L] L ] . X M ®
: . Gy - / s e
15,000 . o Y 2, ° 'y Y .o
o o *S3%0: . < °Wp2e 2 o
10,000 one . S T WS
o 5000
g ° Used Mileage
T T T i T T ¢ T T i T T ¢ T T J
0 50,000 100,000 150,000 50,000 100,000 150,000 50,000 100,000 150,000 50,000 100,000 150,000 50,000 100,000 150,000
MINI
55,000
50,000 |
45,000 |
40,000 -
35,000 |
60,000
825,000
20,000 - > M
e -* LI v10257
15,000 % . Ceo .®
° el s. .
10,000 .
5.000 |
o T T T T T T T
20,000 40,000 60,000 80,000 100,000 120,000 140,000
Used Mileage

Figure 4.3. View 1 in the visualization tool shows three attributes of car information.
Attributes include car make, price, and used mileage. The participant is able to click the
dots to see car ids. The participant was asked to make a car-buying decision based on
the information shown.
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Figure 4.4. View 2 in the visualization tool shows four attributes of car information.
Attributes include car make, price, used mileage and number of events reported. The
participant is able to click on any car dot to view details of that specific car.



13

Audi Chevrolet Ford MINI Volkswagen
55,000
45,000

35,000

; R T SV W <.,
ﬁ LN + T ‘?"u, -:'b‘s-.;‘-

0 50000 100,000 150,000 50,000 100,000 150,000 50,000 100,000 150,000 50,000 100,000 150000 50,000 100000 150,000

vieso o
Vi —
vices  —
vizes  — o
Vi — .
vicess  —
vices B
vicrs
vier  —
Vi —
Vi —
Vicess
Vs —
Vi) —
viczsy  —
Vi —

MINI i —

ez Emo
Vicers -

55000 Vicess .
viss -

50000 vizo  — o
v —

45000 Vi —

vio262 -
40000 viozs: S
35,000 V10289 -
Voo I
280,000 V10266 —
g viesr 1
B2s.000 vicess
20,000 N c 3 10297 viczsz R T
e v v vioas? B
15,000 % 17 e . vieess N 2
. ® e . Vi S—
10,000 b ® . V10265 I
viezs
5,000 V10279 I
V10260 —
T ; T v v v ! viczs I
° 20,000 40000 0000 :a“;e‘m 100,000 120,000 140,000 Number of events reported Number of previous drivers

Figure 4.5. View 3 in the visualization tool shows five attributes of car information.
Attributes include car make, price, used mileage, number of events reported, and
number of previous drivers.
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Figure 4.6. View 4 in the visualization tool shows six attributes of car information.
Attributes include car make, price, used mileage, number of events reported, number of
previous drivers and horsepower.
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Figure 4.7. View 5 in the visualization tool shows seven attributes of car information.
Attributes include car make, price, used mileage and the number of events reported,
number of previous drivers, horsepower and color.
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Figure 4.8. View 6 in the visualization tool shows eight attributes of car information.
Attributes include car make, price, used mileage and the number of events reported,
number of previous drivers, horsepower, color and year of production.

4.2.4 Function
The function of the visualization tool includes: (1) showing different number of

features of car information; (2) the participants are able to interact with a view by
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zooming in and out; (3) the participants are able to enter answers according to specific
tasks; (4) user input can be collected and stored in the back-end database for further data

analysis.

4.3 User Study

The second phase of this study is to conduct a user study. Recruited participants
were asked to view different number of details of car information in the developed
visualization tool, and correspondently make individual car-buying decisions. Choices of
cars were recorded in the tool. Each participant had an individual session to learn the tool
and conduct the user test, with the company of the investigator. The investigator made
observations on the participants, recorded the time during each session and conducted a
semi-interview after each user test. The participants were asked to describe and reason
their process of making the car-buying decision after each decision and to evaluate the
confidence level of their decision-making based on a 0-10 scale. User input data gathered
from the visualization tool and the interview contents were combined and modified for

analysis.

4.3.1 Participants

A total number of 20 participants (13 females and 7 males) took part in this
experiment. Considering that the decision-making event is a casual type, no professional
background of participants is required and convenience sampling is adopted. Participants
are students from the University of North Carolina at Chapel Hill. Ages of the

participants are between 23 - 28. All participants have normal or corrected to normal
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vision and are not be informed about the purpose of the study at the beginning of the

session.

4.3.2 Tasks

The study consists of three rounds, with six individual decisions to be made each
round. For each round, the participant is presented with six different views (view n+1
always adds one more attribute to the attributes presented in the view n) and is asked to
make a correspondent car-buying choice based on the information shown. From view 1 to
view 6, the number of attributes of car information is increasing from three (car make,
price, and used mileage) to eight (make, price, used mileage, number of events reported,
number of previous drivers, horsepower, color and year). Information including user id
(randomly assigned and anonymous), car id of the chosen car and the top three criteria
that influence the decision-making at the current view was typed by participants and
stored in the database.

At the start of the user test, explorative questions were asked to get a general
picture of the knowledge level and buying criteria of the user group on buying used cars
and on buying specific types of used cars. Questions include: 1) “How familiar are you
with purchasing a used car, please score it with a 0 - 10 scale, with 0 not familiar at all
and 10 very familiar?”, 2) “How familiar are you with purchasing coupes, please score it
with a 0 - 10 scale, with 0 not familiar at all and 10 very familiar?”, 3) “How familiar are
you with purchasing trucks, please score it with a 0 - 10 scale, with 0 not familiar at all
and 10 very familiar?”, 4) “How familiar are you with purchasing SUVs, please score it

with a 0 - 10 scale, with 0 not familiar at all and 10 very familiar?”, and 5) “What are the
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top criteria for you to choose a used car?”.

During each decision-making process, the investigator observed the mouse click
behaviors of the participant and recorded the time of the decision-making process. After
each decision, the investigator asked the participant questions related to his/her decision-
making process. Questions include: 1) “Can you describe the process of your choice and
why you did that?”, 2) “What were the top criteria for choosing this car?”, 3) “Did the
attribute “A” compromise your other attributes?”, 4) “How did you view numerical
information, with absolute values or relative values?”, 5) “What bothered you during the
interaction with the tool?”, and 6) “How confident are you with your choice, please score

it with a 0 - 10 scale, with 0 not confident at all and 10 very confident?”.

4.3.3 Data Collection and Analysis

User input was stored in a MySQL database. It got retrieved using MySQL
Workbench tool and exported into Excel for data cleansing and validation. Note-taking
information including time of the decision-making process and level of confidence was
added manually into the same table. Table 4.2 summarizes all data gathered from the
study including user input and note-taking information. There are in total 360 rows of
individual decision-making records that were gathered from 20 participants. Each record
includes 9 attributes that include the user id, the number of attributes presented in this
decision-making process, the type of the chosen car, the car id of the chosen car in the
database, the top three criteria the participant was based on during the decision-making,
the time of completion of this decision-making, and the level of confidence about this

decision-making. Tableau and JMP were used for further pattern visualization and
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statistics analysis. Tableau was chosen to facilitate the summarization of different
decision-making patterns, which were analyzed based on user input, note-taking
information from the semi-interviews and the investigator’s observations on the user
tests. JMP was used to analyze the correlation between level of confidence in decision-
making and the increasing number of attributes of data information. REML (restricted
maximum likelihood) was the major estimation method for calculating correlation.

Spearman's rank correlation coefficient (Spearman's rho) was also used in JMP.

Summary of Data gathered from the study

Attributes of Car Data Data Type Description

user id 5-digit integer | The id is randomly generated to the
participants in order to keep them

anonymous.

number of attributes integer It records the number of attributes of

car information presented in the tool.

type character It records the type of the used car the

participant is considering to buy.

car id 5-digit integer | The car id refers to a certain car in the

database that the participant decides to

purchase.
riority 1 text The top criterion of this decision
p Y p
riority 2 text The second top criterion of this
p Y p

decision (optional)

riority 3 text The third top criterion of this decision
p y p

(optional)
time float It records the time of completion of a

decision. The value is converted into

minutes.
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Summary of Data gathered from the study (Continue)

Attributes of Car Data

Data Type

Description

confidence

float

It is a self-evaluated score from the
participants. The scale is from 0-10,
with 0 not confident at all and 10 very

confident.

Table 4.2. Summary about data gathered from the study. There are in total 360 rows of
individual decision-making records that were gathered from 20 participants.
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S. RESULTS

As the amount of details in information visualization increased in this study,
participants’ information seeking behaviors and decision-making criteria correspondently
changed and compromised. The decision-making processes are summarized and
categorized into two general patterns, which are shown in Figure 5.1 and Figure 5.2. Both
patterns indicate that factors that influence a decision-maker’s decision-making process
as more details of information are presented are dependent of the value range of the
existing dataset and the amount of information considered as important criteria for the
decision-maker. In this study, the increasing number of attributes in information
visualization does not always influence participants’ decision-making, while the value
range and the level of importance of the newly added attributes are considered more

influential on participants’ decision-making processes.

5.1 Summarization of Pattern 1

Pattern 1 (Figure 5.1) happens when an important attribute is added to the previous
information visualization. “An important attribute” is defined as whether this attribute is
considered as a key criterion for the decision maker. Under this situation, a participant’s
information seeking behavior changed depending on whether the new values of the new
attribute were all under a desirable range that matched the participant’s certain criteria. If

all values happened to be highly acceptable, the participant was inclined not to change
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his/her previous decision-making criteria and information-seeking approach, with an
increase in satisfaction and confidence about the decision he/she had made. For example,
the attribute “year of production” was considered by many participants in this study as an
important criterion for purchasing a used car, and the average ideal value range of this
attribute was after 2010. When the new attribute “year of production” was added into the
information visualization and all the values were between 2011 - 2014, these participants
didn’t consider “year of production” as an important factor deciding the current decision-
making and preferred to keep their previous criteria. The reason was that they were
satisfied with all of these year values.

On the other hand, if some values of the newly added attribute happened to be
under the cut-off line of the participant’s criteria, participants in this study responded
with two types of strategies. One type of strategy is that the participants chose to
compromise some criteria that were considered less important than the new attribute.
Participants were even willing to compromise criteria that were once considered very
important yet less superior than the new attribute. The second strategy is that some
participants directly changed their information-seeking behavior in order to avoid
compromising other criteria. Commonly, these participants started to evaluate two
important attributes together by calculating the related ratio and comparing values by

viewing the overall distribution of these attributes.



Top criteria: 1) Price, 2) number of reported
events(0-1), 3) used mileage(<60,000mile)

Entering from View n o View n+1

}

Anew attribute
considered as important
for the user is added.
eg: "year'

Ifthe values of the new attribute

) No
are all under ideal range

Yes

type2

Top criteria: 1) Price, 2) number of reported
events(0-1), 3) used mileage(<60,000mile)

depends on types of users

make similar or even the same

chaice as n the orevious Vi Top criteria: 1) Price, 2) year+used
0ICE 25 In e PrEVIOUS VIEWS, mileage, 3) reported events (0-2)

quick decision-making process,

feel a higher level of confidence \}

Top criteria: 1) Price, 2) year, 3) number of
reported events (0-2), 4) used mileage
(60,000-80,000 mile)

change a different strategy to decide top
criteria, like combining two attributes

together or evaluating two attributes' ratio,
slow decision-making process, feel a

higher level of confidence

make compromise on those
criteria considered less important

than the new one, slow decision-
making process, feel less
confident and unsatisfied

Figure 5.1. Pattern 1
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5.2 Summarization of Pattern 2

Pattern 2 (Figure 5.2) happens when an unimportant attribute is added into the
view. Generally, participants reacted in two sub-patterns. The first sub-pattern shows a
disregard towards the newly added attribute. For example, some participants didn’t
consider the criterion “horsepower” into their evaluation process and simply ignored
viewing values of this attribute. The other sub-pattern, which was a more common way,
is that participants used that newly added attribute as a final filter to improve their choice
among candidates. One interesting phenomenon is that although some newly added
attributes themselves were considered as unimportant, the participant abandoned his/her
previous choice after he/she found out that this choice contained unacceptable values in
these attributes. This happened even when all the other attributes of that choice perfectly
matched his/her top decision criteria. In the study, this happened especially when the
attribute “color of the car” was newly added into information visualization. Many
participants accepted all colors but red. As soon as they were informed that the color of
the previously chosen car is red, they abandoned that choice immediately. Accordingly,
their happiness and confidence decreased. Some other participants under this situation
were hesitated about their previous decisions and started to look for alternatives. They

decided to compromise on other important attributes in order to avoid choosing a red car.
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5.3 Strategies coping with lack of details of information in information visualization

It is observed that the definition of lack of details of information from the
participants’ perspective is the lack of attributes that decision-makers consider as decisive
criteria. For attributes unimportant for the decision-makers, even though their amount of
details is large in information visualization, the decision-maker may still consider
himself/herself having a lack of information to support a wise decision-making. This was
strongly reflected from the sampling group, and interestingly the participants had
different ways to cope with such lack of information.

When the lack of information was felt, participants with relatively more
background knowledge took their personal knowledge and daily preferences as top
priority when making decisions. For example, some participants only looked at certain
car brands when there was little important information presented, and once more
important attributes of car information were shown, the participants were willing to
compromise their personal preferences if they saw a better choice based on information
presented in the visualization tool.

Another group of participants, when facing lack of information, were inclined to
choose average values according to the overall distribution of the given information
visualization. Many participants with little background knowledge about car-purchasing
fell into this user group. Since they had vague or no idea about the cut-off line between a
good and bad choice, viewing visual distributions and value trends were immediate
strategies to support a conservative decision-making, with relatively high confidence.
Interestingly, most participants in this study tended to be skeptical about choosing cars

that have extreme values and were inclined to avoid those cars.
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A third strategy to cope with lack of information in this study is that the participant
tended to make assumptions about the relationship between existing information and the
missing information that he/she wanted to know. For example, one participant took the
attribute “year of production” as his most important criterion when purchasing a used car
in the daily life. When this attribute was missing during his first few rounds of decision-
making, the participant made observations over car information visualization based on
the assumption that less used mileage and less number of previous drivers are strong
indicators for a car with younger year of production. In this study, this kind of
interpretations often occurred when the participants felt the lack of information and they
made different assumptions over identical information visualization. For example, when
participants were viewing several plot charts depicting a relationship between price and
used mileage under each car brand, different participants had different interpretations.
For some participants, the stability of price range of a brand was interpreted from a more
scattered distribution, while some other participants regarded a scattered distribution as

variations of price values.

5.4 Weak correlation between level of confidence and different number of details in
information visualization

Figure 5.3 presents the correlation between level of confidence and the number of
attributes in information visualization using REML (restricted maximum likelihood) and
Spearman's rank correlation coefficient (Spearman's rho). Figure 5.4 presents descriptive
statistics of the confidence data. Figure 5.5 presents the distributions of level of

confidence at different number of attributes of car information visualization.
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A statistics analysis was conducted using JMP. Correlation between level of
confidence and the number of attributes of information visualization turned out to be
0.3262 by using REML (restricted maximum likelihood) and 0.3262 by using
Spearman’s rho. Both indicated that the correlation between level of confidence and the

number of details in information visualization is relatively weak (Figure 5.3).
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Figure 5.3. In the JMP tool, correlation between level of confidence and number of
details in information visualization were analyzed using Multivariate Method
“Multivariate”. REML shows a correlation of 0.3262 and presents the relationship in a
scatterplot matrix. Spearman’s rho also shows a correlation of 0.3262. Both estimations
indicate a weak correlation between level of confidence and number of details in
information visualization.
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Descriptive statistics of overall level of confidence and distributions of level of
confidence at different number of attributes of car information were computed and
analyzed in the JMP tool (Figure 5.4 and Figure 5.5). According to Figure 5.5, more
participants raised their level of confidence in decision-making from a score of 5 out of
10 to a score of 8 out of 10 as the number of details in information visualization
increased, but with the overall level of confidence dropping suddenly at eight number of
attributes presented.

After carefully examining the confidence (for buying different types of cars) trends
along with the increase of number of attributes for each participant (Figure 5.6 - Figure
5.9), there are no common patterns that indicate an obvious correlation between level of
confidence and the increase of number of details. In Figure 5.6, the individual level of
familiarity with purchasing used cars, used coupes, used SUVs and used trucks are
depicted in bar charts using Tableau. Among all the participants, the highest level of
familiarity reaches 9 out of 10 and the lowest reaches 0 out of 10. Most participants have
a medium level of familiarity with purchasing used cars. Figure 5.7 showcases the trends
of confidence of each participant on buying a used coupe-typed car as the increase of
number of details of information visualization in Tableau. Figure 5.8 showcases the
trends of confidence of each participant on buying a used SUV-typed car as the increase
of number of details of information visualization in Tableau. Figure 5.9 showcases the
trends of confidence of each participant on buying a used truck-typed car as the increase
of number of details of information visualization in Tableau. It can be observed that 9 out
of 20 participants felt increasingly confident

about their decision-making as the number of attributes in car information increased



29

when choosing SUV-typed cars, and 8 out of 20 participants felt increasingly confident
about their decision-making as the number of attributes in car information increased
when choosing truck-typed cars. But for each participant, the consistency of his/her
confidence trends across different car-buying decisions is weak. Only 6 out of 20
participants had relatively consistent confidence trends across buying different types of
cars, and only 2 participants of these 6 participants shared a similarly increasing
confidence trend. What’s more, participants with the same level of familiarity with
purchasing cars in general didn’t experience similar confidence trends (For example:
participant with id 10098 and participant with id 10100). Overall, the confidence trends
(Figure 5.7, Figure 5.8, and Figure 5.9) along with the increase in details in information
are irregular and cannot indicate obvious correlation between level of confidence and the
level of details in information.

Hence, it can be concluded that visualization with low level of details of data
doesn’t always cause under-confidence during decision-making, and visualization with
high level of details of data also doesn’t always cause over-confidence during decision-
making. In this study, one participant with low level of background knowledge of buying
used cars showed extremely high level of confidence after making decisions based on the
least number of details of information visualization. When the number of details of
information increased, the confidence gradually decreased. This participant was more and
more confused and overwhelmed by all the new yet unfamiliar information. At the same
time, several participants with relatively high level of background knowledge of
purchasing used cars also showed a high level of confidence when viewing low details of

data. The level of confidence then gradually decreased as the increase of number of



30

details of data. This happened because these participants became more skeptical about
their decision-making as more information was presented.

Also, it is common to see that the level of confidence in decision-making dropped
when the participants were not satisfied with the available choices. This often happened
when more information was presented in the visualization tool. The participant found out
the previous decision was poor based on the new attribute, and were more likely to feel

less confident in his/her decision-making.
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Figure 5.4. In the JMP tool, the overall distribution of level of confidence for different
number of details of information is summarized, with mean of 6.6875 out of 10,
standard deviation of 1.56, standard error mean of 0.082.
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Figure 5.5. In the JMP tool, the distributions of level of confidence at different number
of details of information are analyzed. It can be observed that more participants raised
their level of confidence in decision-making from a score of 5 out of 10 to a score of 8
out of 10 as the number of details in information visualization increased, but with the
overall level of confidence dropping suddenly at eight number of attributes. This drop
resulted from the phenomenon that participants became more skeptical towards their
decision-making after getting more information.
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Figure 5.6. For each participant, level of familiarity with purchasing used cars, level
of familiarity with purchasing used coupes, level of familiarity with purchasing used
SUVs and level of familiarity with purchasing used trucks are visualized from left to
right into the above bar charts using Tableau. The highest level of familiarity reaches
9 out of 10 and the lowest reaches 0 out of 10. Most participants have a medium level
of familiarity with purchasing used cars.
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Figure 5.7. For each participant, the trends of level of confidence on buying a used
coupe-typed car as the increase of number of details of information visualization are
visualized in Tableau. No common patterns are discovered across different participants.
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Figure 5.8. For each participant, the trends of level of confidence on buying a used
SUV-typed car as the increase of number of details of information visualization are
visualized in Tableau. Nine out of twenty participants felt increasingly confident about
their decision-making as the number of attributes in car information increased.

User 1d / Type
10090 = 10091 | 10092 = 10093 | 10094 10095 | 10096 10097 | 10098 | 10099 | 10100 @ 10101 | 10102 | 10103 | 10104 | 10105 10106 | 10107 @ 10108 | 10109

truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck truck

10
° \_

i A /\/\J LD (e

Confidence
o

2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468 2468

Figure 5.9. For each participant, the trends of level of confidence on buying a used
truck-typed car as the increase of number of details of information visualization are
visualized in Tableau. Eight out of twenty participants felt increasingly confident about
their decision-making as the number of attributes in car information increased.




34

6. DISCUSSION

6.1 Interaction perspective is critical in shaping effective decision-making strategy

When more details of information were presented, many participants were inclined
to combine information together to filter choices. Functions that help decision-makers to
sort and compare attributes in order to find the best combination can be a good user
interaction design for supporting decision-making tasks in a visualization tool.

When being presented with large amount of details of car information and many of
them were considered as unimportant, the participants usually ignored checking those and
just focused on the important information. When the amount of redundant information
was not too many, the participant was inclined to use these as a final filter to choose one
of the candidates that matched his/her top criteria to optimize the decision-making.
Hence, flexibility of allowing decision-makers to actively view and choose certain
attributes of information, those that are considered as important factors for decision-
making, is a crucial perspective for a visualization tool to better support different
decision-making tasks.

According to the participants’ information seeking behaviors in this study,
information visualization like bar charts and plot charts are effective decision-making
facilitators. They are especially effective and useful for information/attributes that hold
complex values. By viewing the overall distributions presented by the visualization tool,

participants were able to make a conservative buying decision choosing something
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average. In this study, some participants were not familiar with criteria like horsepower,
so they weighted whether a horsepower value was high by comparing it with other
values, and the visualization of distribution helped to fasten the whole viewing process.
While for attributes with small and straightforward values like number of reported
accidents in this study (the value range is from zero to nine), the bar chart visualization
didn’t help. Most participants were more inclined to view the absolute values of this type
of attributes.

The visualization tool in this study shows all the car information in a way that lacks
user interactions. The tool presents all cars into different car make categories and
visualizes the relationship between price and used mileage in a plot chart for each
category. Some participants who didn’t consider car make as an important factor
preferred to see all car information in a single chart rather than in categories of car
makes. Also, in this visualization tool, participants could only check all the other
information of a certain car by first clicking that data dot in the price-used mileage plot
charts; thus, they felt it quite difficult to find the desirable car when they wanted to
examine cars with O accidents first. Hence, it is suggested that user interactions in
visualization tools should be designed in a way that helps decision-makers to quickly find
their choice by checking their priorities and filtering bad choices. This type of
interactions becomes more important as the amount of details increases. When the
interaction in the visualization tool is poor, the user is more inclined to take the first
desirable option as his/her final decision instead of checking more candidates and make

combinations.
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6.2 Limitations

Naturally, the scope of this user study is limited. First, the visualization
presentation for information in this study is limited to plot charts and bar charts. This may
not be general enough to draw the same conclusion for using alternative visualization
techniques since different visualization presentations impact human memory systems and
cognitive processes differently. Correspondently, the users may react and feel differently
during the decision-making process. Secondly, the small size of the studied group may
not be sufficient to generalize the whole population. The population studied here are
university students, which lack diversity. Users with different professional backgrounds
at different age ranges should be recruited for further study. Thirdly, this study only
focused on daily life decision-making, and may not apply to decision-making in other
fields. For different types of decision-making tasks, people experience different levels of
difficulty in processing information and set different perspectives of criteria, which

should be studied separately in the particular field.
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7. CONCLUSION

By summarizing two different patterns of the decision-making processes as the
amount of details in visualization increases, it can be concluded from this study that the
increasing number of details in information visualization does not always influence
participants’ decision-making. Instead, the value range and the level of importance of the
information are more influential factors that impact the decision-making process. These
two aspects should be taken into considerations when designing visualization tools to
support decision-making processes. Flexible user interactions that help users to narrow
down their ideal value ranges and prioritize important aspects of information are
encouraged to support effective decision-making.

A weak correlation between level of confidence and the number of details in
information visualization is found. Further studies should be conducted to explore the
factors that impact decision-makers’ level of confidence in order to better understand

decision-makers’ psychological perspectives during decision-making.
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