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Abstract

Word clouds are very popular for visually summarizing texts. While word clouds usually show

the frequency of words using font size, recent studies have explored other possible design

elements. However, there is still a gap in terms of understanding how individual differences

among users may impact their performance. This thesis aims to bridge this gap by answering

two key research questions: What user characteristics are impacted by different variations

of word clouds, and how word clouds could be adapted to different user characteristics. To

answer these questions, we ran a user study where participants performed perceptual speed and

verbal working memory tests followed by 36 trials of the magnitude judgement task for word

clouds. Results showed that user characteristics like perceptual speed can significantly impact

the performance of users. These results can be useful in the future to provide personalized

word clouds that are suitable for people with different user characteristics.
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Introduction

1.1 Motivation

The advent of the World Wide Web and the subsequent rise of social media has led to

rapidly growing text data. Given such exponential growth of text data, there is a need for

retrieving information, summarizing the content, and browsing through large amounts of

texts. The word cloud is an information visualization technique that focuses on showing the

most frequently used words in a text document [43]. Typically, the word cloud uses different

font sizes to indicate the popularity/frequency of different words, thus allowing the user to

get a visual summary of the content.

Information visualization techniques use graphical marks such as bars, circles, and lines

and visual encoding channels like length, area, and color of these marks [31] to represent

data. A more non-typical mark, used specifically for textual information, is the text itself.
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Figure 1.1: A word cloud made on the D3 word cloud generator by Jason Davies [12][48],
using text from a CNN news report on the COVID-19 pandemic [18]

Text visualization is an active research area where many methods have been proposed to

help analyze textual data [2] such as word clouds [43], visualizing document concordances

and word frequencies [46], and visualizing literature and citation relationships [19]. Among

them, word clouds have been popular, having appeared on various news, social media, and

blogging sites. Word cloud visualizations usually show the frequency of words using font size.

However, recent studies have explored other possible visual encoding techniques such as using

colors or bars to encode word frequency as well as layouts such as row-wise and column-wise

organizations and semantic groupings [14, 20]. As can be seen in Figure 1.1, there is a rich

design space for word clouds that can use hues, font faces, font sizes, angles, spatial layout,

etc., for encoding information or for styling purposes.
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Even though the studies on word cloud designs have evaluated various alternative visual

encoding methods and layout types [14, 20], they generally do not consider individual

differences among users or explore how to support users with a wide variety of backgrounds

and abilities. However, recent research in visualization suggests that individual user needs

and abilities can have a significant impact on their performance when using visualizations.

Previous work has been done on individual differences and their impact on task performance

for commonly used charts such as bar charts [8, 11, 10, 25]. However, there exists a gap in

such research when it comes to text visualizations, specifically word clouds. For example,

existing works experimented with the design space of word clouds [14, 20]; however, they do

not test or make any conclusions based on the individual differences of the users completing

the word cloud-based tasks. This thesis aims to bridge this gap by examining what user

characteristics are impacted by different variations of word clouds, and how word clouds

could be adapted for different user characteristics.

1.2 Approach

To bridge the gap discussed above, this thesis aims to answer the following research questions:

1. What to adapt: What user characteristics are impacted by different design variations

of word clouds? This thesis aims to answer this question by evaluating multiple measures

of task performance (such as speed and accuracy) of users by testing them (using word

clouds) against two different user characteristics, perceptual speed and verbal working memory.
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Perceptual speed measures how fast someone can compare differences or similarities in a set of

things, and verbal working memory refers to one’s memory span for temporarily remembering

verbal information. By answering this question we will be able to learn which specific user

characteristics are impacted by specific adaptations to word cloud designs.

2. How to adapt: How can word clouds be improved to support users with specific charac-

teristics? This thesis aims to answer this question by analyzing how users with specific user

characteristics (e.g. low perceptual speed) may find certain designs of word cloud to be more or

less effective than others. By answering this question we hope to contribute to future design in-

terventions and support by providing design guidelines concerning different user characteristics.

Figure 1.2: Examples of word clouds using different layout and visual encoding methods: (1)
spatial with font size, (2) row with color intensity, (3) column with bar length

To answer the above research questions we design a user study pertaining to a specific task

type. The study involves word clouds made from a combination of different types of value

encoding methods and layout types. Value encoding refers to encoding data into visualizations

by using a combination of graphical marks (text and bars) and their visual channels such
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as color intensity, font size, angles, position, area, length, etc., while layout refers to the

arrangement of the words in the word cloud such as row, column, or spatial (with no specific

pattern). Figure 1.2 shows some examples of layouts and visual encoding methods.

Lastly, to bring our study together, the task we focus on is magnitude judgment, where

the participants perceive/judge the differences between the frequencies of two words based

on the visual encoding (e.g. font size, color intensity). This task was elected from a shortlist

of other tasks, which will be discussed in Chapter 2.

1.3 Research Contributions

Previously word clouds have been tested for their design space and performance based on

different tasks. However, to the best of our knowledge, none of these works focused on

understanding the influence of individual differences over different layouts and visual encoding

techniques for word clouds. This thesis analyzes word clouds from a new angle and bridges the

gap, between research on the word cloud design space and work on user adaptive information

visualizations based on user characteristics, by studying word cloud design in relation to

individual differences and proposing design interventions specific to user characteristics.

Our research contributions relate to the answer of our two research questions, what to

adapt and how to adapt. By analyzing the results of our study we found that there was a strong

relation between perceptual speed and the performance of users in the magnitude judgment
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task. We observed that perceptual speed significantly impacted the user performance across

three different measures (based on errors made by users and task completion time). We

also found that those with low perceptual speed performed just as well as those with average

perceptual speed when using the row layout or the color intensity visual encoding method.

These results can be used to provide personalized word clouds for those with lower measures

of user characteristics.

1.4 Thesis Outline

The rest of the thesis is organized as follows. In Chapter 2, we present a literature review

of work related to the word cloud design space and the impact of user characteristics on

perceiving visualizations. Next, in Chapter 3, we describe the details of the user study

including the word cloud designs that we experiment with, the user characteristics that we

test as well as the tasks and procedure of the study. Then, Chapter 4 presents the results of

the user study in details that help us answer our key research questions. Finally, Chapter 5

concludes the thesis by summarizing the key findings of this thesis as well as several directions

for future work.

6



Literature Review

This literature review consists of three main sections. Section 2.1 discusses prior work on

text visualizations with a focus on word clouds. Next, Section 2.2 gives an overview of user

characteristics that may affect the way people understand visualizations. Finally, Section 2.3

describes the types of tasks that can be used to study the impact of user characteristics on

the interpretation of word clouds.

2.1 Word Clouds

In this section, we will provide an overview of word clouds, the design space of word clouds,

and an overview of word cloud algorithms. Interested readers are also directed to the work of

Torres Paerjo et al. [43] for a detailed survey on word clouds.
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2.1.1 Word Clouds

Word clouds are a text visualization technique that show the most frequent words in a text.

Often these visualizations appear with the shape of a cloud with different font sizes indicating

the frequency of the word. People may also refer to them by the term ‘tag cloud’, however in

a tag could, words are assigned by users instead of extracting from text [43].

Word clouds can be used for a variety of text analysis tasks and have been described as

ranging between being social (emotional) and being analytical [45]. They are considered for

social tasks in the sense that they are used for blogging and news websites as a means to

attract readers and give them an idea of what the piece of writing involves, while they are

considered for analytical tasks in the sense that they are used for more technical tasks such

as summarizing the frequencies of keywords in a document.

When word clouds are compared to other forms of data visualizations (such as bar charts)

they have been found to be less efficient in tasks that involve judging the frequency of the

words, while being more efficient in tasks related to extracting main concepts (regardless

of frequency) and summarizing topics [20, 14]. However, data visualization methods such

as bar charts also have their limitations when compared to word clouds. For example, bar

charts can be less space-efficient compared to word clouds as they use bars to represent word

frequency while in a typical word cloud, the word itself encodes the frequency/popularity

using font size.
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2.1.2 Design Space of Word Clouds

Word clouds offer numerous ways of styling to help the reader better understand the topics

being summarized in the word clouds. Word clouds can be manipulated using font types,

font sizes, angle of the words displayed, spacing between the words, groupings of related

words, color, etc. Studies have concluded that organizing words into groups or "zones"

by their meaning, and displaying the zones in visually distinct groups, via spatial or color

grouping, may not be aesthetically pleasing but is more efficient for analytical tasks [20].

Seminal studies like the one by Rivadeneira et al. [35], have researched specific tasks such as

impression formation, and have concluded guidelines to constructing effective word clouds

by using specific font features (font weight, font size, font color) as well as word placement

(sorting, clustering, spatial layout). Overall, Halvey et al. [17] and Rivadeneira et al. [35]

found that styling word clouds can greatly impact their effectiveness. Other than font size

and positioning of words, which are a very basic properties of a word cloud, properties such as

alphabetization have also been concluded in helping readers find specific information within

word clouds [17].

A more recent study from Felix et al. [14] explored the design space of word clouds based

on four different visual encoding methods (e.g. font size, color intensity, bar length, circle

area) and three different layouts (row, column, and spatial). They found that the effectiveness

of a word cloud design may depend on the task the user is performing. We provide more

details on various possible user tasks with the word cloud in Section 2.3.
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Beyond word clouds, researchers have also examined the usefulness of styling other forms

of visualizations such as bar charts. For example, Carenini et al. found in a study [8] that

bar graphs can be more effective when highlighting interventions are provided by bolding the

outlines of bars or de-emphasizing irrelevant bars when the user is performing a task.

2.1.3 Keywords vs. Keyphrases

Word clouds are commonly criticized for not being effective with analytical tasks such as

summarizing topics and extracting themes. Therefore, some researchers explored a variation

of word cloud that shows keyphrases instead of individual words. The idea is that rather than

having vague and separated words such as "sports" or "cars", a keyphrase such as "sports

cars" may better describe the text in the visualization. This is because putting words into

phrases allows the reader to understand the context of those words based on how they were

used in their text of origin. Hearst and Rosner [21] imply that using keyphrases rather than

keywords may also help word clouds to become more known for analytical tasks rather than

a form of social visualization (a social marker; perceived as being fun, popular or hip).
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Figure 2.1: Phrase-based word cloud made by Neil Turner [44]

Figure 2.1 shows a phrase-based word cloud made by Neil Turner, a UK-based product

designer and researcher, who explains that Wordle word cloud generator was used with

advanced features along with tilde symbols (‘∼’) to preserve phrases.

In the area of natural language processing various phrase extraction methods have been

proposed that aim to find the important phrases based on a reference corpus, external

taxonomies, or genre-specific document structures [26, 32, 9]. Chuang et al. develop a

method for grouping similar words and varying the specificity of displayed phrases so that

the word cloud can show selected keyphrases dynamically based on the available screen space

and current context of interaction [9]. They conclude that subjects primarily choose multi-

word phrases, preferred terms with medium commonness, and largely used phrases already

present in a document. Phrase Clouds have great research potential, and their effectiveness,

specifically on users with varying cognitive abilities, can be researched comparatively with

basic word clouds.
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2.1.4 Word Cloud Algorithms

Research has been done to make or improve word cloud algorithms such as the work by

Johann Schrammel [36], or the word cloud class for the D3 JavaScript library written by

Jason Davies [12]. Wordle is known for making graphic statements and some work, like the

one by Viegas et al. [45], has been done on the design and usage of Wordle and how it stands

out from other online tools such as TagCrowd [40]. Other online tools include MonkeyLearn’s

WordCloud Generator (which uses a stemming process to automatically detect collocations)

[50], WordClouds.com [51], WordItOut (known for supporting emojis and other symbols) [52],

WordArt (artistic tool that allows users to apply shapes to the word clouds) [49], and Abcya

(an educational tool for children) [1].

2.2 Impact of User Characteristics in Interpreting Visu-

alizations

Individual differences, such as cognitive abilities, personality traits, and other skills, have

been proven to affect the way a person perceives and understands a visualization [8, 11, 10].

Cognitive abilities include need for cognition, perceptual speed, verbal working memory, and

visual working memory. Personality traits include internal or external locus of control, as

well as introvert vs. extrovert, while literacy and skills include visual literacy, expertise,

12



frequency, and reading proficiency. Table 2.1 lists different user characteristics along with

their definitions. We discuss these characteristics below.

User Characteristic Definition

Visual Literacy The ability to interpret visualized information.

Reading Proficiency The vocabulary size and ability to comprehend text read in

English.

Verbal IQ The measure of an individual’s overall intellectual abilities.

Need for Cognition The tendency or motivation to engage in cognitive activity,

where persons with a high need for cognition act after careful

assessment of information [3, 7, 25].

Perceptual Speed The ability to compare or recognize symbols or figures and

other simple tasks.

Verbal Working Memory The amount of verbal information that can be maintained

temporarily while activities or manipulations are performed on

this memory [5].

Visual Working Memory The amount of visual information that can be maintained

temporarily while activities or manipulations are performed on

this memory [28].

Spatial Visualization The ability to mentally manipulate (rotate, cut, fold) figures.

Spatial Memory The ability to remember configurations, locations, and orienta-

tions of objects.

Disembodiment The ability to hold perceptual material in mind while disem-

bodying it from other material.

Table 2.1: User Characteristics and their Definitions
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2.2.1 Cognitive Abilities

Previous research found that various cognitive abilities impact the performance and subjective

impressions of users when they interact with information visualizations. When working with

bar graphs, Carenini et al. [8] and Conati et al. [11] tested perceptual speed, verbal working

memory and visual working memory. Carenini et al. [8], in line with previous findings, found

a relation between the bolding intervention (highlighting bars in a bar chart related to the

given task) and the performance of users that have an average visual working memory. They

also found that participants with higher cognitive abilities performed significantly better with

tasks that had greater complexity. In another work, Conati et al. [11] found that users with

lower measures of perceptual speed performed worse than others with higher measures in

almost all tasks, while those with lower measures of verbal working memory performed worse

in sorting-related tasks. With these findings, they concluded that while this signals a need

for personalized help, there is still room to discover which specific features of a visualization

affect performance if a user has a lower measure of a specific user characteristic.

Conati et al. [10] chose to delve deeper and include Spatial Visualization, Disembodiment,

Need for Cognition, as well as different learning styles (such as Active vs. Reflective, Sensing

vs. Intuitive, Visual vs. Verbal, and Sequential vs. Global), along with perceptual speed and

visual working memory, when researching Georgia Basin Quest (GB-Quest) and QuestVis for

interpreting geographical data. They found that in one of the task types (which involved

comparing how the values of two sets of variables change as a whole), users with high
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perceptual speed performed the task better if they could see data via colored boxes, while

users with low perceptual speed performed better with a radar graph. They concluded that

(if the task involves comparing overall changes in variables of interest) the system should be

adaptive in selecting and recommending the visualization type based on the users’ perceptual

speed. (Perceptual speed would be tested for and fed to the system before the user uses the

system.)

2.2.2 Personality Traits

A common personality trait that was studied is the locus of control. Locus of control is

described as how a person perceives the amount of control they have over occurrences in their

lives and can be characterized as either internal or external locus of control, implying that the

person’s behavior is in response to internal or external circumstances, and life outcomes are

a result of either the person’s own actions and abilities or from external factors out of their

control accordingly [4]. One example of research involving locus of control and visualizations

is the one by Ziemkiewicz et al. [53], which uses four different visualizations to study how

locus of control influences an individual’s use of a complex visualization system and finds

that overall participants with an external locus of control were more accurate when answering

questions as compared to those with an average or internal locus of control.
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2.2.3 Literacy and Skills

While testing users with expertise in bar charts, Conati et al. [11] and Carenini et al. [8]

classified expertise as basic or complex and found that expertise affects the performance of

the user in low-level tasks. Conati et al. [11] concluded that this signals there should be

personalized support available to non-experts when performing complex tasks.

When working with Magazine-Style Narrative Visualizations (MSNV) Lallé et al. [25]

chose to use visual literacy, reading proficiency, and verbal IQ, along with the cognitive

abilities of verbal working memory and need for cognition. The results of this study showed

that users with low levels of visual literacy benefited from interventions as they have a lower

ability in understanding data visualizations.

2.3 User Tasks for Word Clouds

For measuring the performance of users with visualizations various low-level tasks such as

retrieve value, find extremum, sort, compute derived value, filter, characterize distribution,

etc. were used by Schrammel et al. [37], Conati et al. [10], Halvey et al. [17], and Rivadeneira

et al. [35].

A study that studied word clouds and their design space more specifically is the one by

Felix et al. [14]. It focuses on four main tasks: Magnitude Judgement (extracting quantitative
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information), Keyword Search, Topic Matching (matching a word cloud to predefined topics),

and Topic Discovery (extracting a topic from the word cloud). In the magnitude judgment

task, this study concluded improved accuracy when the word cloud had additional marks

(bars and circles with size based on frequency) and lower performance linked to spatial layout

(in contrast to row and column layout). In the keyword search task it found improved

performance time based on font properties, spatial and column layout, and quadrant while

having no major findings in the topic matching and topic discovery tasks.

In comparison to analytical tasks, when it comes to conducting search tasks, word clouds

have been criticized, and at times proven to be a weak form of text visualization. Sinclair

and Cardew-Hall [38] concluded that general information-seeking tasks were more compatible

with word clouds, as compared to specific information-seeking tasks where traditional search

interfaces were more preferred. Kuo et al. [24] found word clouds to be less effective in

identifying relational concepts and concluded that they tend to slow users down when trying

to retrieve specific items.
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User Study

The goal of the user study is to find the answer to the two research questions presented:

What user characteristics are impacted by different design variations of word clouds? and

How can word clouds be improved to support users with specific characteristics?

To answer the above questions we designed a user study where participants were required

to go through a series of tests to measure their user characteristics and then were asked to

complete a task using the different word clouds designs provided. We then analyzed the results

and performed statistical tests to understand the potential impact of user characteristics on

user performance and to explore the adaptability of the word clouds based on specific user

characteristics. The following sections of this chapter introduce the user characteristics that

we included in the study, the word cloud designs that we evaluated, and the detailed study

procedure and task setup.
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3.1 User Characteristics

In the user study, participants went through two standard tests of psychology for user

characteristics namely perceptual speed and verbal working memory. Perceptual speed is

described as "the ability to compare or recognize symbols or figures and other simple tasks"

[47], while verbal working memory refers to the amount of verbal information that can be

maintained temporarily while activities or manipulations are performed on this memory [28,

5].

The above-described user characteristics have been shortlisted from a long list (as can be

seen in Table 2.1). These characteristics relate directly to the ability to read visualizations as

they have been previously tested by researchers with regards to other similar visualization-

based studies and have been found to have an impact on performing tasks [14, 41]. Although

many other characteristics could be tested, a small number has been selected so that the

participants do not take too much time while answering these tests before the study. This

way, we keep the total duration of each study session to be reasonable.

We did not perform any standard English proficiency or reading comprehension tests.

Instead, since we ran the study using Amazon Mechanical Turk (MTurk), we set up qual-

ification criteria by choosing participants who consistently demonstrated a high degree of

success in performing a wide range of HITs (Human Intelligence Tasks) [30]. This MTurk

qualification met the need for the participants of the study to have basic English proficiency
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and reading comprehension.

3.1.1 Perceptual Speed Test

Perceptual speed was calculated using an Identical Figures Test (P-3) [13], which was originally

designed to be used as a paper-based test, and has been used so in many prior studies. For our

study, we opted to digitize the test to make the study process seamless. As the paper-based

test was 96 questions divided into 4 pages, the digital version was also made with 4 HTML

pages (along with another instruction page) that appeared to the participants during the

study.

Figure 3.1: An example of the questions in the Identical Figures Test (P-3). The participant
must select one of the five figures on the right to match the left-most figure.

The questions were from scanned copies of the original graphics from the paper-based

test, formatted along with radio buttons to make selection as easy as possible. See Figure

3.1. Participants were given 25 seconds to complete each page (they would automatically

be taken to the next page once the time for that page was up). As the time taken on paper

differs slightly from using a mouse to select the answers on the screen, the time limit given

to the participants was based upon a pilot study. The score was the number of correctly

answered questions within the time limit (with a range of 0-96).
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3.1.2 Verbal Working Memory Test

Verbal working memory was tested using the Operation-Word Span Test (OSPAN). This test

is a Java program authored by Taiyu Lin at ALTRC, Massey University, New Zealand [27].

The test shows a series of equations that the participants must classify as true or false, and

shows the participants some words between each of the equations. The participants are asked

to recall the words that they were shown in-between each equation. Figure 3.2 shows the

general flow of the test.

The test works by making the participants recall information that was unattended for a

small amount of time (while they were solving math equations)[23], and thus gives them a

score ranging from 0 to 6 based on their average word span in working memory [41].
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Figure 3.2: An example of the steps in the verbal working memory test (During the study
each step is displayed on a separate page for the participant)
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3.2 Task: Magnitude Judgement

In this task, participants were asked to judge the frequency of a given word based on its

surrounding words. Users were shown word clouds containing 24-25 words, where two of

the words in the word cloud had a red arrow pointing to them. The users were then asked

to compare the words with each other and guess how much more frequent one word was

from the other based on the visual encoding method used in the word cloud. Figure 3.3

shows an example of the task including the question, the word cloud, and the timer. The

multiple-choice options listed four percentages that were from a list of 10 possible proportions

of frequency. Section 3.4 further discusses the origin of the data and how it was used.

Figure 3.3: An example of a trial for the task of Magnitude Judgement which includes the
word cloud (using the row layout and font size visual encoding method), the multiple-choice
question, and a timer. The red arrows in the word cloud point to the two words that the
question refers to.

This task was chosen from a list of tasks [14] that also included Topic Discovery (finding
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the topic of the word cloud based on the words in it), Topic Matching (matching a topic to the

word cloud from a given list) and Keyword Search (finding specific words in the word cloud

and identifying them by selecting which quadrant they are in). The tasks of Topic Discovery

and Topic Matching highly resemble each other. The task of magnitude judgment was chosen

over these two tasks as magnitude judgment directly involves judging the frequency of words,

something word clouds are most commonly used for.

The task of Keyword Search was also not selected for this study as research shows that

word clouds are not as effective as other forms of text visualizations when it comes to searching

words. As discussed in the literature review it has been previously concluded by researchers

that general information-seeking tasks were more compatible with word clouds, as compared

to specific information-seeking tasks [38] and word clouds are found to have slowed users

down when in trying to retrieve specific items [24].

3.3 Design Space of Word Clouds

The study involves a combination of layout types and visual encoding methods. Figure 3.4

shows examples of the word clouds created from the possible combinations. The number

of layouts and types of value encoding have been limited to allow for the completion of the

study in a timely manner.
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Figure 3.4: A visual summary of the word cloud formats made from the intersection of four
types of visual encoding and three layouts. (This figure only serves as an example and the
actual study trials contained more words than what is depicted here.)

Layout

We used three different layouts: Spatial, Row, and Column. The spatial layout positions

the words randomly in the word cloud, the row layout aligns the words horizontally, and

the column layout aligns the words vertically. The inclusion of these layouts in our study

was inspired by the study by Felix et al. [14] who found that some layouts led to better

performance compared to others in different tasks including magnitude judgment. By using

similar layouts we hoped to see if the difference in performance was somehow related to

certain user characteristics.
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Value Encoding

The types of value encoding used in the word clouds are color intensity, font size, and bar

length (shown in the columns of Figure 3.4). Control is also listed along the types of value

encoding to show what the word clouds would look like without any specific form of visual

encoding channel.

Graphical Marks: Control, color intensity, and font size all use the text itself as the

graphical mark that represents the textual data, while the bar length uses the bar as the

graphical mark and the text as a mere label for the bar. This differentiation allows us to

test whether "additional" marks add value to interpreting word clouds for any of the user

characteristics we test.

Visual Encoding Channels: The visual encoding channels that are used in our study

are lightness of color in color intensity, the size of the words in font size and the length of

the bar in bar length (shown in the rows of Figure 3.4). To test additional marks, other

shapes could also have been used with attributes (channels) that suit them. For example, if

a circle was used as a mark, the area of the circle would serve as the visual encoding channel.

For this thesis, we have opted to use only bars, as according to previous research, bars have

proven to be easier to interpret in comparison to circles [14].

Note that visual encoding and value encoding are used interchangeably in the thesis.
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3.4 Implementation of the Experimental System

We implemented our experimental system on a website developed using MySQL as the

database, and PHP as REST APIs for the communication between the front-end and back-

end via stored procedures. The front-end accessed those APIs via Ajax calls and populated

results in HTML5 via JavaScript. The website link was then posted to MTurk for users to

access. Once the users went through the study procedure on the website, the last page of the

website provided the users with a unique ID to enter on MTurk to signal to us that they have

successfully completed the whole study. If for some reason the user was not able to complete

the study due to connection issues, the website also had the ability to help the user continue

from where they left off.

To make the word clouds we used the word cloud JavaScript class using the D3.js library

written by Jason Davies [12]. We implemented multiple functions with different parameters

to help make the different variations of word clouds.

The dataset we used was from the paper "Taking Word Clouds Apart: An Empirical

Investigation of the Design Space for Keyword Summaries" by Felix et al. [14]. It included

a total of 313 words and the topics related to health care reviews, an email collection and

a collection of surveys, with the frequencies based on exponential distributions making the

proportion between any two words constant and limiting the proportions to just 10 values

[14].
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The data with words and their frequencies was uploaded using a .csv file into the D3.js

code. It was then visualized using Scalable Vector Graphics (SVG), with our functions

allowing us to manipulate the word clouds based on the layout or visual encoding methods

we chose. We were able to customize the SVG size, margins, padding, font sizes, font types,

font colors, angles and more using these functions. We chose to make the word clouds on a

canvas size of 500 by 400 pixels (See Appendix A for sample word clouds).

We wrote formulas to convert the frequency of the words to font size, color intensity and

bar length. For font size we chose a minimum and maximum font size (which was entered as

the parameters of the functions we wrote), then matched the frequencies of the words with the

range of font sizes chosen, with the smallest font size corresponding with the least frequency

and the largest font size corresponding with the highest frequency. Choosing a minimum font

size allowed us to ensure that the smallest words are still legible for the participants.

For color intensity we chose 5 different shades of gray and divided the frequencies of the

words into 5 different categories, matching words with higher frequencies to the darker shades

of gray. For bar length we used a process similar to that of font size. We chose a minimum

and maximum bar length (also entered as the parameters of the function) and then aligned

the length of the bar with the frequency. Choosing a maximum bar length allowed us to

ensure that our bars are not too long or falling off the SVG. We also ensured that no bars

are overlapping each other so that the participant is not confused.
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3.5 Method

3.5.1 Study Design

The study involved 9 word cloud designs based upon two independent variables: Layout

types (3 layouts), and Visual Encoding methods (3 methods). Each design combination was

repeated 4 times, resulting in a total of 36 trials (3 x 3 x 4). Table 3.1 gives an overview of

the study variables and trials.

Task Magnitude Judgement

Number of Participants 80-100

Design Within Subject

User Characteristics Perceptual Speed

Verbal Working Memory

Design Elements Layout = Row, Column, Spatial

Visual Encoding = Color intensity, Font size, Bar length

Number of Trials 4 Word clouds x 3 layout types x 3 visual encoding methods

= 36

Table 3.1: Overview of Study
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The study had a within-subject design to ensure that every participant can be compared

to each combination of layout type and visual encoding method. If we were to choose a

between-subject design for this study, it would have been difficult to base our conclusions on

the effect of a user’s characteristics on the different combinations of word cloud designs.

Design elements (layout types and visual encoding methods) and user characteristics

(perceptual speed and verbal working memory) were the independent variables of this study,

while speed and accuracy were the dependent variables.

3.5.2 Participants

Due to the timing of this thesis, the study was conducted 100% online to ensure that all

COVID-19 related regulations are followed. The use of MTurk allowed us to recruit a high

number of participants in a small amount of time, which was quite beneficial at a time when

the number of people that can gather in one place was limited.

A total of 84 people were recruited via Amazon Mechanical Turk (MTurk). Three of the

participants were later found to have completed the study incorrectly, hence their data was

not used as part of the analysis. This left a total of 81 participants for our data analysis.

MTurk has proven to be effective for testing visualizations [22] and more specifically word

clouds [14]. It is a tool used by many studies due to its easy-to-use interface, security and

degree of trust, verification of the identity of users, handling of payments, cost-effectiveness,
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etc. Tests have been conducted to assess the quality of data retained from studies conducted

on MTurk and have concluded that high-reputation workers rarely failed ACQs (attention

check questions) and produced the highest-quality data [34].

The platform allowed us to recruit participants with a certain degree of reputation. To

ensure response quality, the study was restricted to participants who have completed at least

100 HITs (Human Intelligence Tasks), received an approval rating of 95%, and received a

Masters Qualification by MTurk. The study did not collect personally identifiable information

and collected age, gender, and occupational information for analysis purposes.

3.5.3 Procedure

To start the study on MTurk, a consent form (See Appendix B) appeared to the participants.

After providing their consent, participants were asked to complete a pre-study questionnaire

(See Appendix C), where they provided their age, gender, occupational information, and their

level of expertise with data visualizations.

The participants were then asked to complete standard tests of psychology to measure

their perceptual speed and verbal working memory.

After completing the tests for measuring user characteristics, participants went through

the task of magnitude judgment by judging the difference in frequency of words in a word

cloud (See Figure 3.3). The Magnitude Judgement task consisted of 36 trials, and each trial
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involved one word cloud and a corresponding question next to it. The questions were multiple

choice containing 4 answers, one of which could be selected using the radio buttons, and when

selected the participant would automatically be taken to the next page. The participant had

a time limit of 15 seconds on each page.

Once all trials were completed, the participants were instructed to complete a short

post-study questionnaire (See Appendix D) to provide their feedback regarding the word

cloud designs and their overall experience throughout the study. In particular, we asked the

participant to answer the following three questions about the visual encoding methods on a

5-point Likert scale: (1) I found bars (that depict the frequency of the words) useful when

performing tasks, (2) I found the size of the words useful when performing tasks, and (3)

I found the color saturation of words useful when performing tasks. We also asked them

to rank these three visual encoding methods (bar, color, size) in terms of how difficult it

was to judge the magnitude. The study procedure took approximately 40 minutes for each

participant to complete. The participants were compensated after completing the study with

the payments facilitated through MTurk.

3.6 Data Collection

As discussed before, during the study our experimental system collected the responses to

questionnaires before and after the main study. The questionnaires included several closed-

ended questions. During the main study, the scores for the perceptual speed and verbal
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working memory tests were collected as quantitative data and stored in the database. Finally,

while participants completed the trials with word clouds, we collected both the errors and

task completion times. In the next chapter, we provide the analysis of the data we collected

in detail.
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Analysis and Results

In this section, we present the analysis and results on the data collected from the user study

which help us to answer our two main research questions of What to adapt? and How

to adapt? To analyze the data we consider three main measures, log-error, time (s) and

task performance. For each of these measures, we analyzed how they get impacted by user

characteristics, three layout types, and three visual encoding methods. We also look at a

summary of the participants’ background and an analysis of subjective measures. All data

analyses were performed using IBM SPSS Statistics [15].
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4.1 Participants’ Background

4.1.1 Results of Pre-Study Questionnaire

Our study started with a series of pre-study questions to help us gather the background and

demographic information of the participants. We asked the participants questions regarding

their age, gender, occupation and how often they look at word clouds.

The participants of our study consisted of 43 males and 37 females with 1 person who

chose not to disclose. Out of the five age groups listed, the age group with the most amount

of participants (33.33%) was ages 35 to 44, while the age group with the least amount of

participants (1.23%) was ages 18 to 24. Figure 4.1 summarizes the age group distribution.

Figure 4.1: A bar graph summarizing the age distribution of participants in our study

We asked the participants how often they look at simple or complex word clouds, with
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sample images showing them examples of simple and complex word clouds. Figure 4.2

summarizes the results. We noticed that while most participants encounter word clouds, they

tend to look at simple word clouds more often than complex word clouds.

Figure 4.2: A summary of the results for the pre-study questions of How often do you use
simple bar graphs? and How often do you look at complex bar graphs?

In terms of occupational background, we found that the participants came from a variety

of backgrounds including teaching, accounting, software development, IT, data, project

management, marketing, human resources, retail, customer service, etc. Out of all participants,

about 9% identified themselves as students.
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4.1.2 Results of User Characteristics Tests

Variable Minimum Maximum Mean Std. Deviation Variance

Perceptual Speed 18 96 63.48 13.89 193.06

Verbal Working Memory 3 6 5.37 0.73 0.53

Table 4.1: Descriptive Statistics for Perceptual Speed and Verbal Working Memory

We tested the participants of our study for two user characteristics, perceptual speed and

verbal working memory. The results for perceptual speed (M=63.48, SD=13.89) ranged

between 18 and 96 (with 96 the maximum score possible) and the results for verbal working

memory (M=5.37, SD=0.73) ranged between 3 and 6 (with 6 being the maximum score

possible). Table 4.1 summarizes the descriptive statistics for perceptual speed and verbal

working memory.

To simplify the analysis, we split the measures for the perceptual speed and verbal working

memory test into three levels: Low represents the values within the bottom quartile (i.e.,

lower 25%), Average represents the values within the interquartile range (i.e., middle 50%),

and High represents the upper quartile (top 25%).
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4.2 Analysis of Log-Error and Time (s)

Variable Minimum Maximum Mean Std. Deviation Variance

Time (s) 1 14 4.02 2.00 3.98

Log-Error -3.00 5.29 1.05 3.05 9.31

Table 4.2: Descriptive Statistics for Time (s) and Log-Error

The data collected from the study is comprised of two main performance measures, i.e., speed

and accuracy. The performance measure related to speed is the time (the time it took to

select the answer in each of the 36 study trials, measured in seconds). The distribution of

time (s) was normal (M=4.00, SD=2.00). The performance measure related to accuracy is

log-error (normally distributed, M=1.05, SD=3.05). Table 4.2 summarizes lists the descriptive

statistics for time (s) and log-error.

To understand log-error, we will first discuss absolute error. In the study, participants are

asked to select 1 of 4 percentages listed to estimate the difference in the frequencies of the

two highlighted words. The absolute error is a calculation of how far the participants were

from the correct percentage. To calculate the absolute error, we used the following formula:

error = |percentagetrue - percentageestimated|

To calculate log-error, we then use the absolute error while adding 1/8 to avoid calculation

errors when the error is 0. The formula used is:
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log-error = log2(error + 1/8).

Both the formulas for error and log-error have been used following the work from Felix

et al. [14] on measuring performance on similar tasks with word clouds.

We use two separate Univariate General Linear Models [29] repeated measures for our

two dependent variables: log-error and time (s). This test was conducted to investigate

the effects of our independent variables. Two univariate tests were chosen rather than one

multivariate test due to the negative weak and statistically insignificant correlation of the two

dependent variables (r(2916)=-.03, p=.104) based on a Pearson’s correlation (r) test [16].

Effect sizes (partial eta squared) for all sections are reported as small for .01, medium for

.06, and large as .14. For post hoc analysis, we use Tukey’s Honest Significant Difference test

to further compare the means after our initial significance tests [6]. We also use the Pearson’s

Chi-Square test in our analysis of subjective measures to evaluate categorical data [33].

4.2.1 Results of Log-Error

Effect F-Ratio Effect Size Sig. Value

Design Elements

Layout F(2,240) = 13.522 η2p = .101 p < .001

Visual Encoding F(2,240) = 2.389 η2p = .020 p = .094

Layout * Visual Encoding F(4,720) = 18.292 η2p = .023 p < .001

User Characteristics

Perceptual Speed F(2,72) = 3.260 η2p = 083 p < .05

Verbal Working Memory F(2,72) = .483 η2p = .013 p = .619

Perceptual Speed * Verbal Working Memory F(4,72) = 1.526 η2p = .078 p = .204

Table 4.3: Main and Interaction Effects for Log Error
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For this analysis, we utilize a Univariate General Linear Model [29] using log-error as our

dependent variable. Table 4.3 summarizes the results. From this table, we observe that

there were significant main effects for layout and perceptual speed as well as significant

interaction effects of layout*visual encoding. Visual encoding was found to be marginally

significant. Overall, the results suggest that layout and perceptual speed significantly impact

the performance of users in terms of errors they make.

Figure 4.3: Mean Log-Error by Layout Type

A post hoc Tukey’s HSD test confirmed the significant main effect of layout and showed

that mean log-error is significantly lower (p<.001) when the layout is row (M=.64 , SD=

3.18) in contrast to both spatial (M=.1.22, SD= 3.01) and column (M=1.30 , SD= 2.91).

The test also showed that the spatial and column groups did not differ significantly from

each other. Figure 4.3 shows the difference in mean log-error for the different layout types.

This suggests that the row layout negatively impacts the performance of users in terms of

errors they make, however there is no significant difference between the other two layouts.
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Figure 4.4: Mean Log-Error by Visual Encoding Method

While looking at the marginally significant effects of visual encoding, in figure 4.4 we

observe that the use of color intensity (M=.89, SD=3.12) to encode word frequency gives

the most accurate results on average, while using font size (M=1.2, SD=2.89) to encode

frequency results in the highest amount of errors by users, and bar length (N=1.07, SD=3.13)

remains in between.

The interaction effect of layout and visual encoding is highly visible when we look at log-

error in contrast to all 9 combinations of the two variables. Figure 4.5 shows row*color having

the least amount of errors (M=-.15, SD=3.19) while spatial*font size (M=1.70, SD=2.59)

had the highest amount of errors. These results suggest that the usefulness of visual encoding

methods generally depends on the type of layout that was used, which should be considered

by the designers of word clouds.

As our study, of word clouds using the magnitude judgment task, is similar (in design)
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Figure 4.5: Mean Log-Error for Visual Encoding Methods by Layout Type

to the study by Felix et al. [14], we revisit their results and compare our findings with

their findings. In particular, Felix et al. [14] found that the spatial layout impacted the

performance of users negatively and that using additional marks (such as bars to encode

word frequency) improved accuracy. Our study’s results also aligned with these previous

findings. When looking at layout types and visual encoding methods with accuracy as our

measure, we see that the spatial layout was linked to the highest amount of errors when using

font size and color intensity, while having the least amount of errors when using bar length

as the visual encoding method.
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Figure 4.6: Mean Log-Error by Perceptual Speed for Layout

To analyze the significant main effects of perceptual speed, we look at how perceptual speed

varies between layout types and visual encoding methods.

When comparing layout types in Figure 4.6 we see that those with low perceptual speed

(M=.81, SD=3.22) can be seen performing almost as well as those with average perceptual

speed (M=.71, SD=3.17) when we use the row layout type. Overall, we find that while

perceptual speed usually impacts the performance of users across all layout types, the difference

could be more pronounced when a certain layout is used.
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Figure 4.7: Mean Log-Error by Perceptual Speed for Visual Encoding

When comparing visual encoding methods in Figure 4.7 we see that when using color

intensity, those with low perceptual speed (M=1.01, SD=3.12) performed just as well as those

with average perceptual speed (M=1.01, SD=3.10). We also observe that those with average

perceptual speed performed best when using the bar length (M=0.91, SD=3.14) method, when

compared to color intensity (M=1.01, SD=3.10) and font size (M=1.16, SD=2.92). However

this finding was not statistically significant.

Another non-significant observation is that, for participants with high perceptual speed,

the spatial layout and the bar length visual encoding method proved to be the worst, as in

both cases the graphs in Figures 4.6 and 4.7 show the group performing worse than the

average perceptual speed group.

44



4.2.2 Results of Time (s)

Effect F-Ratio Effect Size Sig. Value

Design Elements

Layout F(2,240) = .277 η2p = .002 p = .758

Visual Encoding F(2,240) = 3.792 η2p = .031 p < .05

Layout * Visual Encoding F(4,720) = .204 η2p = .001 p = .936

User Characteristics

Perceptual Speed F(2,72) = 7.312 η2p = .169 p < .001

Verbal Working Memory F(2,72) = .584 η2p = .016 p = .560

Perceptual Speed * Verbal Working Memory F(4,72) = 1.459 η2p = .075 p = .224

Table 4.4: Main and Interaction Effects for Time (s)

We ran a Univariate General Linear Model [29] for time (s) as well. We found significant

main effects of visual encoding method and perceptual speed. Recall that perceptual speed was

also found to be significantly impacting the number of errors people make. However, unlike

layout which was found to be impacting the number of errors people make, visual encoding

influenced the participants in terms of task completion time.

A post hoc Tukey’s HSD test (p<.001) confirmed the significant main effect of visual

encoding methods when the dependent variable is time (s). It showed that it takes the

participants more time to judge the magnitude when using bar length (M=4.38 , SD= 2.184)

in contrast to both color intensity (M=3.82, SD= 1.86) and font size (M=3.86, SD=1.87).

Figure 4.8 shows this difference along with a breakdown of the visual encoding methods by

the different levels of perceptual speed.

Another post hoc Tukey’s test (p<.001) confirmed the significant main effect of perceptual
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Figure 4.8: Mean Time (s) for Visual Encoding Method by Perceptual Speed

speed and time (s), showing that all three levels of perceptual speed are significantly different

from one another.

If we look at how the different levels of perceptual speed interact with the visual encoding

methods, we see that in all three methods the levels (low, average, high) seem to maintain a

similar ratio among themselves. There appears to only be a minor non-significant difference

(based on Tukey’s HSD) in the group with high perceptual speed performing slightly faster

when the method is color intensity (M=2.77, SD=1.17) as compared to font size (M=2.99,

SD=1.46). While the average perceptual speed group performs slightly faster when using the

font size (M=3.96, SD=1.67) method as compared to color intensity (M=4.05, SD=1.77).
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4.3 Analysis of Task Performance

The above-mentioned measures of log-error and time (s) are both useful when analyzing

them individually, however, we also needed a way to analyze them together. For instance,

taking less time to answer a question is better but it does not account for the accuracy of the

participant. Similarly, correctly guessing the answer is good, but it does not show us how

long it took the participant to guess the correct answer.

A way to tackle this is to create a measure that incorporates both speed and accuracy.

In the paper by Carenini et al. [8], the two performance measures of completion time and

accuracy have been combined to create a new performance score called task performance.

This has been done to analyze time (s) but only after having penalized it for the incorrect

trials. The formula is:

task performance (s) =
Average Time for Correct Trial Repetitions

Percentage of Correct Repetitions

The formula uses the average time for only the correct repetitions and adjusts it based on

the percentage of correct repetitions. Each combination is repeated four times and the more

incorrect repetitions there are in a combination (of layout and visual encoding), the higher

the adjusted average time will be for that specific combination.
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4.3.1 Results of Task Performance

Effect F-Ratio Effect Size Sig. Value

Design Elements

Layout F(2,225) = 2.545 η2p = .022 p = .081

Visual Encoding F(2,227) = 2.423 η2p = .021 p = .091

Layout * Visual Encoding F(8,598) = 4.058 η2p = .051 p < .001

User Characteristics

Perceptual Speed F(2,72) = 6.519 η2p = .153 p < .05

Verbal Working Memory F(2,72) = .138 η2p = .004 p = .871

Perceptual Speed * Verbal Working Memory F(4,72) = 1.819 η2p = .092 p = .135

Table 4.5: Main and Interaction Effects for Task Performance

We found that Task performance of participants was normally distributed (M=11.71,

SD=7.39). Just like the previous sections, we also used a Univariate General Linear Model

[29] for analyzing the task performance. When using task performance as the dependent

variable, we found significant main effects of perceptual speed, and significant interaction

effects of layout and visual encoding. Layout and visual encoding had marginally significant

main effects. The effects are summarized in Table 4.5.
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Figure 4.9: Mean Task Performance by Perceptual Speed for Visual Encoding Method

We first take a look at perceptual speed. When we analyze how user groups with different

perceptual speed get impacted by different visual encoding methods (Figure 4.9, we see that all

perceptual speed groups tend to perform better when the color intensity (M=11.10, SD=6.89)

is used as a visual encoding method. Note that within the color intensity category, those

with low perceptual speed (M=12.36, SD=7.56) perform almost as well as those with average

perceptual speed (M=12.18, SD=6.77).

We also notice that those with average perceptual speed do perform slightly better in

the font size category (M=11.47, SD=7.09) when compared to the color intensity category

(M=12.8, SD=6.77). However, this finding was not statistically significant based on a Tukey’s

HSD test.
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Figure 4.10: Mean Task Performance by Combinations of Layout Type and Visual Encoding
Method

We found significant interaction effects for layout and visual encoding. This time we look

at task performance and the nine combinations of layout types and visual encoding methods.

As can be seen in Figure 4.10, overall the row*color combination had the best mean task

performance (s) (M=8.78, SD=5.32), while the row*bar category had the worst mean task

performance (s) (M=14.21, SD=9.04). A post hoc Tukey’s HSD test showed row*bar was

significantly different from both row*color (p<.001) and row*font size size (p<.05). However,

the difference between row*color and row*font size was not significant.
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4.4 Analysis of Subjective Measures

4.4.1 Ranking Visual Encoding Methods

In the post-study questionnaire, we asked the participants to rank the three types of visual

encoding methods used from their most preferred to their least preferred (See Appendix

C). Overall participants ranked font size (45.7%) as the most preferred, followed by color

intensity, and then bar length as their least preferred visual encoding method.

Figure 4.11: Ranking of Visual Encoding Methods by Perceptual Speed

We ran a Pearson Chi-Square between our user characteristics and the ranking prefer-

ences and found a significant relationship between perceptual speed and the rankings (X2(8,

N=81)=18.93, p=.<05). Previous literature [8, 42] also found significant relationships
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when comparing user characteristics and user preferences on different types of visualizations,

however, this is the first time such findings have been confirmed for word clouds.

Figure 4.11 shows those with average perceptual speed preferred bar length (36.6%) before

font size and color intensity. Just like high perceptual speed and low perceptual speed, most

(46.3%) still preferred font size followed by color intensity and bar length. These results

align with the results of our measures, with font size performing the best, and bar length

performing the worst.

It should be noted that participants were given 6 rankings to choose from, however, no

one chose the color, bar, size order of ranking.
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4.4.2 Usefulness Ratings of Visual Encoding Methods

Figure 4.12: Stacked bars summarizing the usefulness ratings of Visual Encoding Methods

We asked the participants to share if they found the three visual encoding methods useful.

The answers were choices on a Likert scale ranging from "Strongly Agree" to "Strongly

Disagree" (See Appendix C). Figure 4.12 presents a summary of the responses we collected

for each of the three types of visual encoding methods.

The results showed that 93.8% of participants either agreed or strongly agreed that they

found the size of the words useful when performing the tasks.

However, the results for the usefulness of color intensity and bar length were quite close to

each other, with more people agreeing that they found color intensity useful when performing
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the tasks.

4.5 Summary

In this chapter, we analyzed the data that we collected from the user study we ran on Amazon

Mechanical Turk. For analysis, we used three different measures: log-error, time (s) and task

performance (s). Through various statistical analyses, we found that perceptual speed impacts

the performance of users across various measures. We also observed that perceptual speed

may impact users differently depending on the type of layout or visual encoding method that

is used. Finally, we found that perceptual speed may also impact the way people rank their

preference for visual encoding methods.
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Conclusions and Future Work

In this chapter, we first make some concluding remarks including the summary of our findings

as well the importance of these findings. We then provide possible future directions for this

work.

5.1 Conclusions

The goal of this thesis was to explore the word cloud design space and to explore whether

there are significant relationships between word cloud designs and user characteristics and if

so, how user characteristics may impact user performance for different designs. We chose

word clouds for our study because, according to our knowledge, while other forms of common

visualizations (such as bar graphs) have been researched with an emphasis on understanding

the impact of user characteristics, there is no prior research based on user differences when it

comes to word clouds. Thus the findings from this thesis can be important for future research
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in this area.

We now revisit our initial research questions. In our study, we wanted to find out (1)

what user characteristics are impacted by different design variations of word clouds; and (2)

how word clouds can be improved to support users with specific characteristics. We answered

these questions by conducting a study involving the magnitude judgment task across nine

different word cloud variations made from different layout types and visual encoding methods.

To answer our first question, our research involved the testing of two main user character-

istics: perceptual speed and verbal working memory. Of these two, we found significant effects

of perceptual speed in the log-error and task performance (s) measures.

Verbal working memory did not have any significant effects based on the tests conducted.

This could be due to the task chosen for our study. The task of magnitude judgment does not

involve recalling any of the words, rather it is a quick judgment of the difference of frequency

of the two highlighted words (mainly by judging the color intensity, font size, or the length

of the bar) and the focus of the user is the graphical marks and value encoding channels.

Further research with more complex tasks is necessary to confirm whether verbal working

memory may impact user performance while using word clouds.

To answer our second question we first discuss the effect of perceptual speed in more detail.

When we analyzed the different levels perceptual speed (low, average, high) and the three

types of layout (row, column, spatial), results showed that those with low perceptual speed

performed just as well as those with average perceptual speed when using the row layout.
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Similarly, when we analyzed perceptual speed alongside the three visual encoding methods

(color intensity, font size, bar length), results showed that those with low perceptual speed

performed just as well as those with average perceptual speed when using the color intensity

method.

There was also a significant relationship between perceptual speed and rankings of preferred

visual encoding methods. We found that those with average perceptual speed chose bar length

then font size, and then color intensity as their preferred order, while those with high or low

perceptual speed chose font size first, then color intensity and then bar length as their least

preferred visual encoding method. For usefulness ratings, participants also ranked font size

as the most useful, and bar length as the least useful.

Word cloud design elements presented significant results as well and would be key in

improving word clouds to support users. Our results showed that participants performed

significantly better with the row layout compared to the spatial and column layouts for all

types of users based on the log-error measure.

Analysis of visual encoding methods showed that it took significantly more time (s) to

use bar length to judge magnitude than the other two (color intensity and font size) methods.

This could have been because in the case of bar length the bar is a graphical mark (contrary

to color intensity and font size, where the word itself is the graphical mark), causing the

user to take more time to analyze the word cloud. The length of the word could also have

confused the user when trying to judge the length of the bar as the words were placed on top
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of the bars.

The interaction of both layout types and visual encoding methods significantly showed

row*color followed by row*font size as the combinations with the best task performance (s).

Row*bar resulted in the worst task performance (s). These results also aligned with the

results of the subjective measures. Font size, color intensity then bar length was the most

preferred order selected by the participants in the post study questionnaire.

We believe that the above results have implications for user-adaptive visualizations, where

we can focus on tailoring word cloud design with respect to individual needs and differences.

For example, a start point could be to develop an interactive word cloud interface that allows

users to change the layout or visual encoding methods of a word cloud. Another step could

be to predict user characteristics automatically by collecting the interaction data of a user so

that a version of the word cloud that better matches the user’s characteristics is shown to

the user.

5.2 Future Work

Since, to our knowledge, this thesis presents the first study on exploring the impact of user

characteristics on word clouds, there are several key avenues for future work.

First, in this thesis, we investigated the performance of users using the magnitude judgment

task. There are still several other tasks that can be designed for both social and analytical
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uses of word clouds. For example, topic discovery, topic matching, and keyword search are

some of the tasks that have been tested to understand the effectiveness of different layouts

and visual encoding methods for word clouds [14]. However, these tasks have not been tested

while considering user characteristics as factors. As a starting point, we focused on the

low-level task of magnitude judgment, however, we anticipate that with more complex tasks

such as topic matching and keyword search, the influence of different user characteristics

could be even more pronounced.

Second, previous research investigating the impact of user characteristics on other visual-

izations such as bar charts [41] has considered a variety of user characteristics such as reading

proficiency, visualization literacy, need for cognition, verbal IQ, visual working memory,

spatial memory, etc. In order to keep the study session under a reasonable time limit, we

considered two important user characteristics (perceptual speed and verbal working memory).

However, in the future, it would be interesting to observe how other cognitive abilities, as well

as personality traits, may impact the user’s performance while interacting with word clouds.

Third, With respect to exploring visual encoding methods, we have experimented with

font size, color intensity, and bar length. However, other visual encoding methods can be

examined in the future such as the size of circles to encode the frequency of words in a word

cloud [14]. Similarly, other forms of visual encoding methods, semantic groupings, and layouts

can be experimented with respect to user characteristics.

Fourth, in terms of word cloud algorithms, it would be interesting to explore different
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keyphrase extraction techniques. Since, unlike individual words, keyphrases may allow us

to better understand the context of word usage, future work could explore how people with

varying user characteristics would perform with phrase clouds compared to basic word clouds.

Fifth, the study was conducted on MTurk which has been considered to be a reliable

platform for hiring participants [22, 34] and was used in other studies on word cloud

visualizations, on similar tasks [14]. However, the data collected from MTurk crowdworkers

may be prone to sample bias, for instance with the age distribution or expertise of users with

word clouds. In the future we hope to run studies with a larger and more diverse range of

users to improve the generalizability of our research to address any bias problems.

Last but not least, future work may examine how the influence of user characteristics

on different word cloud designs can be adapted to applications. Future research could use

machine learning techniques to analyze the user’s interaction data (mouse interactions, eye

gaze) and predict their characteristics. Some previous research has already demonstrated how

eye gaze data can be used to infer visualization tasks and cognitive abilities [39]. Following

such research, machine learning models can be employed to predict the user’s cognitive

abilities and then subsequently provide adaptive interventions, for example by adapting to a

more suitable layout or visual encoding. We hope that further research in the area will help

to make word clouds to be more accessible to those with specific needs or levels of expertise.
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Appendices

Appendix A: Sample Word Clouds

(a) Bar Length (b) Color Intensity (c) Font Size

Figure 1: Column Layout
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(a) Bar Length (b) Color Intensity (c) Font Size

Figure 2: Row Layout

(a) Bar Length (b) Color Intensity (c) Font Size

Figure 3: Spatial Layout
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Appendix B: Informed Consent Form

Date:

Name of Participant:

Study Name: Study of the effect of user characteristics on perceiving word clouds

Researcher: Zehra Shirin, Graduate Student in Information Systems and Technology, York
University, zshirin@my.yorku.ca

Purpose of the Research: In this research, we are interested in studying the effects of user
characteristics in perceiving word clouds. Humans have different cognitive abilities and personality
traits. Previous research has shown that these differences affect the way a person perceives a
visualization, specifically their ability to extract valuable information from the visualization through
analytical or search based tasks. In this research, we are designing word clouds (a type of text
visualization) using different layouts and methods and testing these word clouds against users with
differing user characteristics. This study will help us to find valuable information on how word cloud
designs could adapt to the needs of the user based on their abilities. To conduct this study, we will
ask you to complete some tests of psychology and then complete a task on multiple word clouds.
Then we will use the collected data to come to conclusions regarding whether user characteristics
affect the way a person perceives a word cloud and how the word cloud could be improved to help
people with certain user characteristics (For example, how a word cloud design could be adapted to
the needs of users with low perceptual speed).

What You Will Be Asked to Do in the Research: In this research you will be asked to
perform the following tasks: 1. At first, a consent form will appear to you before the experimental
session begins. 2. After providing the consent, you will be asked to complete a pre-study background
questionnaire about your educational background, age range and language proficiency. 3. You will
then be asked to complete tests of psychology for perceptual speed, verbal working memory and
visual working memory. 3. Each HIT will involve viewing a word cloud visualization and answering a
question about it. 4. The study session will involve 36-48 HITs and will last between 40-50 minutes.
You will receive $1.0 for completing each HIT. 5. After completing the HITs, you will be asked to
fill a post-study questionnaire about the questions that you were asked during the study.

Risks and Discomforts: We do not foresee any risks or discomfort from your participation in the
research.

Benefits of the Research and Benefits to You: Taking part in this research study may not
benefit you personally, but we may learn new things that could help others.

Voluntary Participation and Withdrawal: Your participation in the study is completely
voluntary and you may choose to stop participating at any time. If you stop participating at any
point, you will still be eligible to receive the compensation for HITs you have already completed. In
the event you withdraw from the study, all associated data collected will be immediately destroyed
wherever possible.

Confidentiality: All personally identifying information you supply during the research – namely:
your MTurk ID – will be held in confidence and will not appear in any report or publication of the
research. Please be aware that your MTurk Worker ID can potentially be linked to information
about you on your Amazon public profile page, depending on the settings you have for your Amazon
profile. We will not be accessing any personally identifying information about you that you may
have put on your Amazon public profile page. Your personally identifying data will be safely stored
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in a locked facility and a password protected digital medium (USB key or DVD) and only research
staff/research team members will have access to this information. The personally identifying data
will be destroyed by the end of 2021. Confidentiality will be provided to the fullest extent possible
by law.

Your non-personally identifying responses – including demographics (age-range, educational back-
ground and questionnaire responses – may be published on the PI’s web-sites (personal, lab) and
shared with the research community as data files. The PI will screen the data and use her own
judgement to identify accidentally or indirectly personally identifying features and will redact the
parts in question or, if necessary, the entire response prior to availing it to third parties. The
anonymized non-personally identifying data collected in this research project may also be used by
members of the research team in subsequent research investigations exploring similar lines of inquiry.
The researcher(s) acknowledge that the host of the online survey (e.g., Amazon Mechanical Turk) may
automatically collect participant data without their knowledge (i.e., IP addresses). Further, because
this project employs e-based collection techniques, data may be subject to access by third parties as
a result of various security legislation now in place in many countries and thus the confidentiality
and privacy of data cannot be guaranteed during web-based transmission.

Questions About the Research? If you have questions about the research in general or about
your role in the study, please feel free to contact Zehra Shirin by e-mail (zshirin@my.yorku.ca) or the
Information Systems and Technology Graduate Program Office by phone (416-736-2100 ext. 40747)
or email (lapsitec@yorku.ca). This research has received ethics review and approval by the Human
Participants Review Sub-Committee, York University’s Ethics Review Board and conforms to the
standards of the Canadian Tri-Council Research Ethics guidelines. If you have any questions about
this process, or about your rights as a participant in the study, please contact the Sr. Manager and
Policy Advisor for the Office of Research Ethics, 5th Floor, Kaneff Tower, York University (telephone
416-736-5914 or e-mail ore@yorku.ca). Consent: By clicking “Agree” below, you confirm that you
have read the consent form, are at least 18 years old, and agree to participate in the study “Study of
the effect of user characteristics on perceiving word clouds”.

□ I agree to participate in the research

□ I do NOT agree to participate in the research
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Appendix C: Pre-Study Questionnaire

Please answer each of the following questions.

Please select your age range:

□ 18-24

□ 25-34

□ 35-44

□ 45-54

□ 55-64

Please select your gender:

□ Male

□ Female

□ Rather not say

Occupation:

Field of Study (if student, otherwise enter n/a):

How often do you look at simple Word Clouds, like the one below:
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How often do you look at complex Word Clouds, like the one below:
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Appendix D: Post-Study Questionnaire

Please rate how strongly you agree or disagree with each of the following state-
ments with respect to the tasks you completed.

1. I found bars (that depict the frequency of the words) useful when performing tasks.

□ Strongly disagree

□ Disagree

□ Neutral
□ Agree

□ Strongly agree

2. I found the size of the words useful when performing tasks.

□ Strongly disagree

□ Disagree

□ Neutral
□ Agree

□ Strongly agree

3. I found the color saturation of words useful when performing tasks.

□ Strongly disagree

□ Disagree

□ Neutral
□ Agree

□ Strongly agree

4. Rate the three types of encoding from the easiest (starting from the left) to the most difficult (on
the right):

□ Bar, Color, Size

□ Bar, Size, Color

□ Size, Color, Bar

□ Size, Bar, Color

□ Color, Size, Bar

□ Color, Bar, Size
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