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Foreword
A man’s character is his fate.

Heraclitus

It all began with the naı̈ve and lazy man’s dream. I wanted interesting information
to come to me even though I didn’t know if such information existed, and I didn’t search
for it. I am lazy but addicted to information. I am also a Maximizer. According to the
book The Paradox of Choice: Why More Is Less by Barry Schwartz, a Maximizer is the
kind of person who scans all the available cereals in the supermarket and tries to select
the best one. Frankly speaking, I envy the Satisficers because they will choose whatever
option meets the requirements and forget about the rest.
That’s how I initially became interested in recommender systems, which are a class
of algorithms that recommend something to my taste, as Amazon and other web-based
services that are trying hard to expand their outreach on social media platforms. Also,
from my previous experiences with wearable technology, I knew that the ability to extract
valuable information from data will be the key component in the so-called big data value
chain. Without the ability to turn data into insights, big data is just investment and cost.
Analytics will be what generates revenue and profit.
However, the journey never goes as expected and you never know where you will
end up when you are setting out. Such was my Ph.D. I started with recommender systems,
but the recommendations they make are not satisfactory due to limitations in the quality
of these algorithms. It may be rather contentious to suggest that recommender systems
algorithms are limited. Indeed, the world is changing and you never know if the next
ii

big scientific breakthrough will improve them to be more effective. But as anecdotal
evidence to support my claim, Netflix never ended up using the state-of-art algorithms
from the famous 10 million dollar competition. The algorithm shows top-performance,
but the performance gain is not meaningful to justify the algorithm implementation cost.
That’s when I started to look for alternatives. Did I already tell you that I am a Maximizer?
Therefore I concluded that we need to amplify the cognitive ability of the user to
tackle the challenges of big data value creation. That is the focus of my Ph.D., presented here, with five design studies. The ideal ending will be that I am satisfied with my
methodology and live happily ever after. But after six years of study, I see some fundamental limitations in the visual analytics (VA) approach as well. Those limitations are 1)
VA systems are application/domain specific, 2) dependence on back-end algorithms that
usually rely on the bag-of-words model, and 3) the requirement of user labor (this can be
both desirable and undesirable. But I am rather lazy.).
So here I am packing light again to find more fundamental ways to achieve my
dream. Recent advances in neural networking look promising, and, being inspired by
those advances, I want to build upon them to start a new journey into this untapped area.
I am excited, afraid, humble, and foolish on this new journey.
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Chapter 1:

Introduction

An open-ended task can be defined as a task where it is inappropriate to have one
single true answer, but instead it is appropriate to have several answers depending on the
context and situation. Outputs of these tasks are not bounded to fixed sets of possible
answers. Closed-ended tasks are the opposite, in which there is a set of possible answers
and it is trivial to check whether it is correct or not, with a given ground-truth. One
main challenge with open-ended tasks is that it is hard to judge the correctness of output
automatically. For example, explaining why a comment or photo is funny may be an
intractable computer science problem, at least with current technology. Humans, on the
other hand, have no problem in doing these types of open-ended tasks because of their
ability to perceive common sense, sympathy, semantics, and context. However, it is also
challenging and costly to scale human judgment.

Data

Feature

Model

Output

Figure 1.1: Four stages of statistical machine learning process
To tackle these problems, a visual analytics approach tries to augment and amplify a
person’s ability by combining information visualization and statistical machine learning.
1

As illustrated in Figure 1.1, the large dataset is first preprocessed to extract meaningful
features. These low-level features are then modeled to give a high-level abstract about the
data. Finally, these high-level abstracts about the data are visualized to allow interactive
exploration, which provides valuable insight about the model’s performance. Based on
this insight, the user can then choose to adjust the previous steps. This forms a feedback
loop where the user can change the previous stages based on the output of the system.
Visual analytics is a discipline that combines the computational analysis from machines
with analytical reasoning of humans using the information visualizations as a medium to
bridge two as shown in Figure 1.2.

Interactive
Visualization

Computational
Analysis

Analytical
Reasoning

Figure 1.2: Visual Analytics approaches combine the power of the computational analysis of the machines and the analysis reasoning capabilities of humans via interactive
visualization as a medium.
In the visual analytics approach, there are two mechanisms that are challenging
within the domain of text processing, the first of which is sensing mechanisms. Here,
the key challenge is how the person can understand the output of a statistical machine
learning process. This is challenging because the text has to be transformed into numbers
2

Sensing mechanism
Human explores output using
visualization

Automated
System

Human

Actuating mechanism
Human steers the system to improve the
output

Figure 1.3: Visual Analytics approach for open-ended tasks
that are difficult to understand because of their size and dimensionality. Even when users
understand the output, it is nontrivial to guide the machine learning process or update
models based on this understanding — this is the second challenge, the steering mechanism. These mechanisms are illustrated in Figure 1.3. The distinction is motivated by
the term Gulfs of Evaluation and Execution, which was introduced by Norman [1]. The
mechanism can also thought as one example of the end-user interactive machine learning
idea of Amershi et al [2, 3]. In the end-user interactive machine learning process, a user
guides a machine by inspecting the data generated by model. In her work, she suggested
design dimensions for the end-user interactive machine learning as three high-level categories. They are system feedback, end-user control and temporal category. A slight
distinction is that we emphasize visualization as a means to deliver output from the machine, whereas there can be many other types of feedback in the aforementioned work.
Our notion of sensing and steering mechanisms is not novel, but rather a specific instance
3

of these more general frameworks.
(b) TopicLens[VAST’16]

(a)Parallelspaces[HICSS’16]

(c) Gatherplot
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Figure 4. On the left, we compare two movies, Toy Story (1995), in blue, and Scream (1996), in orange, according to the age, location and similarity
criteria for users. Some notable observations are while the former is liked all around the U.S. by any age groups the latter is mostly popular in the eastern
part and within a younger generation. On the right, we compare two users, a 19-year-old male student, in blue, and a 51-year-old male educator, in orange
according to the average, release date, and similarity criteria for movies. We observe that the older user tends to rate older films highly. In addition, his
average review tends to conform to the average ratings patterns of all users while the younger user seems to deviate from it.

Sensing mechanism

relationship between words and business was the number of
occurrence of the words for particular business. The word
space contains words like ’fantastic’, ’good’, or ’bad’ for
restaurants and the frequencies at which certain words’ appear vary for different restaurants. The rationale is that users
can easily discover the patterns in the reviews of restaurants
using a set of such words. Both prototypes were built as
web-based JavaScript and SVG applications using the D3
visualization toolkit [7]. We use the VisDock2 library (also
JavaScript) for advanced cross-cutting interaction support for
selection, query management, and annotation. An interactive
demonstration of the MovieVis prototype can be seen at
http://vistalk.herokuapp.com/movievis/, and the YelpVis prototype is available at http://vistalk.herokuapp.com/yelpvis/.
VIII. U SAGE E XAMPLE
We give a usage scenario to explain how the ParallelSpaces tool can help someone with forming an initial
hypothesis about the dataset. Let’s say a market researcher
uses MovieVis to study the preference data of two movies
Scream (1996) and Toy Story (1995). She selects these two
movies in the movie space using the search option provided
by MovieVis. This visualizes the preference data on the user
space with both axes set to similarity by default. MovieVis
provides a drop-down menu to set the axes in the user
space to one of the seven quantities: Similarity, Age, Job,
Location, Gender, Average Review, and Number of Reviews.
She selects “Location” as the X-axis in the user space to
display the users on a geographical map of United States.
Figure 4 shows the visualization after applying the settings
above to the user space. She observes from the contour

plots in the user space that, while Scream is highly rated
by users on the East Coast, Toy Story is highly rated by
users all around the United States. Thus, she changes the Yaxis to “Age” while leaving the X-axis to the default setting,
yielding the visualization in the bottom left of Figure 4. She
then observes that while Scream is highly rated by users of
age groups 15 to 30, Toy Story is highly rated by users of
all age groups.

Automated
System

IX. Q UALITATIVE U SER S TUDY

The primary purpose of ParallelSpaces is to aid in generating initial hypotheses for weighted bivariate graphs. We
conducted a qualitative user study to evaluate whether the
system achieves this purpose.
A. Method
We recruited 11 (8 male, 3 female) paid participants to
use the MovieVis and YelpVis systems for 20 minutes each.
All participants were university students, and the average
age was 26, ranging from 20 to 34. Prior to using the
systems, participants were given 10 minutes of training
in using the tools. During the exploration (two sessions
of 20 minutes), they were encouraged to write comments
about their findings using an annotation feature embedded
in the tools. After completing the exploration sessions, the
users were asked to evaluate their experience in terms of
usefulness, enjoyability, and ease of use. We also collected
subjective free-form feedback (comments and notes) as well
as basic demographic and technical information about the
participants. A full user study session lasted approximately
one hour (10 minutes of training, two 20-minute sessions
for exploration, and 10 minutes for the post-test survey).

Steering mechanism

(d) CommentIQ[CHI’16]

2 https://github.com/VisDockHub/NewVisDock

Human

(e) ConceptVector[VAST’17]

1443

Figure 1.4: Design studies for the sensing and steering mechanism
In this dissertation, we further specialize in the domain of the text mining. We will
follow the famous visual information-seeking mantra by Ben Shneiderman: Overview
first, zoom and filter, then details-on-demand [4]. As we can see from Anscombe’s quartet examples [5], overviewing data with visualization is the first step towards the analysis.
However, overview is a broad term, and how we implement it depends on both the characteristics of the data and the goals of the tasks. Text is one type of data where overviewing
is challenging, for the following reasons:
• Text is unstructured data. When it is transformed into multi-dimensional data using
the bag-of-words model, it becomes very high dimensional, depending on the size
of the utilized vocabulary.
4

• Text data requires knowledge about the world to understand documents.
• Depending on the reader or context, some text can be interpreted differently.
There are many methods to build an overview from text. Methods such as ThemeRiver show the temporal evolution of the topics [6]. Another popular method is a scatter plot view with coordinates from dimension-reduction methods, which is also often
called multidimensional scaling (MDS) [7]. This view is built on a principle that similar
documents are positioned closely to each other. As documents get closer in the scatter
plot, it is easy to spot clusters composed of documents with similar topics. However,
characterizing the clusters is difficult because the locations on the vertical or horizontal
axis do not have any meaning. Still, the location on the vertical or horizontal axis is often one of the most efficient ways to encode information visually [8–10]. We propose
an interactive method to characterize the clusters using the location as a visual clue for
the distribution of the parameters by assigning meaning to the location. I conducted five
design studies to verify the effectiveness of this technique and mitigate various issues
arising from it. Figure 1.4 shows images of the projects.
ParallelSpaces [11] demonstrates how we can explore reviews of businesses to answer open-ended questions (Figure 1.5). Yelp Business Review data is analyzed by
non-negative matrix factorization (NMF) [12]. The output of the NMF has an interesting
duality that reveals that a document can be explained with a topic and that each topic
can be explained with a word. ParallelSpaces utilizes this property by juxtaposing two
canvases, each representing either a business space or a word space. In the business space
similar businesses are close to each other. In the word space, similar words are clustered.
5

By linking those two spaces with brushing, the meaning of each space can be explored
using other spaces or associated multi-dimensional properties.

Figure 1.5: A screenshot of the ParallelSpaces system.
Assigning an attribute to the clustering view results in overplotting when the attribute is categorical. Unit visualizations, where all individual rows in the data table are
visible, can be a solution. Gatherplots solve this problem by proposing a layout algorithm
for categorical variables in scatterplots (Figure 1.6(c)).
Assigning an existing attribute to an axis is helpful for identifying the relationship
between the attribute and the cluster. However, existing attributes can be limited. To
mitigate this, we explore how users can create a custom axis from a mixture of existing attributes. The CommentIQ project [13] showcases this idea by allowing users to
manipulate model parameters to create a custom axis for ranking the best comments (Figure 1.7). Online comments submitted by readers of news articles can provide valuable
feedback and critique, personal views and perspectives, and opportunities for discussion.
6
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Displacement
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Displacement

MPG

Figure 1.6: These are examples of how gatherplots display data about the cars.
The varying quality of these comments necessitates, however, that publishers remove the
low quality ones. There is also a growing awareness that identifying and highlighting high
quality contributions can promote the general quality of the community. In this project,
we take a user-centered design approach towards developing a system that supports comment moderators, allowing them to interactively identify high quality comments using a
combination of comment analytic scores as well as visualizations and flexible UI components.
In addition to creating custom attributes using weighted sums of existing features,
users can improve the analytical process by creating or refining semantic features. Central
to many text analysis methods is the notion of a textual concept: a set of semantically related keywords characterizing a specific object, phenomenon, or theme. Textual concepts
have potential for characterizing document collections and can also be shared and reused
once constructed. ConceptVector [14] guides the user in building, refining, and sharing

7

Figure 1.7: A of the CommentIQ system. The CommentIQ helps the community moderator find high-quality comments based on the custom ranked view and overview visualization.
such concepts and then in using them to classify documents (Figure 1.8). Such concepts
can be used as user-driven features for text mining tasks.
TopicLens [15] is a MagicLens-type interaction technique for exploring the results
of the topic modeling (Figure 1.9). The problem with the previous document galaxy view
of topic modeling is that the number of topics or level of detail for the topic analysis is predetermined and cannot be changed during exploration. TopicLens solves this problem by
applying a lens-type interaction in which the documents under the lens are sub-clustered
by another level of topics, revealing underlying semantic structures.
Figure 1.10 summarizes the five projects in my dissertation. I contribute several interaction methods for the overview of documents in support of humans performing openended text mining tasks. The lessons learned from each design study provide guidelines

8

Figure 1.8: Using seed words as input, the ConceptVector system recommends related
words with its meaning cluster to help users quickly build a dictionary interactively.

Figure 1.9: This shows an interaction sequence of TopicLens. When we apply the TopicLens, a MagicLens-type interaction for examining the underlying topic distribution, the
regions under the lens are subdivided into more detailed topics.
for the application of visual analytics to text mining, empowering human analysts for
high-level, open-ended tasks and opening an interesting research avenue.
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A

Cluster#1
Cluster#2

F
Interactive level of the detail
(TopicLens)
No semantic meaning

Cluster#3

When you apply attribute on
x-axis (ParallelSpaces)
C
B

When the attribute is
categorical
(Gatherplots)

Building new semantic axis
with seed words
(ConceptVector)

Mixture of features as a new
axis (CommentIQ)

D
E

T-SNE
Gender
Happy
Angry
Delicious
-- Add custom concept

Figure 1.10: This diagram summarizes the five design studies in the dissertation. (A)
represents traditional dimension reduction methods. After selecting three clusters, (B)
ParallelSpaces applies the date attribute in the horizontal axis. It shows a different distribution according to the relation of the date attribute to the clusters. However, assigning
a categorical axis creates overplotting, which can be mitigated by laying them out recursively in the space as in (C) Gatherplots. (D) CommentIQ experiments with building
custom attributes using weighted sums of multiple features. (E) ConceptVector supports
semantic analysis by building a dictionary for a specific concept and using it to create a
semantic axis. (F) TopicLens is a MagicLens-type interaction technique that can zoom in
to the region of interest and get detailed clustering results.
10

Chapter 2:

Open-Ended Tasks in Text Mining

In this chapter, we present previous work related to open-ended tasks in text mining.
The chapter is divided into two sections: in Section 2.1, we will explore the characteristics
of open-ended tasks. In Section 2.2, two examples of open-ended tasks in text mining
will be presented, which are document cluster characterizations and analyzing comments,
especially to select high-quality comments to highlight.

2.1

Open-ended Tasks
If we compare humans and machines as shown in Figure 2.1, there are things that

machines can do much better than humans, such as arithmetic operations. The list of such
tasks is growing rapidly as tasks that were originally thought of as impossible for machines are solved using novel algorithms, such as the development of the neural network
based model that beat a human champion in Go [16, 17]. Some tasks, however, remain
as difficult for machines as they are for humans. Examples are NP hard problems, such
as the “traveling salesman” problem [18]. The theoretical limits that keep us from (easily) solving these problems have been, to some extent, circumvented by methods that can
approximate the solution with a reasonable amount of resources [19, 20].
However, there are still things that even a five-year-old (human) can do easily that
11

Hard

Openended tasks
in Vision &
Language

NP hard

Arithmetic
Logic

Easy
Easy

Hard

Figure 2.1: Open-ended tasks in language and vision are easy for humans while challenging for machines.
a supercomputer cannot yet perform satisfactorily. Such tasks represent the set of openended tasks. These are tasks that can have many different, but justifiable, answers. A
concrete example can illustrate properties of open-ended tasks and why they are so challenging for machines. Nowadays, it is common to see a few thousand reviews for a
product on an e-commerce site such as Amazon. A typical task for the casual shopper
would be finding the answers for the following questions as shown in Figure 2.2:
Can I trust this
review?

Why customer buy?
What are problems?

Competitors/alternat
ives?

Figure 2.2: Typical questions while shopping on E-commerce site can be Open-ended
tasks in language.
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• Why do other people buy this product?
• Are there problems?
• What are alternatives and what could be a better choice?
• Can I trust this review?
Answering these questions is an example of an open-ended task that is challenging
to automate because of the following properties:
• The tasks deal with unstructured data such as language and images. In the shopping
example, you have to deal with both text and images, and the tokens are confounded
by slang or misspelled words.
• There can be many different but justifiable answers depending on the context.
Again, the criteria for the “best” alternatives will be different according to the situation of the buyer, including technical expertise, preference, and budgets.
• External knowledge about the world is required—not all the information to solve
the tasks exists in the given problem. For example, when a comment refers an
alternative product, the information about that product is not given in the review
page.
Open-ended tasks are similar to AI-complete tasks in the sense that they require
a human’s level of intelligence. However, some AI-complete tasks are not open-ended
tasks. For example, Visual Question and Answering (VQA) tasks [21], as shown in Figure 2.3, and Facebook bAbi tasks [22], as shown in Figure 2.4, require text understanding
13

Figure 2.3: Examples of the Visual Question Answer (VQA) dataset. While the task
deals with unstructured data and knowledge about the world is required, it is not openended because the answers for these questions are expressible from the given set of output
vocabularies, and there is only a single correct answer for each question.

Figure 2.4: Examples of the bAbi tasks. It is not open-ended because there is a single
correct answer for each question.
and reasoning. But they are not open-ended tasks because the output space is given as a
bounded set of possible answers and there are fixed sets of the correct answers for each
question.
The properties of open-ended tasks challenge the development of automated methods. Previously, machine-based algorithms dealt with logical symbols, and the discrepancy between logical symbols and unstructured data in the real world has been problematic in traditional AI systems. Recently, one of the key lessons in the success of the deep
learning based approach was representing textual concepts and sensory images in vector embeddings, where similarity can be expressed as a distance in the high-dimensional
vector space. This has resulted in state-of-art performance for object detection, machine
translation, and image caption generation, which all deal with unstructured data.

14

The second challenging property is that there can be many correct answers, and
sometimes an unbounded number. This also breaks many previous supervised learning
assumptions. For example, in supervised learning the output must be evaluated and the
errors back-propagated to minimize loss. For open-ended tasks, however, it is challenging
to generate enough labeled sample data to evaluate the outputs algorithmically. Recently,
there are models that still generate meaningful output in challenging domains, such as
image caption generation or text to image generation. But the lack of evaluation measures
makes it difficult to compare different models. Currently, some methods are suggested
such as BLEU, METEOR, and Rouge to evaluate the machine translation models and
SPICE to evaluate image caption generation models using a scene graph.
The third property of open-ended tasks is that they require external knowledge about
the world, which also makes them challenging. The traditional notion of the training
dataset is not enough, because the training dataset does not contain all the information
needed to solve the problem.

2.2

Examples in Text Mining
While there are many open-ended tasks, in this paper, we will focus on two tasks

that are a representative of a effective visual analytics approach. The first is characterizing
clusters generated by dimensionality reduction methods, and the second is the analysis of
online comments in the journalism domain.

15

2.2.1

Characterizing Document Clusters
Document clustering is one example of unsupervised learning, in which there are no

ground-truth answers, in this case the document clusters. Many methods such as k-means
clustering [23] assign cluster membership according to a similarity measure. However,
it is difficult to understand or evaluate the quality of the membership assignment in a
table or matrix form. Visualization can help the evaluation. In this case, dimensionality
reduction methods such as multidimensional scaling (MDS) [24] or principle component
analysis (PCA) [25] are frequently used to create a map of the items in which similar
items are gathered together.
Word occurrence in the documents is summarized as the Document Term Matrix
(DTM). Many statistical methods are available to generate a clustering given the DTM.
The main idea is that you can summarize the matrix with a family of matrix factorization
methods, where latent variables such as topic or genre can be calculated. In many cases,
the latent variables are reduced to two- or three- dimensional vectors for the purpose of
visualization. In this view, we can see clusters of items, however, the main challenge is
interpreting the cluster characteristics to label the group.

2.2.2

Selecting High-Quality Comments
In the social media domain, there are many examples where a crowd contributes

to a forum, such as commenting on news articles. These comments can play a role in
sharing opinions and discussing issues. Sometimes, comments can even be a source of
information in breaking news cases. Despite their importance, current comments sections
16

are experiencing two problems. One challenge is how to deal with the comments that are
uncivil or contains inflammatory expressions that leads to unproductive disputes. [26].
The challenge is the fact that, while there can be many valuable insights, the volume of
the comments makes it difficult to find them. Selecting high-quality comments and promoting them can be a solution for both problems. It is known that promoting high-quality
comments improves the quality of the discussion in general by raising expectations [27].
Selecting high-quality comments is an open-ended task, because there can be many different way of defining high-quality comments.
In the following chapters, we will explore how we can improve open-ended tasks
in these two domains.

17

Chapter 3:

ParallelSpaces: Characterizing Clusters

In this chapter, we will introduce the ParallelSpaces project, which uses interactive
methods to characterize clusters by assigning an attribute to an axis. ParallelSpaces is
a novel method to explore bipartite datasets in both feature and data dimensions. This
dyadic data is displayed as weighted bipartite graphs using scatter plots in two separated
visual spaces, where each entity is positioned according to multi-dimensional properties
of the entity or similarity in preferences. Selection or navigation in one space is reflected
in the other so that organic visual patterns can be formed to facilitate the characterization of underlying groupings. To aid visual pattern recognition we also overlay a contour plot based on kernel density estimation. We have implemented two instantiations of
ParallelSpaces, for (a) movie preferences and (b) business reviews, as web-based visualizations. To validate the method, we performed a qualitative user study involving eleven
participants using these web-based tools to explore data and collect deep insights.

3.1

Introduction
Bipartite graphs are a common way to represent content-actor relationships [28],

such as movie ratings by users or e-commerce relationships between customers and products. For example, a movie fan may use a movie rating dataset to discover interesting
18

patterns to discuss with like-minded individuals in their social networks. Similarly, a
market researcher may use the technique to find target segments of the market, such as
“product A is favored by male engineers from the West Coast of ages 20 to 30.” While
there are many statistical analyses to aid this process, establishing initial hypotheses remains challenging. In particular, the bipartite nature of these datasets, combined with the
immense amount of data, often becomes a barrier. Landesberger et al. [29] pose this as a
future research challenge, where interactive feedback enables a hypothesis-insight-driven
analytical process.
Even though there exist many statistical and computational tools to support this
process, deriving such hypotheses in the first place is a creative, domain-specific, and
culture-dependent process that requires human analysts. After the hypothesis has been
formulated and tested, large-scale machine learning and statistical tools can streamline
the validation process. While large data volumes, such as years of transaction records
of a national retailer, can be managed by rapidly evolving technical advances in big data
analytics, this is not true for the abilities of human analysts exploring the data to generate
the initial hypotheses.
In this project, we argue that the main barrier against effective adoption of big
data machine learning methods is in interpreting their results. These methods often yield
large coefficient vectors, which are difficult to map to high-level tasks such as selecting
the target group for the next advertisement campaign or finding major advantages and
disadvantages of a company’s products compared to its competitors. To fill in this gap,
we propose a novel visualization technique for business transaction data called ParallelSpaces. ParallelSpaces visualizes the result of the statistical analysis in a user-friendly
19
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Figure 3.1: Movie entities and user entities are represented as blue circles on the left
and red circles on the right, respectively. The system uses the mapping matrix, middle,
to brush and link the two spaces according to the user-defined criteria. Selecting users
causes selection of movies they prefer and, conversely, selecting a movie or movies leads
to selection of users who give similar common ratings. Using axial rotation, the linked
users and movie data can be further explored according to demographic criteria, shown in
the right table, and according to movie criteria, shown in the left table.
format. The visual design of ParallelSpaces is motivated by the fact that much analytic
CRM data can be classified within two categories—customers of a business and its products and services—each with qualitative and quantitative relations between and among
them.
ParallelSpaces thus creates dual, side-by-side scatterplots and assigns separate 2D
spaces to each such class of an entity. Each space uses a multivariate visualization of the
entities in that class. Nodes are initially shown according to similarity in relation to other
spaces. Selections in one space are highlighted in the other space using brushing [30]
based on the relationship between the items, thereby forming visual patterns in the views.
The user can scan these patterns to gain an overview of the transaction data. Furthermore,
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scatterplot axes can be changed to enable exploration of multivariate properties of each
node, such as customer demographic data or product properties. Figure 3.1 illustrates this
basic concept.

VisDock Toolset

ace
Movie Space
User Space

Axis Selection Menu
Configuration for
Contour plot and Selection

Figure 3.2: The MovieVis tool. Two groups in the movie space have been selected to compare corresponding user distributions. Two movies selected in the upper-center region—
One flew Over the Cuckoo’s Nest (1975) and Amadeus (1984)–and are shown in blue
color. Another two movies selected in a lower-center region—Phenomenon (1996) and
Twister (1996)—are shown in orange. The highlighted users are those who liked both
pairs of movies (because the group mode is set to “common”). Based on the user space
axes—gender for the horizontal and age for the vertical—we can see that while the movie
One Flew Over the Cuckoo’s Nest and Amadeus were favored by male reviewers of all
ages, the Phenomenon and Twister were liked by relatively younger male audiences.
To demonstrate the effectiveness of the ParallelSpaces visualization technique, we
have built web-based prototype implementations for two separate datasets: (1) a movie
ratings dataset called MovieLens, and (2) Yelp business reviews. Figure 3.2 shows a
screen image of the system. We used these prototypes in a qualitative user study where
eleven participants were asked to explore the movie and business data in order to collect
interesting findings. Our results highlight the utility of the ParallelSpaces method as well
as our interaction techniques for hypothesis generation.
Our contributions are (1) the use of connected plots to show the results of the co21

clustering, (2) the design of visual elements and interactions to enable exploration, and (3)
an example system with a user study on the utility of ParallelSpaces to aid in hypothesis
generation.

3.2

Related Work
Our work intersects with several research areas within the general areas of visual-

ization and visual analytics:
• Bipartite graphs: our data is graph-based and bimodal.
• Multidimensional visualization: our focus is on displaying multivariate data associated with graph vertices.
• Machine learning: we use mathematical and statistical modeling to extract data
from multivariate datasets.

3.2.1

Bipartite Graphs
A bipartite graph (bigraph) is a graph G = (V, E) whose vertices V can be parti-

tioned into two independent sets (i.e., none of the vertices in the set are adjacent) T and
U. The two vertex classes can be seen as two different types, or modes, of the graph, and
can for example be colored using only two colors. Further, a weighted graph is a graph
whose edges E have a weight wi . This means that a weighted bipartite graph is a bipartite
graph where the edges connecting the two sets have an associated weight.
Graphs in general are an active area of research, and are a core type of data for in-
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formation visualization [31]. Multiple general graph visualizations exist [32], with some
tools and techniques targeted specifically at bigraphs. Perhaps the closest to our work
is NetLens [28], which visualizes so-called “content-actor” networks using two side-byside and coordinated views. This content-actor network model is essentially equivalent
to bipartite graphs, except their model allows for intra-relationships (within-mode) to the
same set. Furthermore, the interaction propagation from one mode to the other is similar to those in our ParallelSpaces work. However, NetLens was originally designed for
publication data where the contents represent papers and actors represent authors. As a
result, whereas NetLens has a complex interface with many different views and visual
representations, ParallelSpaces uses two side-by-side scatterplots, simplifying the visual
representation and interactions between them. Because the properties of entities are visible in scatterplots, making a query is equivalent to selecting a region, which is easier for
users.
Another highly relevant example of prior work is Semantic Substrates [33], where
graph nodes of different modes are partitioned into separate 2D regions of the visual
space, often using an attribute-based layout such as time. The visualization suppresses
edges between modes except for when a node is selected. ParallelSpaces similarly employs parallel 2D spaces to partition the two different sets of vertices in the bipartite graph,
and also suppresses edges. However, the main difference is that ParallelSpaces puts more
emphasis on visualizing the multivariate attributes of the nodes, and is integrated with
contour density plots to show how selections relate across spaces.
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3.2.2

Multidimensional Visualization
Named as one of the archetypal information visualization data types [31], multi-

dimensional data consist of multiple (more than three) dimensions and are often represented using data tables. Many systems for multidimensional visualization exist, including Tukey’s PRIM-9 [34] system, Becker’s and Cleveland’s trellis displays [35], Ward’s
XmdvTool [36], and the GGobi system [37]. ScatterDice [38] demonstrated multidimensional visual exploration using scatterplots, where users can interactively assign properties to axes. ParallelSpaces follows a similar approach, but extends the idea to multimodal datasets by juxtaposing two displays.
The practice of creating multiple data views is rooted in linked graphs, which have
been around for more than 25 years of statistics [35, 39], and has often been combined
with brushing. It is also a common strategy for dealing with multidimensional datasets in
interactive visualization; examples of this practice include Mondrian [40], Improvise [41],
and Tableau/Polaris [42]. The most common approach to organize multiple views is called
coordinated multiple views (CMV) [43, 44], which simply juxtaposes views in the same
visual space with brushing [39] —dynamic highlighting of items selected in one view in
all other views—as the main coordination mechanism.

3.2.3

Machine Learning
Machine learning, data mining, and information retrieval are all research areas that,

similar to visualization, are tackling sensemaking for big data. Many of the methods
proposed from these domains are already extensively utilized in visualization and visual
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analytics. Arguably the most popular of such methods is cluster analysis [45], which
uses the multivariate properties of data to find similar items so that they can be grouped
together. This fits well with the concept of visual variables for visualization, where the
position or location of a mark is its most salient visual feature [46]. In other words,
visualizations of cluster analysis promote the understanding of latent classes in the data.
There exist many ways to extract visual coordinates from a multivariate dataset.
Thus, techniques such as dimensionality reduction have long been an active area of research [47]. The challenge is that the process is an inherently lossy one. Self-organizing
maps have been widely used as a tool for this purpose [48]. Another algorithm based
on singular vector decomposition (SVD) tries to reduce the dimensionality to an underlying set of latent taste dimensions [49]. The reduced dimensionality represents “hidden themes” or “latent concepts” in the document, yielding the name Latent Semantic
Indexing (LSI). A generalization of probabilistic LSI called Latent Dirichlet Allocation
(LDA) [50] provides improved accuracy.
One of the applications of machine learning where bipartite data is used, is collaborative filtering [51] for recommender systems. A recommender system [52] is an
information filtering system designed to predict contents for a particular user based on
their own past ratings and that of other like-minded individuals (collaborative filtering),
as well as based on the characteristics of the content itself (content-based filtering). The
data used for the former approach—collaborative filtering—is a dyadic dataset containing implicit ratings of the form “User A bought Content 1,” or explicit ratings of the form
“User A gave Content 1 a rating 4 out of 5.” As it turns out, this type of dyadic data can
be modeled as a weighted bipartite graph, where the two sets represent users and con25

tent, and the undirected edges between the sets are ratings that individual users applied to
specific content. Iwata et al. [53] used latent semantic analysis methods to create scatterplot representations of extracted data. His scatterplot arranged the movies according to
their similarity in ratings patterns of users. However, it is hard to see what each cluster
means. To overcome this limitation, the ParallelSpaces tries to show the distribution of
users who liked each cluster, in terms of their properties like age, gender or job. It will
enable hypothetical labeling of each cluster.

3.3

Data Analysis: Business Transactions
There are two kinds of datasets that characterize the majority of business intelli-

gence data: quantitative and qualitative. We chose the two example datasets used in this
paper for the purpose of representing both of these general types.
A quantitative dataset is mostly numeric, and an example is customer transaction
records for a product. Such a dataset can be expressed as “customer A bought item B five
times,” or (A, B, 5). In this paper, these kinds of dataset are represented with the movie
preference dataset called MovieLens.1
Even if not strictly a traditional business dataset, the movie dataset is adequate for
the purposes of our paper for two reasons. First, there are no privacy issues, whereas
transaction data from a real merchant can reveal the identity of customers and sensitive
data related to medical or adult products. Our movie dataset has no such issues to begin
with. Second, the movie preferences in our dataset are easily understandable without pre1 http://www.grouplens.org/node/12
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requisite knowledge and also generalizes to domain-specific business data. For instance,
in the case of real transaction data, we cannot directly compare the preference based on
the number of purchases if the product A and product B belongs different category.
Qualitative data is often more subjective in nature, such as customer reviews written for a product. Professional marketers try to understand the market responses by using
reviews for their own product or for a competitors product to identify strengths, weaknesses, opportunities, and threats. However, sometimes the sheer number of reviews can
be overwhelming. Methods such as topic modeling eases this burden by clustering documents based on their similarity. We argue that our Yelp datasets, which captures business
reviews written by customers, represents such qualitative data. For example, the dataset
allows for comparing good and bad Mexican or Asian restaurants based on these reviews.
Again, the straightforward nature of this dataset demonstrates the ParallSpaces approach
and generalizes easily to more specific qualitative business data.

3.4

Task Analysis: Dyadic Data Exploration
Pirolli and Card [54] suggested a model for sensemaking, which can be used as

reference for the hypothesis generation process. However given the specific forms of
dataset in the context, the task of business intelligence analyst can be further specified as
follows:
• Search and filter: Retrieve entities according to specific multivariate properties,
such as age or rating range.
• Data distribution: Find the characteristics of selected entities in a multivariate
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dimension.
• Finding similar entities: Find entities that shows similar transaction patterns. Two
definitions of similarity are possible. First, the properties of nodes can be similar.
For example, users can be similar if they belong to the same age, gender, and geographical location group. Second, the nodes can be similar in their relations with
the opposite parties. For example, two users can be similar if their buying patterns
are similar.
• Finding similar linked entities: Find the related entities where relationship can
be defined in the context of customer-product matrix. For example, in the context
of the movie ratings dataset, given users, find the movies they gave more than 4
ratings. Also the relationship should be interactively adjustable. For example, the
system should be able to find people who liked or disliked a certain items.
• Estimate correlation: Estimate the strength of relationship. For example, judging
whether there is a strong correlation between the age of customers and the kind of
movies they like.
As a hypothetical example to illustrate the use of these tasks, let us assume that a
BI analyst is trying to find movies to recommend to a set of viewers. First he needs to
select these viewers using search and filter. Then he may examine the property distribution of the selected moviegoers using overview of property distribution. Also the analyst
may want to find users who show similar rating patterns with the selected target group
using identification of similar entities. After identifying the similar users, the analyst

28

may identify the movies these people like in common using identification of related entities. Finally, having the ability to estimate the strength of correlation helps the analyst to
iteratively explore various options using information foraging models.

3.5

ParallelSpaces: Visual Design
ParallelSpaces is an interactive visualization technique for visualizing multimodal

and multivariate data in dual juxtaposed spaces that each use mutually brushed visual
representations (often scatterplots). In the section below we describe the visual design of
the technique, including layout, position, size, color, brightness, and density plots.

3.5.1

Space Layout
A key observation from our bipartite graphs is that at its core, the graph can be split

into two independent sets. For example, in the case of the movie preference data, the
users and the movies form these two independent domains. However, because the sets
do not overlap, we design a basic visual representation that consists of two parallel 2D
spaces, one for each set. This design is similar to the separate content and actor spaces
used in NetLens [28].
The bivariate graph closely connects nodes in one space to the other. The natural
way to represent this is to support brushing and highlighting between the spaces (even if
we, strictly speaking, are not brushing the same entity but connected entities).
Practically speaking, this means that selecting an entity in one space corresponds
to selecting the connected entities in the other parallel space. For example, if we select a
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movie in the movie space, the users who liked the movie are selected (and highlighted)
in the user space. Analogously, if a user is selected in the user space, the movies that
received high ratings from that user can be selected in the movie space. Since we have
relaxed the traditional constraint that brushing applies to the same item in different views,
the underlying relationship is customizable. For example, a researcher may want to see
which groups did not like a specific movie. In this case, the researcher can filter the
relationship between the two spaces, making this pattern clearly visible.
The position of a visual mark is often the most salient feature in a visualization. In
ParallelSpaces, any multidimensional property can be an axis. However, the relationship
table is only visible when a user selects some entities. To make the relation between
entities more clear, we also allowed the user to organize the 2D layout of points by their
similarity. The more similar the entities are, the closer they will be placed.
Given that each user has ratings over m possible movies, each user is represented
as an m-vector. Similarly, each movie is an n-vector representing users and their ratings.
Finding a position for each entity in a 2D space thus becomes a projection (or dimensionality reduction) problem where m- or n-dimensional vectors are projected onto a twodimensional space. Naturally, there are many approaches to achieving this goal: principal
component analysis (PCA), multidimensional scaling (MDS), singular vector decomposition (SVD), and probabilistic Latent Semantic Analysis (pLSA) are some of the choices.
In our implementation, we choose PCA as our solution, but other alternatives—even hybrid ones—are possible and within context of the overall ParallelSpaces method.
This similarity positioning feature provides starting point for the analysis, because
the meaning of each cluster can mean a market segment, which shares similar preference
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Entity

Feature

Visual Variable

Movie

Number of ratings

Size

User

Number of ratings

Size

Movie

Average ratings

Opacity + brightness

User

Average ratings

Opacity + brightness

Table 3.1: Selection of salience features and the matching visual variables for ParallelSpaces in the MovieVis prototype implementation.
patterns. For example, selecting a region in the movie space at similarity axis, the people
who liked the movies can be selected. Further, by interactively changing axes of the
user space, we can explore if there are particular patterns in age, gender, job or location
dimensions.
Because the number of nodes can be high, we need to differentiate the visibility of
nodes according to their importance. In our MovieVis implementation of ParallelSpaces
for movie preference, we selected the setup listed in Table 3.1 to represent salience.
In ParallelSpaces, we use colors to represent set memberships when highlighting
items. Also transparency is applied, so that when an item is part of two or more selections,
the colors are mixed to represent its memberships. The benefit of this approach is that it
does not change the size of the mark. However, the drawback is that color transparency
and blending are more difficult to perceive, particularly for many selections.
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3.5.2

Showing Distribution: Contour Plot
Perceiving the distribution and density of a large number of visual points in a sub-

strate is negatively affected by both scale and overplotting (which leads to occlusion).
Meanwhile, being able to assess the distribution of a group of entites corresponding to
a brushed selection in another space is an important analytical task. There exist several
different approaches to address this problem, such as:
• Smaller marks, yielding less overplotting;
• Transparency, to mitigate occlusion;
• Contour plots, to represent the density pattern; or
• 3D mesh gradient, to characterize the distribution.
Smaller marks may affect user interaction because the users will have difficulties
in selecting them. This can be particularly problematic for touch-based tablets or mobile
phones with screens. Furthermore, transparency is already assigned to data salience.
Our design choice is therefore to dynamically construct contour plots for each visualization space to show data density. More specifically, we use kernel density estimation
(KDE) to smooth and quantify the underlying group of points. Basically, the idea is to
construct visual representations of KDE clusters around the selected group of points to
communicate their distribution. While a 3D mesh representation may also have been
useful, we prefer to choose visual representations that fit within our 2D visual design.
KDE algorithms generally have two tunable factors: the bandwidth and the kernel.
The bandwith determines the size of each kernel, which indirectly yields the degree of
32

smoothness of the resulting image. If it is low, it may cause noisy patterns, which are
hard to identify. When it is too high, on the other hand, it can create a distribution pattern
that is too smooth and carries little meaningful information. Previous work shows that the
optimal bandwidth can be determined by signal characteristics [55]. In our work, the user
can interactively change the bandwidth. For bivariate KDE, the kernel parameter can also
have an effect on the accuracy.
In our MovieVis prototype for ParallelSpaces, we support two types of contour plots
(Figure 3.3):
• Density mode: Show the density of selected entities in the particular space (the
common approach). All kernels will have the same height, regardless of their
weight (i.e., movie rating).
• Amplitude mode: Modulate the kernel height by the corresponding entity ratings,
causing higher values in areas with high ratings and less influence from areas with
lower ratings. While conveying more than just point density, this approach has the
drawback of confounding density with weights.
If the analyst merely wants to see which movies a user or group of users rated, the
density contour plot can provide that information. However, the amplitude contour plot
will also show information on the individual ratings that the selected users gave to these
movies. Comparing the two plots may yield interesting new insights.
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Figure 3.3: Density (left) and amplitude (right) contour plots for all the movies rated by
a male educator (age 47). The selection criteria was every movie he liked. By comparing
density mode KDE and amplitude mode KDE, we can spot the area where the users
especially liked over the area the users have transaction records.In this example, the red
circled area will contain the movies he rated more highly.

3.6

ParallelSpaces: Interaction Design
ParallelSpaces relies heavily on interaction to support visual exploration. Below we

review our interaction design.

3.6.1

Selection
One of the most frequent tasks of visual analytics is comparing patterns between

multiple entities. To support this process, an ordinal color is given to each selection
to show which items belong to the selection. Selections can consist of one or multiple
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entities defined by an enclosing border. A lasso tool allows selecting multiple entities.
Hovering over an item shows a tooltip with the movie title and a link to the IMDb page,
where more information is available.
To support finding particular movies and users, we provide a search toolbar with
autocomplete support. When the user is looking for a specific movie, he or she can type
a few words to find it. Selecting a movie from the search bar is equivalent to clicking it.
Because we regard each space independently, there are two modes of selection.
When items are selected in the movie space, movies are selected and the selection propagates to the user space based on their relation. This is movie mode selection. Similarly,
when users are selected in the user space, the corresponding movies will highlighted in
the movie space. This is accordingly called user mode selection. Selection modes are
simply switched by clicking in the opposite space. In the case of movie mode, selecting
another movie will add the selected movie to the selection queue to enable the comparison
of the visual pattern with previously selected movies.

3.6.2

Relationship between Spaces
As the relationship between the parallel spaces is customizable, we provided a sim-

ple range slider to adjust the relationship to investigate. For example, when the range
slider is in the 4 to 5 range, selecting a movie entity will highlight all the users who gave
that particular movie 4 to 5 ratings. However, when the range slider is in the 0 to 1 range,
selecting a user entity will highlight all movies, which that particular user gave 0 to 1
ratings.
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Our implementation also supports standard navigation techniques such as zooming
and panning using mouse wheel and dragging. To reduce the effect of overplotting, we
applied semantic zooming, where the points become smaller when zoomed in. We also
use animated transitions to maintain object constancy in the display and allow the user to
easily perceive state changes. This is particularly important for the axis rotation, where
points change position.
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Figure 3.4: On the left, we compare two movies, Toy Story (1995), in blue, and Scream
(1996), in orange, according to the age, location and similarity criteria for users. Some notable observations are while the former is liked all around the U.S. by any age groups the
latter is mostly popular in the eastern part and within a younger generation. On the right,
we compare two users, a 19-year-old male student, in blue, and a 51-year-old male educator, in orange according to the average, release date, and similarity criteria for movies.
We observe that the older user tends to rate older films highly. In addition, his average
review tends to conform to the average ratings patterns of all users while the younger user
seems to deviate from it.
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3.7

Implementation Notes
We have implemented two prototype instantiations of the ParallelSpaces techniques:

MovieVis, for movie ratings using the MovieLens 100k dataset, and YelpVis, for business reviews from Yelp.com. In the case of YelpVis, the relationship between words and
business was the number of occurrence of the words for particular business. The word
space contains words like ’fantastic’, ’good’, or ’bad’ for restaurants and the frequencies at which certain words’ appear vary for different restaurants. The rationale is that
users can easily discover the patterns in the reviews of restaurants using a set of such
words. Both prototypes were built as web-based JavaScript and SVG applications using the D3 visualization toolkit [56]. We use the VisDock2 library (also JavaScript) for
advanced cross-cutting interaction support for selection, query management, and annotation. An interactive demonstration of the MovieVis prototype can be seen at http://
vistalk.herokuapp.com/movievis/, and the YelpVis prototype is available at http:
//vistalk.herokuapp.com/yelpvis/.

3.8

Usage Example
We give a usage scenario to explain how the ParallelSpaces tool can help some-

one with forming an initial hypothesis about the dataset. Let’s say a market researcher
uses MovieVis to study the preference data of two movies Scream (1996) and Toy Story
(1995). She selects these two movies in the movie space using the search option provided
by MovieVis. This visualizes the preference data on the user space with both axes set to
2 https://github.com/VisDockHub/NewVisDock
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similarity by default. MovieVis provides a drop-down menu to set the axes in the user
space to one of the seven quantities: Similarity, Age, Job, Location, Gender, Average
Review, and Number of Reviews. She selects “Location” as the X-axis in the user space
to display the users on a geographical map of United States. Figure 3.4 shows the visualization after applying the settings above to the user space. She observes from the contour
plots in the user space that, while Scream is highly rated by users on the East Coast, Toy
Story is highly rated by users all around the United States. Thus, she changes the Y-axis
to “Age” while leaving the X-axis to the default setting, yielding the visualization in the
bottom left of Figure 3.4. She then observes that while Scream is highly rated by users of
age groups 15 to 30, Toy Story is highly rated by users of all age groups.

3.9

Qualitative User Study
The primary purpose of ParallelSpaces is to aid in generating initial hypotheses for

weighted bivariate graphs. We conducted a qualitative user study to evaluate whether the
system achieves this purpose.

3.9.1

Method
We recruited 11 (8 male, 3 female) paid participants to use the MovieVis and

YelpVis systems for 20 minutes each. All participants were university students, and the
average age was 26, ranging from 20 to 34. Prior to using the systems, participants were
given 10 minutes of training in using the tools. During the exploration (two sessions of
20 minutes), they were encouraged to write comments about their findings using an anno-
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tation feature embedded in the tools. After completing the exploration sessions, the users
were asked to evaluate their experience in terms of usefulness, enjoyability, and ease of
use. We also collected subjective free-form feedback (comments and notes) as well as
basic demographic and technical information about the participants. A full user study
session lasted approximately one hour (10 minutes of training, two 20-minute sessions
for exploration, and 10 minutes for the post-test survey).
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Figure 3.5: The demographic survey shows that our participants were quite familiar with
movie ratings, while their knowledge of Yelp business reviews was on average lower and
with higher variation. Participant expertise for interactive visualization was also diverse.

3.9.2

Results
Figure 3.5 shows the demographic survey data for our participants. In general,

all 11 of our participants were able to understand the MovieVis and YelpVis tools and
to independently perform data exploration using them. In total, participants wrote 71
comments for MovieVis and 52 comments for YelpVis using the embedded annotation
mechanism in the tools, yielding an average of 6.5 (s.d. 4.8) and 4.7 (s.d. 3.8) comments
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per participant, respectively. The overall feedback for the tools was generally positive,
but participants provided many specific points of improvement and criticism.
Figure 3.6 shows the post-study survey ratings on efficiency, ease of use, and enjoyability. The ratings for YelpVis were lower than for MovieVis. One explanation might
be that the participants’ prior interest and knowledge of the datasets was lower for Yelp
business reviews than for movies (Figure 3.5). This is supported by the fact that of the 11
participants, the five with low familiarity with Yelp reviews also gave significantly lower
subjective ratings than the remaining six who were familiar with Yelp reviews. Interestingly, that same group of five gave MovieVis higher scores.
In the treatment below, we analyze our qualitative results from the study based
on three basic aspects: efficiency (the perceived usefulness of the tools), enjoyability
and motivation (how well the tool guided and motivated the participants), and ease of
use (usability or conceptual barriers hindering the exploration). We also discuss several
points of improvement that were raised by participants.
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Figure 3.6: Subjective ratings for the MovieVis and YelpVis tools for the qualitative user
study.
40

Efficiency Most participants expressed very positive feedback on the efficiency of ParallelSpaces in terms of general usefulness and utility. MovieVis, in particular, was preferred
as highly useful, presumably due to the familiarity and interest bias of the datasets as discussed above. Several of the comments were expressly derived from advanced features of
the system. For example, one participant stated “So Matilda and Contact are both good
movies and both liked by a lot of people from all ages, but they have a ’far’ similarity
because Contact has way more reviews than Matilda and [is] closer to movies [...] like
Star Wars...” The same participant used selections and graphical axes to speculate how
the number of reviews affect the similarity metric in the visualization, and also suggested
a fragmentation in the audience of these two movies that corresponds to their different
genres.

Enjoyability and Motivation Motivational factors play an important role in collective
intelligence systems, which rely on the voluntary efforts of individual users. In the feedback from participants, several people provided positive feedback, such as one participant
noting that he did not notice how 20 minutes had passed already, and another requesting
the URL of the tool to continue exploring after the study. However, a few participants
did not seem to enjoy the experience even if this was not clear from their verbal or written feedback. We speculate that this is due to the relatively high analytic and conceptual
thresholds in using ParallelSpaces effectively; one participant underscored this by stating
that “as a geek, I would like to play with this, but it is not for non-geeks.”
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Ease of Use The score for the ease of use was of the lowest of the three. Several participants were concerned about the usability of the system, in particular for understanding
the word business relationships in YelpVis. The stopwords for the general query was not
adequate for YelpVis and resulted in many frequent words with little meaning, such as go
and place.
Furthermore, the concept of similarity was not well-understood for some participants. They frequently relied only on the other concrete axes such as age, occupation,
and average rating. In addition, participants rarely used the contour plot in the user study,
and even those that did expressed confusion on its meaning, suggesting that this functionality could be better integrated into the tool.
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3.10

TopicLens
One limitation in ParallelSpaces is that the number of clusters is a fixed hyperpa-

rameter. The number of clusters affects the level of detail: if too low, the user will not be
able to see the underlying subtopics. Likewise, if the number of clusters is too high, the
user will be forced to interpret clusters that do not pertain to the user’s interest.
To mitigate this problem, we introduce TopicLens, a Magic-Lens-type interaction
technique for the clustering. The main idea is that you can zoom into the regions you are
interested, and the area under the lens will be clustered to reveal underlying subtopics.
Topic modeling is a method to investigate the underlying topics from documents.
Previous methods such as LDA take significant amounts of time which makes visual
analytics challenging.
Recent methods such as non-negative matrix factorization(NMF) take significantly
less time. In most cases, the users have to provide the number of topics. However, the
number of topics determines the granularity of the analysis. If the number of clusters is
too small, many subtopics will be merged into single clusters.
In contrast, if the number is too high, it takes a significant amount of time to analyze
the generated topics. Furthermore, the users may be interested only a small set of topics.
To mitigate this challenge, we developed a novel interaction technique named TopicLens, which allows an interactive analysis by conducting a clustering given the user’s
selection as shown in Figure 3.7.
A novel, efficient topic modeling algorithm was developed to support this interaction in real time [15] based on nonnegative matrix factorization [57]. In addition, to make
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Figure 3.7: Screenshot of TopicLens. After the initial topic modeling is conducted, the
result is visualized with a scatterplot. In this view, coordinates of a document are determined by similarity to other documents and topic membership is encoded with the color
of the circles. Each topic cluster is labeled with the top-k keywords. The small rectangle
is the area of the lens, and the region under the lens is recalculated to reveal the underlying
topics.
the new, real-time algorithms consistent with the original positioning, a semi-supervised
2D embedding algorithm was developed [58].
Several scenarios demonstrating the capability of TopicLens using real-world datasets
were suggested using the developed prototype.
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Chapter 4:

Gatherplots: Overcome the Overplotting

ParallelSpaces explored the meaning of the cluster by changing axis in the similarity
dimension and attribute dimension. Some of the attributes are categorical. When the
variable for the axis is a categorical variable, an overplotting will happen. To mitigate
this problem, we present the follow-up work called Gatherplots. In gatherplots, we divide
the space recursively to layout all the objects without overplotting.
Scatterplots are a common tool for exploring multidimensional datasets, especially
in the form of scatterplots matrices (SPLOMs). However, scatterplots suffer from overplotting when categorical variables are mapped to one or two axes, or the same continuous
variables are used for both axes. Previous methods such as histograms or violin plots for
these cases aggregate marks, which makes brushing and linking difficult. To improve this,
we propose gatherplots, an extension of scatterplots to manage overplotting for categorical data, while keeping individual object identities. In gatherplots, every data point that
maps to the same position coalesces to form a stacked entity, thereby making it easier to
see the overview of data groupings. The size and aspect ratio of data points can also be
changed dynamically to make it easier to compare the composition of different groups. In
the case of a categorical variable vs. a categorical variable, we propose a heuristic to decide bin sizes for optimal space usage. This means that make better use of visual space to
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show the overall distribution. To validate our work, we conducted a crowd-sourced user
study that shows that gatherplots enable users to judge the relative portion of subgroups
more quickly and more correctly than when using jittered scatterplots.
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4.1

Introduction
Scatterplots—-one of the most widely used types of statistical graphics [38, 59,

60]—are commonly used to visualize two continuous variables using visual marks mapped
to a two-dimensional Cartesian space, where the color, size, and shape of the marks
can represent additional dimensions. It can also be used for exploring multidimensional
datasets in the form of scatterplot matrices (SPLOM), where all the possible combinations of axes are presented in table form. However, scatterplots are so-called overlapping
visualizations [61] in that the visual marks representing individual data points may begin
to overlap each other in screen space in situations when the marks are large, when there
is insufficient screen space to fit all the data at the desired resolution, or simply when
several data points share the same value. In fact, realistic multidimensional datasets often
contain categorical variables, such as nominal variables or discrete data dimensions with
a small domain, which lead to many data points being mapped to the exact same screen
position. This kind of overlap is known as overplotting (or overdrawing) in visualization, and is problematic because it may lead to data points being entirely hidden by other
points, which in turn may lead to the viewer making incorrect assessments of the data.
As can be seen in Figure 4.1, there are three situations for mapping variables to axes in
scatterplots when overplotting is inevitable:
• Categorical vs. continuous: line patterns ((b) and (c));
• Categorical vs. categorical: dot patterns (d);
• Same continuous: diagonal line patterns (a).
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MPG

Cylinders

(a)

(b)

(c)

(d)

MPG

Cylinders

Figure 4.1: A scatterplot matrix for a car dataset with one continuous variable MPG and
one categorical variable Cylinders showing limitations of scatterplots when managing
categorical variables. In (a), a scatterplot with the same variable for both axes results in
a diagonal line. In (b) and (c), a scatterplot with a continuous vs. a categorical variable
results in horizontal or vertical line patterns. In (d), a scatterplot with two categorical
variables results in a dot pattern.
Several approaches have been proposed to address this problem [62], the most
prominent being transparency, jittering, and clustering techniques. The first, changing
transparency, does not so much address the problem as sidestep it by making the visual
marks semi-transparent so that an accumulation of overlapping points are still visible.
However, this does not scale for large datasets, and also causes blending issues if color
is used to encode additional variables. Jittering perturbs visual marks using a random
displacement [63] so that no mark falls on the exact same screen location as any other
mark, but this approach is still prone to overplotting for large data. It also introduces
uncertainty in the data that is not aptly communicated by the scatterplot since marks will
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no longer be placed at their true location on the Cartesian space. While the above methods maintains the identities of all data points, there are other approaches that attempt to
organize overlapping marks into visual groups that summarize their distribution, such as
histograms, violin plots, and kernel density estimation (KDE) plots [64–66]. However,
this comes at the cost of losing the identity of individual points, which can be problematic
in filter or search tasks. For example, brushing and linking of data points is difficult in
histograms [66].
In this paper, we propose gatherplots to overcome overplotting for scatterplots.
Gatherplots generalizes the linear mapping used by scatterplots by partitioning the graphical axis into segments based on the data dimension, and gathering points into stacked
groups for each segment, thereby avoiding overplotting. This means that gatherplots relax the continuous spatial mapping traditionally used for a graphical axis; instead, each
discrete segment occupies a certain amount of screen space that all maps to the exact same
data value. This is also visually communicated using graphical brackets on the axis that
show the value for each segment (Figure 4.2(b)).
The contributions of our paper are the following: (1) the gatherplot visualization
technique, which extends scatterplots to categorical variables while maintaining individual objects; (2) a practical web-based implementation of gatherplots that supports multidimensional visual exploration; and (3) results from a crowdsourced user study on the
effectiveness of different modes of gatherplots. In the remainder of this paper, we first
review the literature on scatterplots and overplotting. We then present gatherplots and
discuss its design rationale. This is followed by our crowdsourced evaluation. We close
with conclusions and our future plans.
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Figure 4.2: Gatherplots showing a dataset related to cars, yielding overplotting in normal
scatterplots. The gatherplot in (a) shows Cylinders (categorical) vs. MPG (continuous).
The gatherplots show the overall distribution of MPG values of cars with different cylinders. The brackets on the X-axis are used to indicate that the interval within the brackets
represent the same value in the data. The gatherplot in (b) shows Cylinders (categorical)
vs. Origin (categorical). The gatherplots partition the graphical axes into intervals and
stacks points into groups for each interval. In (c), both X-axis and Y-axis show the same
continuous variable (MPG). In scatterplots, all these cases create overplotting, which results in points being mapped to lines or dots.

4.2

Background
Our goal with gatherplots is to generalize scatterplots to a representation that main-

tains its simplicity and familiarity while eliminating overplotting. With this in mind, below we review prior art that generalizes scatterplots for mitigating overplotting. We also
discuss related visualization techniques specifically designed for categorical variables.

4.2.1

Characterizing Overplotting
While there are many ways to categorize visualization, Fekete and Plaisant [61]

introduced a classification particularly useful for our purposes that splits techniques into
two types:
• Overlapping visualizations: No layout restrictions on visual marks is enforced,
leading to overplotting. (Scatterplots, node-link diagrams, parallel coordinate plots.)
50

• Space-filling visualizations: Layouts that fill the available space to avoid overlap.
(Treemaps, matrices, maps.)
Fekete and Plaisant [61] investigated the overplotting phenomenon for a 2D scatterplot, and found that it has a significant impact as datasets grow. The problem stems from
the fact that even with two continuous variables that do not share any coordinate pairs, the
size ratio between the visual marks and the display remains more or less constant. Furthermore, most datasets are not uniformly distributed. This all means that overplotting is
bound to happen for realistic datasets.
Ellis and Dix [62] survey the literature and derive a general approach to reduce
clutter. According to their treatment, there are three ways to reduce clutter in a visualization: by changing the visual appearance, by distorting the visual space, or by presenting
the data over time. Some trivial but impractical mechanisms they list include decreasing
mark size, increasing display space, or animating the data. Below we review practical
approaches based on appearance and distortion.

4.2.2

Appearance-based Methods
Practical appearance-based approaches to mitigate overplotting include transparency,

sampling, kernel density estimation (KDE), and aggregation. Transparency changes the
opacity of the visual marks, and has been shown to convey overlap for up to five occurrences [67]. However, there is still an upper limit for how much overlap is perceptible to
the user, and the blending caused by overlapping marks of different colors makes identifying specific colors difficult. Sampling uses stochastic methods to statistically reduce
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the data size for visualization [68]. This may reduce the amount of overplotting, but since
the sampling is random, it can never reliably eliminate it. Furthermore, one of the fundamental strengths in scatterplots is its ability to show outliers effectively, whereas sampling
will most likely eliminate all outliers.
KDE [69] and other binned aggregation methods [64–66, 70] replace a cluster of
marks with a single entity that has a distinct visual representation. Splatterplots [65]
overcome this by combining individual marks with aggregated entities, using marks to
show outliers and aggregated entities to show the general trends. While this technique
is effective for overplottin continuous variables, it was not designed to handle cases with
categorical variables. The pioneering generalized plot matrices (GPLOMs) [66] were proposed to solve this particular problem by adopting non-homogeneous plots into a matrix.
The technique uses a histogram for categorical vs. continuous variables, and a treemap for
categorical vs. categorical variables. While effective in providing overview, it loses logical compatibility with scatterplots since it no longer maintains object identity, meaning
that each visual mark no longer represents a single data point.

4.2.3

Distortion-based Methods
Distortion-based techniques avoids overplotting by changing the spatial mapping

of the space and has the advantage that it keeps the identity of individual data points.
The canonical distortion technique is jittering, where a random displacement is used to
subtly modify the exact screen space position of a data point. This has the effect of
spreading data points apart so that they are easier to distinguish. However, most naı̈ve
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jittering mechanisms apply the displacement indiscriminately to all data points, regardless
of whether they are overlapping or not. This has the drawback of distorting all points
away from their true location on the visual canvas, and still does not completely eliminate
overplotting.
Bezerianos et al. [71] use a more structured approach to displacement, where overlapping marks are organized onto the perimeter of a circle. The circle is grown to a
radius where all marks fit, which means that its size is also an indication of the number of
participating points. However, this mechanism still introduces uncertainty in the spatial
mapping, and it is also not clear how well it scales for very dense data. Nevertheless,
it is a good example of how deterministic displacement can be used to great effect for
eliminating overplotting.
Trutschl et al. [63] propose a deterministic displacement (“smart jittering”) that
adds meaning to the location of jittering based on clustering results. Similarly, Shneiderman et al. [72] propose a related structured displacement approach called hieraxes, which
combines hierarchical browsing with two-dimensional scatterplots. In hieraxes, a twodimensional visual space is subdivided into rectangular segments for different categories
in the data, and points are then coalesced into stacked groups inside the different segments. This work inspired our gatherplots technique, which refines the layout and design
of hieraxes further.
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4.2.4

Visualizing Categorical Variables
While we have already ascertained that scatterplots are not optimal for categorical

variables, there exists a multitude of visualization techniques that are [73–75]. Simplest
among them are histograms, which allows for visualizing the item count for each categorical value [76]. Boxplots and violin plots show the distribution of continuous variables
over categorical variables [77]. While hieraxes, histograms, and treemaps are effective
in dealing with categorical variables, it is difficult to extend these to continuous vs. categorical variables. One way is to apply binning to continuous variables to create groups
of values. However, the optimal number of bin depends on statistical characteristics of
the data and the required task. Dot plots by Wilkinson [78] renders continuous univariate
variables without overplotting by stacking nodes within dot size. Dang et al. [79] extended
this to scatterplots by stacking nodes whose values are similar in 3D visual space. These
pioneering works provide the theoretical background for the determination of optimal bin
size for gatherplots.
Another method for visualizing categorical data that is of practical interest is for
making inferences based on statistical and probabilistic data. Cosmides and Toody [80]
used frequency grids as discrete countable objects, and Micallef et al. [81] extend this with
six different area-proportional representations of categorical data organized into different
classes. Huron et al. [82] suggested sedimentation as metaphor where individual objects
coming from a data stream gradually transforms into aggregated areas, or strata.
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Figure 4.3: Main layout modes for gatherplots: (a) absolute mode with constant aspect
ratio, which arranges items following the aspect ratio of given area; (b) normalized mode
of (a); and (c) streamgraph mode, where each cluster maintains the number of element
in the shorter edge, making it easier to see the distribution of the subgroups along the Y
axis.

4.3

Gatherplots
Gatherplots are a distortion-based extensions of scatterplots that alleviate overplot-

ting by gathering data points into stacked groups, thereby eliminating overplotting without losing the identity of individual data points. Compared to jittering, which relies on
random permutation, gathering organizes visual marks according to visual features, so
that the resulting group of objects forms a meta-object. According to Haroz et al. [83],
grouping marks by feature helps in performing perceptual (and visual statistical) tasks
such as finding outliers, counting items, seeing trends, and so on. The technique is particularly designed for visualizing categorical variables. Below we discuss the open design
parameters for the technique, including layout, aspect ratio, and item shapes.

4.3.1

Layout
Gatherplots eliminate overplotting by gathering marks with similar visual proper-

ties into stacked groups. This is inspired by previous works such as hieraxes [72] or
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frequency grids [80, 81]. However, there are many design possibilities for organizing the
visual representation depending on the context, especially on the size distribution of each
groups, the aspect ratio of assigned space, and the task at hand. As a result, we derive the
following three layout modes (see Figure 4.3):
• Absolute mode: Here stacked groups are sized to follow the aspect-ratio of the
assigned region. The size of the items are determined by the maximum length dots
which can fill the assigned region without overlapping. This means with the same
assigned space, the groups with the maximum number of members determines the
overall size of the nodes (Figure 4.3(a)).
• Normalized mode: In this mode, the mark size and aspect ratio is adapted so
that every stacked group has equal dimensions. This is a special mode to make it
easier to investigate ratios when the user is interested in the relative distributions
of subgroups rather than the absolute number of members. Items also change their
shape from a circle (absolute mode) to a rounded rectangle (Figure 4.3(b)).
This normalized mode is useful for two specific tasks:
– Finding the ratio of the subgroups in a group (Figure 4.3). Because groups of
different size are normalized to the same size, any comparison in area results
in a relative comparison, which can aid statistical Bayesian reasoning [81].
– Finding the distribution of outliers. When there are many items on the screen
for absolute mode, all marks must be reduced in size. This can make outliers
hard to locate. When normalized mode is used, the outliers are expanded to
fill the assigned space, making them easier to see.
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• Streamgraph mode: Here stacked groups are reorganized so that they maintain the
same number of elements in their shorter edge. This mode is used for regions where
the ratio of width and height are drastically different (in our prototype implementation, we use a heuristic threshold aspect ratio value of 3 for activating this mode).
This means there are usually many times more groups in the axis in parallel with
shorter edges. A good example is for visualizing the population distribution with
regards to gender and age; the resulting gatherplot approaches ThemeRiver [84] as
the number of entities increases (Figure 4.3(c)).
The choice between absolute and streamgraph mode happens automatically based
on the aspect ratio of assigned space and without user intervention. Therefore, only a
simple interaction is required to toggle between absolute and normalized mode.
Maintaining the aspect ratio of all stacked groups means that the size of the group
is represented by its area. The length of the group is only used in special cases when
the aspect ratio is very high or low. According to Cleveland and McGill [8], length is
far more effective than the area for graphical perception. However, Figure 4.4 shows the
three problems associated with layout to enable length-based size comparison. In this
view, the items are stacked along the vertical axis to make the size comparison along the
horizontal axis easier. The width of rectangle is all set to be equal to so that the length
can represent the size of subgroups. However, they show drastically different shape of
line vs. rectangle, which may cause users to lose concept of equality. Furthermore, to
make length-based comparison easier, the stacking should be aligned to one side of the
available space: left, right, top, or bottom.
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In this case, the bottom is selected to make it easier to compare along the X axis.
However, this creates two additional problems. The first problem is that the center of mass
of each stacked group is different, so that the concept of belonging to the same value can
be misleading. The second problem is that choosing alignment direction is arbitrary and
depends on the task. For example, in this view it is more difficult to compare along the Y
axis. In this sense, this layout is biased to the X axis, while sacrificing the performance
along the Y axis. For this reason, the most general choice is to use center alignment with
aspect ratio resembling the assigned range to avoid bias.

Male
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No

First

Second
Class

Third

Crew

Figure 4.4: Stacked group layouts for gathering. This layout supports comparing group
sizes; comparing the length yields the size because the height of stacked groups is all
fixed.

4.3.2

Managing Continuous Variables
To use gatherplots for continuous variables, we apply binning to partition the vari-

able into discrete intervals. The resulting visualization resembles dots plots by Wilkinson [78], where bin size is equal to dot size. The size of individual bins is important
when applying binning because it determines the spatial accuracy and legibility of the
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visualization.
Wilkinson proposed .25n−1/2 as the optimal dot size for dot plots. This creates
reasonable dot plots for fixed aspect ratio of 5 to 1, which is common in statistical charts
assuming normal distribution of nodes. However, gatherplot requires two different assumptions: First, the aspect ratio varies according to the space given to the categorical
variables. Second, the dot size or bin size is determined by the global maximum in the
dataset, which may not be in the same cluster. Furthermore, because bin size is the same
as dot size, selecting bin size can be thought of as a trade-off between accuracy and legibility. Using very small bin size and dot size increases the spatial accuracy, but results
in poor legibility, and vice versa. Balancing accuracy vs. legibility is common in visualization for large datasets; for example, splatterplots limit the information shown to users
based on the available visual space [65]. Similarly, gatherplots chooses bin size based on
spatial accuracy and legibility. When the visual space is small, we use a comparably large
bin size to increase dot size, thus resulting in poor spatial accuracy and high legibility; for
larger space allocations, the bins can be made smaller to increase accuracy without loss
of legibility. This is shown in Figure 4.5.
Figure 4.6 (a) shows how gatherplots handle the situation when continuous variables are assigned to both axes, causing both to be binned. The plot is using normalized
mode with two random variables. The normalized mode makes it easier to identify the
outliers and the distribution of outliers. Furthermore, the case of scatterplots with the
same continuous variables on both axes can be treated as a special case of continuous vs.
categorical variables. Here, the gatherplot is rotated to maintain integrity with scatterplots
(Figure 4.2 (c)).
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Figure 4.5: Choosing optimal bin size based on available display space. In (a), there
is enough space so that the dot size can be maximized, improving spatial accuracy. In
comparison, in (b) the assigned space is small, so the dot size is determined so that the
most crowded bin interval will fit within the width of assigned space. This results in the
two different overview, even though the two plots have identical aspect ratio.
One limitation of gatherplots is that it requires binning to manage a continuous
variable, yet binning creates arbitrary boundaries that can be misleading. However, combining gatherplots with scatterplots makes this problem less severe.
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Figure 4.6: Using gatherplots to manage overplotting. (a) shows a scatterplot with 5,000
random numbers with severe overplotting in the center area. In (b), gathering is applied
to create a more organized view. However, the gathering resizes the items so small that
it becomes difficult to detect outliers. (c) shows normalized mode, where the outliers are
enlarged. This makes identifying the distribution of sparse regions easier.
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4.3.3

Undefined Axis
Traditionally, scatterplots have been used to see the correlation of two variables.

However, for a multidimensional exploration task, one subtle difficulty is when the user
wants to see only the effect of a single variable, without definition in other axes. In
gatherplots, an undefined axis results in the aggregation of all nodes in one group, which
is a logical extension. Figure 4.7 shows an example of this using a dataset on survivors of
the Titanic.
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Figure 4.7: Gatherplot showing survivors of the Titanic. (a) All people on board. Note
that the X and Y axis are not defined. (b) Survivors with color coding. (c) Distribution of
survivors over class variables. Here the Y axis is undefined. (d) Distribution of survivors
over the gender. Here the X axis is undefined.
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4.3.4

Visual Design
Gatherplots build on the same visual language as scatterplots. However, some as-

pects are different; below we discuss our design choices for visual mark shape as well as
tick marks.

4.3.4.1

Visual Marks

Scatterplots typically use a small circle or dot as a visual representation for items,
but many variations exist that use glyph shapes to convey multidimensional variables [59,
85–88]. However, in normalized mode, sometimes the aspect ratio of visual marks changes
according to the aspect ratio of the space assigned to that value. Also, as gathering
changes the size of marks to fit in one cluster, sometimes the marks size becomes too
small or too large compared to other marks. This results in several unique design considerations for item shapes. After trying various design alternatives, we recommend using a
rectangle with constant rounded edge without using stroke lines. Using constant rounded
edge allows the nodes to be circular when the mark is small, as in Figure 4.3(b), and a
rectangle to show the degree of stretching, as shown in Figure 4.3(b).

4.3.4.2

Interval Tick Marks

Because we are representing ranges rather than single points, the single line type
tick marks for scatterplots are not appropriate for gatherplots; instead, ticks should communicate the partitioned segments on the axes. Without this visual representation, when
the user is confronted with a number, it can be confusing to determine whether adjacent
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nodes with different offset has same value or not. After considering a few visual design
alternatives, we recommend a bracket type marker for this purpose. Figure 4.8 shows
various types of markers for range representation. The bracket is optimal in that it uses
minimal ink and creates less density with adjacent ticks.

(a)

(b)

(c)
Minimize
Maximize

(d)

(e)

Minimize
Maximize

(f)

Figure 4.8: Various tick mark types. The blue dotted region represents the area between
adjacent tick marks. (a) is a typical line type tick mark for scatterplots. (b) lacks guidelines, which will make anchoring easier. (c) creates a packed region between adjacent
marks. (d) uses less crowded region in this region, but (e) is the least crowded. (f) is the
final recommendation, with the data label in the orange region.

4.3.5

Interaction
Gatherplots support the same types of interactions as scatterplots. However, some

additional interaction techniques are required to specifically control the gathering transformation.
For example, when exploring multidimensional datasets, it is crucial to have a
mechanism to filter unwanted data. To support this process in gatherplots, we provide
an optional mechanism to go back to the original continuous linear scale function. We
allow each axis tick have an interactive control to be filtered out (minimize) or focused
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(maximized). This is called axis folding, because it can be explained mentally by a folding paper. When minimized or folded, the visualization space is shrunk by applying linear
scales instead of non-linear gather scales. This results in overplotting, as if a scatterplot
was used for that axis. Maximization simply folds all other values except the value of
the interest to assign maximum visual space to that value. Figure 4.9 shows axis folding
applied to third class adult passengers in the Titanic dataset.
Port
Child

Minimize

Maximize

Adult

Minimize

Maximize

First
Minimize
Maximize

Second
Minimize
Maximize
Class

Third
Minimize
Maximize

Cherbourg
Belfast
Southhampton
Queenstown

Crew
Minimize
Maximize

Figure 4.9: Survivors of the Titanic using gatherplots. The X axis is class of passengers,
where second class passengers and crew are minimized. The Y axis is age, where the
adult value is maximized. This view makes it easy to compare first class adults and third
class adults. Note that even in the minimized state, we can get an overview about the
second class and crew by the color line, which communicates the underlying distribution.
This is due to sorting over the color dimension.
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4.4

Implementation
We have implemented a web-based demonstration of gatherplots using D3.js1 and

Angular.js2 . The prototype can be accessed online at http://www.gatherplot.org,
and allows users to load various datasets into a gatherplot. The visualization can be
compared to scatterplots and jittered scatterplots with a single click. In the top right
area, an interactive guide is provided where users can follow step-by-step instructions in
a guided tour of gatherplots.

4.5

Evaluation
The gatherplots technique was developed to overcome many of the limitations of

conventional scatterplots. To validate its effectiveness, in particular its different layout
modes, we conducted an evaluation study using the technique for categorical vs. categorical variables. Crowdsourcing platforms have been widely used and have shown to be
reliable platforms for evaluation studies [89,90]. Therefore, we conducted our experiment
on Amazon Mechanical Turk. 3 This also gave us the opportunity to study the utility of
the technique for the general population, who do not have specific statistical training.
1 http://www.d3js.org
2 http://www.angularjs.org
3 https://www.mturk.com
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4.5.1

Experiment Design
Jittered scatterplots were selected as baseline condition, as it is a widely accepted

standard technique maintaining consistency with scatterplots. We also wanted to measure the efficiency of different modes of gatherplots. Therefore, we designed the experiment to have four conditions: scatterplots with jittering (jitter), gatherplots with absolute
mode (absolute), gatherplots with normalized mode (normalized), and gatherplots with
one check button to switch between absolute and normalized mode (both). We adopted a
between-subject design to eliminate learning effect by experiencing other modes.

4.5.2

Participants
A total of 240 participants (103 female) completed our survey. Because some ques-

tions asked about concepts of absolute numbers and probability, we limited demographic
to the United States to remove the influence of language. To ensure the quality of the
workers, the qualification of workers were the approval rate of more than 0.95 with number of hits approved to be more than 1,000. Only three of 240 participants did not use
English as their first language. 119 people had more than bachelor’s degree, with 42 people having high school degree. We filtered random clickers, if the time to complete one
of questions was shorter than a reasonable time, 5 seconds. This yielded a total of 211
participants.
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4.5.3

Task
As scatterplots can support various types of tasks, it is difficult to come up with

a representative task. After reviewing tasks for categorical variables, we selected three
types of tasks such as retrieving value as a low-level task, and comparing and ranking as a
high-level task. For the comparing and ranking task, two different types of questions were
asked: the tasks to consider absolute values such as frequency and tasks that consider relative values such as percentage. Therefore, for one visualization, 5 different questions
were generated. For gatherplots, our interest is more about the difference between questions considering absolute values and relative values. The five types of questions are as
follows:
• T1: retrieve value considering one subgroup.
• T2: comparing absolute size of subgroup between groups.
• T3: ranking absolute size of subgroup between groups.
• T4: comparing relative size of subgroup between groups.
• T5: ranking relative size of subgroup between groups.
To reduce the chance of one chart being optimal by luck for specific task, two
charts of same problem structure were provided. Eventually, the resulting questions were
10 for each participant. Each question was followed by the question asking confidence of
estimation with a 7-point Likert scale, and the time spent for each question was measured.

67

4.5.4

Hypotheses
We believe that different types of tasks will favor from different type of layouts.

Therefore our hypotheses are as follows:
H1 For retrieving value considering one subgroup (Type 1), absolute, normalized, both
mode reduces the occurrence of the error than jitter mode.
H2 For tasks considering absolute values (Type 2 and 3), the absolute mode reduces
the error.
H3 For tasks considering relative values (Type 4 and 5), the normalized mode reduces
the error.

4.5.5

Results
The results were analyzed with respect to the accuracy (correct or incorrect), time

spent, and confidence of estimation. Based on our hypotheses, we analyzed the different
modes of layout for each type of question: retrieve value, absolute value task, and relative
value task.

4.5.5.1

Accuracy

The number and percentage of participants who answered correct and incorrect
answers are shown in Figure 4.10. Eventually, we had 42 participants for jitter, 56 participants for absolute, 56 participants for normalized, and 57 participants for interactive
mode.
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Figure 4.10: (a) The percentage of participants who have got the answer correct for retrieving value task. (b) The percentage of participants who have got the answer correct
for absolute type tasks for comparing and ranking. (c) The percentage of participants who
have got the answer correct for normalized type tasks for comparing and ranking.
As the measure for each question was either correct or incorrect, a logistic regression was employed. For the retrieving-value task (Type 1), both the the absolute mode
and normalized mode had significant main effects (Wald Chi-Square = 18.58, p < 0.01,
Wald Chi-Square = 21.05, p < 0.01, respectively) with a significant interaction effect
(Wald Chi-Square = 19.53, p = 0.03) (H1 confirmed). For absolute-value tasks (Type
2 and 3), both the the absolute mode and normalized mode had significant main effects
(Wald Chi-Square = 10.35, p < 0.01, Wald Chi-Square = 10.35, p < 0.01, respectively)
with a significant interaction effect (Wald Chi-Square = 4.31, p = 0.03) (H2 confirmed).
For relative-value tasks (Type 4 and 5), only the normalized mode had a significant effect
(Wald Chi-Square= 5.10, p = 0.02) (H3 confirmed).

4.5.5.2

Completion Time

The time spent (in seconds) for each question was compared using mixed-model
ANOVA with repeated measures. For the retrieving-value task, on average, the time spent
(sec) for each interface was for jitter (44.26), absolute (56.84), normalized (52.45), and
both (56.57). There was no significant difference between interfaces (p > 0.05 for all
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cases).
For the absolute-value task (Type 2 and 3), on average, the time spent (sec) for
each interface was for jitter (30.74), absolute (32.3), normalized (33.6), and both (47.91).
The interface had a significant main effect (F(3, 207) = 11.5, p < 0.01). However, when
we conducted pairwise comparisons with adjusted p-values using simulation, the only
significant difference in time spent was when using the both interface which took longer
(p < 0.01 for all comparisons).
For relative-value task (Type 4 and 5), on average, the time spent for each interface
was for jitter (26.6), absolute (31.12), normalized (31.38), and both (46.78). The interface
had a significant main effect (F(3, 207) = 10.12, p < 0.01). However, when we conducted
pairwise comparisons with adjusted p-values using simulation, the only significant difference in time spent was when using the both interface which took longer (p < 0.01 for all
comparisons).

4.5.5.3

Confidence

The 7-point Likert-scale rating was used for the level of confidence on their estimation. For the value-retrieving task (Type 1), Kruskal-Wallis non-parametric test revealed
that the type of interface had significant impact on the confidence level (χ 2 (3) = 74.57p <
0.01). The mean rating for each interface was for jitter (4.8), absolute (6.3), normalized
(6.0), and both (6.25). A post-hoc Pairwise Wilcoxon Rank Sum test was employed with
Bonferroni correction to adjust errors. The jitter interface was significantly lower than
the other three modes (p < 0.01 for all cases). There was no difference between absolute,
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normalized, and both interfaces.
For absolute-value tasks (Type 2 and 3), Kruskal-Wallis non-parametric test revealed that the type of interface had significant impact on the confidence level (χ 2 (3) =
18.32, p < 0.01). The mean rating for each interface was jitter (5.4), absolute (5.7), normalized (5.0), and both (5.8). A post-hoc Pairwise Wilcoxon Rank Sum test was employed with Bonferroni correction to adjust errors. The interface with both mode was
significantly higher than normalized and jitter mode (p < 0.01 for both), however, no
difference with the absolute mode. The interface with absolute mode was significantly
higher than normalized and jitter mode (p < 0.01).
For relative-value tasks (Type 4 and 5), Kruskal-Wallis non-parametric test revealed
that the type of interface did not have significant impact on the relative tasks (χ 2 (3) =
4.1, p = 0.2). The mean rating was jitter (4.7), absolute (4.9), relative (4.9), and both
(4.8).
One possibility explaining this result is that relative task is more difficult than
other tasks. The low correct percentage of questions are also shown in Figure 4.10.
To see that, we tested the confidence level between task types. Kruskal-Wallis nonparametric test revealed that the type of task had significant impact on the confidence
level (χ 2 (2) = 148.1, p < 0.01). The mean rating for retrieving value (5.9), absolute
(5.5), and normalized (4.8). The post-hoc Pairwise Wilcoxon Rank Sum test was employed with Bonferroni correction to adjust errors, and showed that all three task types
were significantly different (p < 0.01 for all cases).
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4.6

Discussion
Overplotting in scatterplots is a well-known problem, and several existing efforts

have studied it, such as splatterplots [65] and GPLOMs []. Compared to these works,
our main contribution is that gatherplots maintain the identity of objects. According to
Ellis and Dix [62], gatherplots are distortion-based methods, while KDE, histograms, and
violin plots are appearance-based methods. In this section, we will discuss trade-offs
compared to appearance-based methods, as well as when gatherplots are appropriate and
not.

4.6.1

Scalability
As datasets become larger, the scalability of a visualization becomes an important

issue. Scatterplots support two main tasks: detecting correlations as well as outliers.
Gatherplots are effective in showing correlations as the dataset grows, but this also causes
the dot size to shrink, which makes detecting outliers becomes less plausible. Splatterplots [65] handle this by using two different visual representation for dense areas and
sparse areas, whereas gatherplots have no such mechanism. In this sense, gatherplots do
not scale to large datasets.
Also, as the dataset becomes large, individual object identification becomes less
relevant, and the gatherplots resemble histograms or violin plots. Calculating layout of
individual objects for gatherplots requires heavy computation compared to appearancebased methods. These computations are hard to justify for a large dataset, because the
amount of output information is nevertheless same. However, according to Shneiderman’s
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visual information seeking mantra—overview first, zoom and filter [31]—even for the
large dataset, zooming can make the application of gatherplots desirable.

4.6.2

Named vs. Anonymous Objects
In some multidimensional datasets, data points have names, whereas in others they

not. For example, in datasets containing entities such as cars or digital cameras, it is a
common task for users to search and identify cases that suit their needs. For this case,
maintaining the identity of individual data points is important because it enables brushing
and linking more easier than for aggregated forms such as histograms.
There are other datasets, such as the famous iris flower dataset, where individual
data points do not have names. For such datasets, the benefit of maintaining object identity
can be explained using frequency grids. According to Cosmides and Toody [80], the
concept of relative percentage is new concept in human evolution, and explicitly showing
distribution with discrete countable object is more comfortable for humans.

4.6.3

Visualizing Normalized Data
According to Im et al. [66], one tradeoff in designing GPLOMs was whether axes

of the same variable should be scaled to the same range or not. If scaled to the same
range, it would be easy to compare to adjacent charts, but results in large vacant spaces
for sparse areas. This happens when there are severe imbalances in data distribution. Both
options are valid depending on the task at hand, but it is difficult to represent it visually
in histograms so that users can see it.
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In gatherplots, these two options are supported as absolute vs. normalized modes.
Because we show the individual objects as separate visual marks, it is feasible to deliver
this information more explicitly. If the size of all data points are the same, users will
understand that they all use the same scale, while rendering points with different sizes
conveys the information that they are normalized.

4.6.4

Evaluation Limitations
Although scatterplots support several types of tasks such as detecting correlation,

clusters, or outliers, in our experiment we decided to test a particular case with categorical
data, which has distinctive views compared to conventional scatterplots. Even if this is
a narrow case, the purpose of our study was to show the effectiveness of different layout modes in a quantitative way. The results indicated that the users could understand
the visualization and accomplish the tasks that should be supported. However, we also
observed that the difficulty level was different for each task type. In general, ranking
tasks were more difficult than comparison tasks, and questions asking about relative values were more difficult than those about absolute values. Therefore, maintaining similar
difficulty level among tasks should also be considered while designing the evaluation.
In our study, we selected scatterplots with jittering as the baseline for comparison
because (1) it extends scatterplots to manage overplotting, (2) it maintains individual
objects, and (3) it is a well-known technique. However, for future studies it would be
also desirable to compare the performance with a purpose-specific technique, such as
histograms or hieraxes.
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4.7

Conclusion and Future Work
We have proposed gatherplots, an extension of scatterplots, which enable overview

without overplotting for multidimensional data, particularly for categorical variables. We
discussed several aspects of gatherplots including layout, coloring, tick format, and interactions. We also evaluated the technique with a crowdsourced user study showing that
gatherplots are more effective than jittering, and absolute and normalized modes serve
specific types of tasks better. We addressed these weaknesses and suggested possible
remedies.
We believe that gathering is a general framework that captures the transition between overlapping and space-filling visualizations while maintaining object identities. In
the future, we plan on studying the application of this framework to other visual representations. For example, overplotting is a common problem when visualizing categorical
variables in a parallel coordinates plot. Parallel sets aggregate elements for the same value
of a categorical variable into blocks, but loses the identity of objects. By applying the
gathering framework, parallel sets can be reconstructed to render individual lines instead
of block lines, which would enable combining both categorical and continuous variables.
Also additional interaction techniques can be proposed with a gathering framework. One
particular technique employing lens scheme is shown in Figure 4.11.
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Figure 4.11: Design mock-up of gathering lens showing two random continuous variables. In the upper part, a rectangular gathering lens is applied, which arranges objects
within the boundary so that it resembles histograms. In the lower part, a circular lens
shows the distribution in a pie chart shape.
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Chapter 5:

CommentIQ: Building a Custom Mixed Axis

In ParallelSpaces, we used the existing attributes as an axis. However, there are
many cases where the existing attributes are not effective. CommentIQ proposes an interactive process for building a custom axes by the mixture of the existing features.
Comments submitted by readers on online news articles provide valuable feedback
and additional information for both other readers as well as for reporters. However, due
to the varying quality and at times aggressive tone of online comments, news publishers moderate comments by both filtering out low quality comments, and increasingly by
selecting and highlighting high-quality comments. This latter practice is motivated by
findings that indicate that featuring high-quality comments increases the interest of the
readers and promotes the general writing quality of the community. But due to the large
number of submitted comments, exhaustive moderation is time-consuming and not scalable for all but the largest and most well-resourced news outlets. In this paper, we report
on a design study focused on aiding finding valuable comments using visual analytics.
Working closely with publishers, moderators, and reporters from the New York Times, the
Washington Post, the Baltimore Sun, and other outlets, we first created a domain characterization for online comment moderation for news articles. We then derived a model for
ranking high-quality comments using an annotated comment dataset. Using this model

77

we designed a web-based visual analytics tool called CommentIQ that generates a visual
overview and custom ranked list of comments to be moderated. The CommentIQ tool was
developed in an iterative fashion from early interface mockups to full-fledged system with
input from domain experts. The full version of the system was evaluated with an extended
panel of domain experts, and the feedback we received strongly supports the utility of the
tool for moderating online news comments. We furthermore discuss our experience and
design lessons for applying visual analytics to this domain.

5.1

Introduction
In September 2013, Vladimir Putin published an op-ed article in the New York

Times (NYT).1 It was an essay critical of the U.S.—some might even say prodding the
public. As a result, the comments flooded in: 6,367 of them, in fact. Of those, 4,447 were
eventually published along with the piece online, including 85 which were selected as
‘NYT Picks’, high quality comments with exceptional insights that are highlighted in the
commenting interface. What makes this remarkable though is that each of these thousands
of comments was read by a human moderator, a trained journalist, at the NYT before it
was published. The New York Times uses a pre-moderation strategy and employs 13 community managers to read such comments, filter out inappropriate ones before publication,
and select NYT Picks for highlight.2
Reader-contributed comments are a double-edged sword: while they increase user
1 http://www.nytimes.com/2013/09/12/opinion/putin-plea-for-caution-from-russia-on-syria.

html
2 http://www.nytimes.com/times-insider/2014/04/17/a-comments-path-to-publication/
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engagement, contribute to fostering an online community, and may even provide enriching content to both readers and reporters alike, not all comments are created equal. More
specifically, reader comments are often low in quality (in terms of spelling, grammar,
or composition), have a tone not commensurate with the news outlet (e.g., aggressive or
obscene), and may be intentionally or unintentionally incorrect or misleading. For this
reason, while there is a clear value to including reader comments on online articles, there
is also a need for comment moderation to ensure that published comments are representative of the news outlets policies. Filtering out low-quality comments only addresses
half the issue; top news sources are increasingly also selecting high-quality comments
that contribute particularly well to the associated article and which set the tone for the
site. Crowdsourced approaches have their own limitations: selections don’t convey an
editorial voice, there is no central oversight to ensure balance, and selections may exhibit
undesirable popularity biases.
Managing and moderating online news comments is a particularly challenging task
due to the overwhelming volume of content, as well as the nuance and context that the
moderators sometimes need to understand and consider when dealing with sensitive or
political issues. Various strategies for mitigating the scale issue have been tried: leaving
comments unmoderated devolves quickly, so post-moderation is often employed to allow
the community to flag or report low-quality or otherwise inappropriate comments. The
pre-moderation strategy at the New York Times produces the highest quality of discourse
but is perhaps the most resource intensive. As a result they must limit the number of
articles where comments are even allowed, as well as the time window for commenting
on those limited articles.
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This work presents a design study of a visual analytic tool to augmenting comment
moderators’ capabilities to effectively scale the selection of high quality commentary on
online news sites. We present the domain-centered design and development of a visual analytics tool called CommentIQ that is specifically geared towards the tasks and use-cases
of the comment moderator. Our design process consisted of highly iterative requirements
gathering from domain experts, prototyping, piloting, and development of analytics and
visual representations that inform the selection of comments that are editorially interesting. The analytic criteria we incorporate are aligned with journalistic needs reported in the
literature [91] and include article and conversational relevance of comments, readability,
personal experiences, as well as user attributes like frequency of commenting. Given our
understanding of the domain and tasks we explicitly designed CommentIQ, (1) to provide
a broad overview of the comment space via various visual scheme, and (2) to be flexible
in its comment scoring and ranking methodology so that the tool can be adapted by the
end-user expert to fit the specific moderation circumstances.
Our design study is underscored by an evaluation with seven professional community editors and moderators at leading local and national news outlets who used CommentIQ to identify interesting comments in different articles. The evaluation provided insights
into how the various analytic dimensions, filters, and visualizations that we built enabled
and supported the comment moderation task. This evaluation with domain experts allows
us to reason about current practices, our potential to augment these practices with visual
analytics, and offers guidelines for the future design and development of computational
journalism tools.
Our contributions include (1) the characterization of the comment moderation do80

main, which includes design needs, (2) a web-based moderation tool called CommentIQ
that was designed and developed to meet these needs, and (3) the evaluation, which validates the use of criteria and various visualizations in the editorial context.
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5.2

Background
This work contributes to a growing body of research in the area of computational

journalism, which includes tools that are tailor- designed to suit journalistic tasks and
workflows, and to take into account professional norms and use-cases of journalists. Related work in this vein includes the recently published Overview [92] system, which incorporates document visualization capabilities into an investigative journalism tool that has
enabled important stories to be uncovered. Another visual analytic tool in this domain is
the SRSR prototype [93] that utilizes social media analytics of twitter accounts to enable
journalists to find eyewitness or other sources during various breaking news events. Following in the footsteps of these previous studies, in this work we present a design study in
this domain. Yet, unlike previous design studies which have focused on reporters, we target our system—CommentIQ—at an underexplored but increasingly important task and
sub-population within this domain: comment moderators.
In designing the CommentIQ system we were informed by related work in three areas which we detail further next, including community moderation, analytics of comment
quality, and discourse visualization.

5.2.1

Community Moderation
Discourse quality and incivility in online comment forums is an issue that has not

gone unnoticed in the research literature [94–96]. In fact, if low-quality commentary goes
unchecked, research has shown that it can lead to detrimental and polarized risk perceptions of scientific information [26]. One approach for dealing with discourse quality is
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that of post-moderation: a user community can flag or report comments that they deem
inappropriate and these flags can then be reviewed by professionals [95] to determine
whether they should be removed. Users can also rate, tag, and vote on comments which
feed into end-user interfaces for sorting and filtering comments [97]. A substantial downside to this approach is that it can take a long time for good comments to be identified,
and a reliable ranking depends on having enough votes in the system [98].
Studies have shown that users are more interested in engaging with discussion that is
moderated [99]. Evidence is mounting which shows that by signalling norms and expectations for behavior, the overall tenor of discourse can be improved. For instance, lower
levels of incivility and a greater use of evidence in comments was found when a reporter
engaged directly in a news outlet’s comment threads on Facebook [100]. In another study,
thoughtfulness cues in comments led to participants posting longer comments, spending
more time, and writing more relevant comments [27]. The practice of selecting high
quality comments by outlets like the New York Times fits within this strategy of social
signalling to set community standards. The CommentIQ system was specifically designed
with this approach towards comment moderation in mind, thus we focus not on the removal of low-quality comments (which is still a valid problem in its own right), but on the
identification of high-quality contributions that could act as cues for a positive feedback
loop with the community.
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5.2.2

Analytics of Comment Quality
Various efforts have been undertaken to measure and rank the quality of written

texts and comments, including both low- quality [101] and high quality written outputs.
Natural language processing of text content as well as data analysis of community information (e.g. user history and interactions) have been applied. For instance, Louis and
Nenkova [102] predicted the article quality of science journalism based on lower level linguistic features, such as sentence structure. Other work in this domain has considered the
measurement of dimensions of text readability [103]. Efforts have tried to automatically
predict the quality of online comments, although the reported performance and accuracy
of such models makes them difficult to apply practically [104, 105]. In addition to textual
features such as informativeness and cohesion of text, user features can also be leveraged
to rank comments, such as activity level, history of ratings, and degree to which other
people respond [106]. In contrast to Hsu et al. [106], however, we do not use community
ratings as ground-truth for quality as this can reflect popularity bias. For our ground truth
of “quality” we instead utilize a source of professionally curated and selected comments:
the New York Times “Picks” comments.
Studies in the literature describe journalistic efforts to identify high quality contributions from the public, including how letters to the editor are selected [107], how
online comments are selected for print publication [108], and how on-air radio comments
are chosen at NPR [109]. Specifically in the domain of online news comments, recent
work by Diakopoulos [91, 110] has synthesized these journalistic criteria into a set of
twelve human-centric candidate criteria including Argument Quality, Criticality, Emo84

tionality, Entertaining, Readability, Personal Experience, Internal Coherence, Thoughtfulness, Brevity, Relevance, Fairness, and Novelty. In this work, we utilize the validated
analytic operationalizations of several of these criteria to score comments, including readability, personal experience, brevity (or length), and relevance (including article relevance
and conversational relevance). We also derive user-based scores of quality by averaging
these criteria over user history. We incorporate understanding from other literature in the
domain of online reviews which suggests that a measure of user activity level will be usefully correlated to quality [111]. Finally, we train a model on a set of collected comments
to arrive at default weights of these various analytic criteria that can orient moderators
towards the top comment candidates.

5.2.3

Discourse Visualization
Previous work on comment or discourse visualization has often approached the

issue from the end-user’s perspective. For instance, the ForumReader tool [112] was
designed to help orient and guide readers to areas of interest within large scale online
forums, such as Slashdot. An evaluation found that moderator information such as tags
that had been visualized was valuable in helping users navigate in the discussion. Another
more recent effort in this area is the ConVisIt system [113], which utilizes flexible userdriven topic modeling to provide an interface that allows for exploration of asynchronous
online discussions. The interface allowed users in an evaluation to find more useful
and insightful comments than the more standard Slashdot interface. The Arkose system [114] was designed to help visually distill large online discussions into more succinct
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summaries. A somewhat related effort is the Opinion Space system, which visualized
comments by projecting sets of specially elicited scalar opinions relating to controversial
statements [115]. An evaluation found that users reading comments in the system were
more engaged in comparison to a baseline interface which simply listed the comments.
The discourse visualization systems presented in the literature are not oriented towards sensemaking of comments that can directly enable better moderation. In contrast,
we designed the CommentIQ visual analytic system specifically for comment moderators
and we present a persona and characterization of the task and use-cases involved which
inform our design. More specifically we use analytics to score comments along various dimensions of interest to journalist moderators as discussed above, and we provide
interactive visualizations of these scores including map-based and temporal views that
align with user needs and requirements in the domain and help orient moderators towards
comments that may be high quality.

5.3

Overview: Analytics for Comment Moderation
Our goal in this work is to explore how visual analytics can be applied to the com-

ment moderation process employed by news outlets. For this purpose, we conducted a
multi-phase design study with the purpose of applying both automatic text analytics algorithms as well as interactive visual interfaces to this domain. In this section, we give a
general overview of our design process; the following sections discuss each of the phases
in detail.
Our design study process was inspired by the core phase of the nine-stage frame-
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work proposed by Sedlmair et al. [116]. More specifically, our work was organized into
four distinct stages roughly matching the discover, design, implement, and deploy stages
in that framework:
I Domain Characterization: (discover) characterizing personas, use-cases, and tasks;
II Design and Analysis: (design) developing design rationale as well as concrete
visual, interaction, and algorithm design;
III Prototyping and Implementation: (implement) interface prototypes as well as
client-side and server-side components; and
IV In-Field Evaluation: (deploy) validation through domain expert feedback in the
field.

5.4

Stage I: Domain Characterization
In designing the CommentIQ, system we adhered to a human-centered design method-

ology, including undertaking several early semi-structured interviews with domain experts. In particular, we were interested in developing knowledge from our informants that
would allow us to (1) build a persona of a comment moderator that would guide our design thinking, and (2) understanding the use-cases and tasks for comment moderation on
news sites.
Our interviews were informal and targeted at individuals who were deeply embedded in newsrooms and who had experience moderating online comments and social media
in the context of the news. We spoke to eight people from news organizations including
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the Washington Post, National Public Radio (NPR), the New York Times, and the Wall
Street Journal. Six of the interviews were conducted face-to-face, two were conducted
via phone, and all were uncompensated and lasted roughly one hour. Copious notes were
taken during the interviews and these were typed and analyzed afterwards to facilitate our
design process. We approached the interviews with several questions in mind, aiming to
understand more about the comment moderator workflow and goals, editorial criteria for
identifying high quality selections, indications of how moderation decisions were made,
and challenges, frustrations, and pain points with current tooling.

5.4.1

Persona Development
Personas can be useful design tools that work by capturing and communicating the

objectives, motivations, behaviors, and expectations of a group of target users [117]. They
are often useful as grounding artifacts to assess how different design options may impact
users. Based on our initial informal interviews, we developed a persona of The Comment
Moderator (TCM), an archetype reflecting our understanding of the comment moderators
we interviewed.
Perhaps more than any other goal, TCM is motivated by a desire to produce a quality discussion. They want to not only remove off-topic, impolite, or critical and unconstructive comments, but also to identify and highlight original ideas, cogent points, or
contributions that rise above the noise. They are interested in discovering local voices
and top contributors to give them a spotlight and to create a feedback loop where good
behavior is rewarded: readers should aspire to have their comment selected. Different
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outlets employ different terminology for this idea: at the New York Times such selected
comments are termed “NYT Picks”, at the Washington Post they sometimes badge users
as “preferred”, and at the Wall Street Journal they refer to them as “featured” comments.
The New York Times is perhaps most sophisticated in their thinking about highlighting perspectives as NYT Picks.3 The NYT Picks are the most popular comment
queue and NYT TCMs try to select those with a broad range of viewpoints. In other
words, they strive for diversity in the selections. This might include geographic diversity
if that is relevant to the story, or it could other types of diversity such as along political
perspectives. They want the selections to be representative but they dont necessarily need
to be balanced between different viewpoints.
The overall goal of TCM is to set the tone and maintain the commenting policies to
provide a positive atmosphere for discussion. TCM sees comments not as an appendage
but as any other piece of journalistic content, and as such they apply an editorial eye: it’s
not about finding the “most liked” comment. For instance, they strive for fairness in the
editorial standards they apply, and are willing to turn comments off for sensitive topics
or stories where they believe civil discussion is impossible. They also seek to build trust
with and increase engagement with their community.

5.4.2

Use-Cases and Tasks
In our conversations with comment moderators, we learned of several use-cases and

analytic tasks that may be accomplished with comments. These include: (1) exclusion of
low quality comments, (2) selection, highlighting, or picking high quality comments, and
3 http://www.nytimes.com/times-insider/2014/04/17/a-comments-path-to-publication/
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(3) taking other journalistic actions based on comment content.
The first task, that of identifying and filtering out low quality comments is one that
dominates the analytic workflow for moderators. To a large extent this is about upholding
the community standards and providing a venue for discussion that is free from profanity,
hate speech, or personal attacks. In many cases, moderators examine flags that are passed
in by community (end-user) moderators, or in some cases by automated systems like
KeepCon.4 Sometimes moderators examine the context of a user to see if they are a
habitual violator of community norms and as a result may take additional action such as
blocking the user. While this is surely an important analytic task which has received some
attention in the research literature [101], we instead focus the current work on the newer
and underexplored strategy of selecting high-quality comments.
To select high-quality comments for highlighting on a site, moderators consider
many different criteria. At the New York Times, they consider five criteria when choosing
NYT Picks: overall quality, such as spelling and grammar, argumentation, and literary
value, broad representation and diversity of perspective, conversation between two people
making opposing points, unexpected short, funny, or unusual commentary, and personal
stories and experiences that are relevant to the issue. Our interviews with moderators
exposed the importance of flexibility and adaptability in applying these criteria. Different
quality criteria apply for different stories and for different communities: there isn’t a
one-size-fits-all model for when to apply a given editorial criteria, but rather there are
many contingencies. Interviews also elucidated an openness to employing automation
to help uncover higher quality comments, with an acceptance of some errors and the
4 http://keepcon.com/
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understanding that a human moderator is making the final decision. As such, this task is
well-suited to a visual analytic approach.
The final task which moderators might engage in involves some other journalistic
action, which might include correcting a story based on a comment, or passing a comment
on to a reporter for follow-up. Several moderators we interviewed believed that comments
were valuable leads for news reporting. People often write fascinating stories about how
they are personally impacted by an issue at hand, and this can fuel additional reporting
by journalists. For niche communities or blogs, insiders may sometimes comment with
valuable knowledge and insight that would otherwise be unavailable. This task is conceptually similar to the previous task insofar as it is about identifying comments of a specific
ilk, but instead of choosing comments that should be published and highlighted it is about
using the content of those comments for internal purposes. The essential difference in
tasks is thus the final step being one of publication, or one of internal use.

5.5

Stage II: Design and Analysis
Our second stage, based on Sedlmair’s design stage [116], involved pursuing addi-

tional insight and clarity into the development of tools to support comment moderators.
Below we describe the design criteria that we developed based on our human-centered
requirements gathering, as well as how the various pieces of the CommentIQ design and
system support those criteria.
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5.5.1

Design Rationale
Based on the survey with comment moderators (TCMs), we found that there are

mainly two unmet requirements. First, TCMs need a way to manage a diverse set of qualifications for comments depending on the context of the workflow. The second requirement is to be able to maintain a balanced view when selecting comments. For example,
many times moderators were looking for minority opinions when there were strong majority opinions about specific issues at hand; this task involves both requirements, i.e.,
maintaining balance (2) as well as adapting criteria to a specific workflow (1).
Based on these user requirements, we derived the following design rationale (DR),
which are further reflected in Figure ??.
DR1 Custom ranked list: Users should be able to customize rankings based on their
own needs and their current context;
DR2 Score by multiple criteria: Comments should be able to be automatically scored
by multiple user-controlled criteria;
DR3 Overview and filter: To represent balanced opinions, the system should show the
distribution of both major and minor opinion groups;
DR4 Learn from user actions: The system should learn from actions taken by users to
have a more refined model.
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Community moderator

Scoring
Readability = 0.12
Personal story = 0.34
Relevance = 0.5

Readers

Visual Interface
Ranked List

Overview

Action
Accept
Reject
Pick

Comments

High Quality Comments
Learning from user feedback

CommentIQ

Figure 5.1: Our design learning suggests the following process for selecting high quality
comments: (1) comments submitted by readers are scored using multiple criteria; using
these scores, (2) we provide a ranked list of comments as well as the distribution of scores
and other meta-data to give an overview and ability to filter; (3) user actions and selection
rationale are fed back into the system so that we can learn from users

5.5.2

Analytics
A key insight from our human-centered domain characterization work is that the

quality of comments is contextually determined. What makes a good comment on a
fast-moving breaking news story is different from a topical blog with a more cohesive
community around it. This informs our development of analytics-enabling algorithms for
CommentIQ because it implies that a one-size-fits-all language model or classifier is not
appropriate for predicting comment quality.
As a result, we designed CommentIQ to support different comment contexts flexibly. Instead of using a binary classifier, we employ a customizable weighted ranking of
various features (DR1, DR2). By allowing the end-user to adjust weights, we put the
power in their hands to decide when one feature may be more or less salient for their
identification of “quality” in that particular context. In addition, we provide (1) a smart
default weighting for the ranking [118], and (2) several presets to the weighting so that
the end-user can quickly switch between contexts.
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5.5.2.1

Selection of Criteria

Instead of computing a large number of textual features and then doing feature
selection, we limited our selection of criteria to be legible by humans as motivated by
our literature review. Thus, we selected criteria that were understandable in this specific
editorial context. This allows us to provide end-user customization that is more straightforward than traditional text classification (DR1). The criteria are based on the content of
comments and the history of the user:
• Criteria based on comments:
1. Article Relevance: Score representing how relevant a comment is with respect to the article. Relevance is measured by looking at similarity of word
feature vectors [110].
2. Conversational Relevance: Relevance with respect to preceding comments.
This relevance score is measured by looking at similarity of word feature vectors [110].
3. Length: The size of a comment, measured in terms of the number of words.
4. Personal Experience: Measure of the rate of use of words in Linguistic Inquiry and Word Count (LIWC) categories “I”, “We”, “Family”, and “Friends”,
which reflect personal (1st and 3rd person pronouns) and close relational (family and friends) references [91].
5. Readability: Measure of how readable a comment is according to a standard
index of reading grade level known as SMOG [91, 119].
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6. Recommendation Score: The number of recommendations a comment has
received.
• Criteria based on user history:
1. User Comments per Month: The average number of comments per month a
user has written.
2. User Comment Length: The average comment length score for a user across
their entire history.
3. User Personal Experience: The average personal experience score for a user
across their entire history.
4. User Picks: The average rate at which a user’s comments are selected as NYT
Picks
5. User Readability: The average readability score for a user across their entire
history.
6. User Recommendation Score: The average recommendation score for a user
across their entire history.

5.5.2.2

Development of Presets

Tuning our ranking thus involves modifying any of the 12 weights, one for each
criterion above. In order to provide a smart starting point for the ranking, we trained a
classifier to produce a set of default weights. We developed the default ranking weights
using an annotated dataset collected via the New York Times’ Community API5 . Each
5 https://developer.nytimes.com/
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comment contains relevant metadata, such as a boolean value of whether the comment is
an editor’s pick, as well as the recommendation score as measured by community votes.
To compute user scores, we also gathered all historical comments for each user.
The recommendation score was removed during the training of the classifier because it is highly correlated to the status of the comment as a NYT Pick. In other words, a
comment may have a high recommendation score as a result of being picked, rather than
as a reason for being picked. Using the remaining 11 scores as features and an editor’s
pick as target, we trained a binary classifier.
Since final scores for the comment is a weighted sum of weights and scores from
each criteria, we compared output from both a linear support vector machine (SVM) as
well as a logistic regression. We used 94 ‘picked’ comments and 1,574 ’not picked’
comments. To compensate for the bias in samples, class weight corresponding to the
ratio of samples was used. The average precision score using 5-fold cross validation
was 0.13±0.07 with 95 percent confidence interval using the linear SVM classifier, and
0.13±0.08 with the logistic regression classifier. Average recall for SVM was 0.60±0.39,
and 0.60±0.43 for logistic regression. High-quality comments are rare and we do not
want to miss them, which explains the high recall with low precision. For both models,
weights for the prediction were similar. Readability, article relevance, and user pick history were positively correlated with high quality, while the conversational relevance and
length of comments were negatively correlated with picks. In the end, we used the SVM
model parameter as the presets for default ranking.
Other ranking presents were also generated using heuristic methods. Informed by
our interviews with domain experts, we identified the following additional presets that
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we thought could be useful according to various commenting situations. The following
shows the developed presets:
• Default: Prioritizes finding generally high-quality comments, trained using the
NYT picks dataset as described above.
• Personal story: Sorting that favors personal anecdotes; a combination of personal
experience and comment length.
• Unexpected: A ranking favoring short, unexpected comments. This is a combination of short length and high user reputation, such as average user picks and user
recommendation. Therefore, it shows short comments from reliable users at the
top.
• Best user: This ranking considers only the user reputation to find a comment written by reliable users.

5.5.3

Interaction and Visual Design
The CommentIQ system is composed of four interface components: article, overview

visualization, custom ranking widget, and list of comments. The user can get an overview
of comments from the visualization and filter based on making direct selection lassos on
the overview visualization (DR3). The custom ranking widget provides a way to customize the ranking for one’s needs. This section presents the design of these in detail.
Figure 5.2 shows an intial sketch, an intermediate mockup, and the final interface. We solicited feedback on intermediate designs by meeting with domain experts before moving
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to the implementation phase.

(a) Design sketch

(b) Design Mockup

(c) Developed Prototype

Figure 5.2: (a) Early design sketch during the design iteration, (b) the design mockup,
and (c) a working prototype for CommentIQ.
Figure ?? shows the final interface that was designed and evaluated after soliciting
feedback on intermediate designs.
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Figure 5.3: The CommentIQ UI showing toggleable visualizations such as scatterplot,
map, and timeline (left) that enable overview and filtering of comments, as well as an
adjustable ranking based on various weighted quality criteria (right).

5.5.3.1

Customizable Ranking Widget

The goal of the customizable ranking component is to make the custom ranking
more intuitive and easy to adjust (DR1). The interface is designed for TCMs with various
skill levels and goals. At its core is the preset drop-down where the the TCM can quickly
select weightings for previously identified scenarios, or create a new weighting preset to
meet an emerging need.
Since our presets obviously cannot cover all of the tasks, we provide a customization of presets. The users can change weightings to twelve criteria. For example, by
giving weights to recent posting activity of a commenter, and also giving considerable
weights to user recommendation score, we can get comments by community members
who are very active and have a good reputation.
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The different weights are presented with a stacked bar chart. It provides a visual
signature for each preset acting as a visual marker. This design is inspired by LineUp, a
multi-attribute ranking visualization by Gratzl et al. [120].

5.5.3.2

Overview Widget

The goal of the overview widget is to show a visual overview of comments according to different schemes so that moderators can achieve balanced moderation (DR3). It
can also act as a visual filter, where people can select interesting subsets of comments. For
example, when the user selects along the West Coast in the map view, only the comments
from that region are shown in the comments list. Three types of overview are integrated
and these can be switched by the user.
• Map view: This view shows the location of users. We geocoded the location reported by users as free-text metadata. The MapQuest Open Geocoding API Web
Service6 was used to get the associated latitude and longitude for the given user address. This enables the selection of comments from specific geographical regions
to compare viewpoints. Because location is provided by users as free text, the locations are at various granularities (e.g., state, or city). We applied a force-layout
algorithm to prevent dots in the same area (e.g. city) from overlapping severely.
• CommentPlot: The CommentPlot is a scatterplot of criteria scores for all comments. It was intended to provide a quick selection of comments across certain
criteria. The axes of the scatterplots were left vague such as “lower” or “higher”
6 http://developer.mapquest.com/web/products/open/geocoding-service
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in lieu of precise value, because—based on design feedback—we determined that
the relative distribution was more important to show than the absolute score on the
overview.
• Temporal view: This view shows the aggregated scores according to chronological
ordering. It can be used for the selection of the comments in a specific time window,
as well as seeing change over time. Such changes, e.g., decreasing article relevance
and increasing conversation relevance, may be used to make editorial decisions,
such as determining when to close the comment functionality on an article.
All CommentIQ views can be brushed and linked. This feature can be used to
sculpt queries in many views, i.e., selecting comments from the East Coast area with
long length and high personal story score, and from specific times to find an informative
personal anecdote for breaking news for that region.

5.5.4

Learning with User Feedback
Even though comments may be selected by editors for any number of reasons, the

comment data from NYT is annotated simply as a ’Pick’ and does not specify the reason
for why it was picked. Comments could be picked based on multiple qualifications, such
as the presence of personal anecdotes, informative content, or a short and unexpected
viewpoint, for example. Furthermore, it is also very context-specific; in some contexts,
one feature may have a positive correlation with quality, while for others that same feature
would have a negative correlation. For example, a comment might be selected either for
being short and unexpected, or instead for being long and informative. The length of
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comments for the first case will be shorter than that of the second one. Thus, it is difficult
for the classifier to generalize over the length feature.
To address this limitation of the data we have available, we designed CommentIQ
to have a feedback loop (DR4). When a moderator designates a comment as a highquality one, they are prompted for information about why it was selected. Along with
some predefined options such as “well-written”, “informative”, “personal experience”,
“critical”, and “humorous” derived from our literature review [91], the moderator can
also provide additional free text reasons for selection. When operating at scale, the intent
is that we can build a detailed taxonomy of comment selections and correlate the scores
and features of those selections to different commenting contexts (e.g. breaking news,
different topics or niches). The additional burden of tagging is not too severe because,
according to our interviews, only about 1 in 20 comments might be selected.
Another way that we gather feedback from user decisions in CommentIQ is that
when a user makes a new custom preset, it is recorded and stored. The recording reveals
what the moderators are looking for in terms of relative weights of each of the specified
criteria, and can provide data for future research by elucidating compositions of features
and feature weights that match given use contexts. By analyzing the preset usage from
multiple users, we anticipate deriving a task taxonomy for comment moderation in the
future.
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5.6

Stage III: Prototyping and Implementation
The CommentIQ system comprises backend components for computing comment

scores, as well as front-end components for visualizing and presenting information to
users. On the backend we compute scores such as article relevance, conversational relevance, personal experience, and readability [91, 110]. The vocabulary used for the relevance calculations is based on a sample of 3 months worth of comments from the NYT
Community API. The backend is flexible and can recompute scores for comments as they
become available on an article, or if a comment changes the scores can be updated.
We have open sourced our code, and thus allow others to install and run the comment scoring code on their own servers. The code is available at https://github.com/
comp-journalism/commentIQ/tree/master/CommentAPIcode. The frontend of the
system shown in Figure 5.2(c) is developed with D37 and the AngularJs framework8 .
Firebase9 was used for hosting and real-time database support to cache articles and scored
comments. The CommentIQ frontend is available online at https://commentiq.firebaseapp.
com.

5.7

Stage IV: Field Evaluation
We conducted an exploratory evaluation of CommentIQ to gain an understanding

of whether and how the tool was helpful to moderators looking to find high quality com7 https://d3js.org/
8 https://angularjs.org/
9 https://www.firebase.com/
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ments on news articles. We probed generally on the utility they found with the tool and
also asked them to accomplish certain tasks to ensure that they had fully explored the
functionality of the system. We piloted the study with a data journalist in order to iterate
on the interaction design and, in particular, the labeling used in the user interface before
we expanded the study to our target domain users of comment moderators. Based on this
pilot feedback, we adjusted criteria labels (e.g., “brevity” became “length”), and adjusted
the weighting interface to allow for negative weights.

5.7.1

Evaluation Design
We wanted to evaluate whether our approach could be used to improve current

processes. Also, since this is design study, we wanted to know what components may
have still been missing in the system, which can inform future research. Specifically, we
set the following as evaluation goals:
• Criteria: Whether criteria and the meaning of weights were easy to understand,
if they could be used to help in different editorial contexts, and what new criteria
could be helpful;
• Presets: Was the goal and utility of presets clear to users, does the algorithm produce results as expected by users, and what might be useful presets to add;
• Rank tuning: Were users able to create their own custom ranking for their own
goals; and
• Overview: How does the overview and filter approach change the moderation pro104

cess and what else might be an interesting aspect to show visually.
To assess these goals we conducted an in-field evaluation of CommentIQ with domain experts. The following reports our procedure and findings.

5.7.1.1

Procedure

The study was conducted on a laptop at the place of work of each participant, usually in an area adjacent to the newsroom. After consenting to be in the study, the CommentIQ interface was demonstrated to the participant. All of the features of the interface
were explained, such as how to use and filter on the overview visualizations, how to adjust weights or use the presets on the customized ranking, and the meaning of the various
criteria used to score comments. Then the participants were given a 5-minute freeform
exploration where they could become acquainted with the system and ask questions if
something was not clear. During the session we asked them to speak aloud what they
were thinking as they used the system. Then we asked them to conduct specific tasks
using the CommentIQ system. The sessions were audio recorded and transcribed for
analysis. The specific tasks included:
• Use of one criteria: Select one or two criteria that are interesting. Using only that
criteria, read the top and bottom comments and compare them. Why did you select
that criteria? Are the results what you expected?;
• Use of multiple criteria: The participants were asked to create custom rankings using multiple criteria. We asked why they selected criteria and weights and whether
the result was working as they expected;
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• Use of Commentplot: We asked them to select two criteria for scatterplots and
select regions of the visualizations that might be interesting;
• Use of Map: Find if there are any difference in perspectives according to geographical locations presented on the map;
• Use of Temporal view: Find meaningful patterns in the chronological dimension;
• Picking high-quality comments: The user was asked to set a goal for target comments that they were interested to find and then they used CommentIQ to find those
comments;
After these tasks, we finished the session by asking for the user’s general impression
and opinion about the advantages and disadvantages of using system.

5.7.1.2

Content

We made use of three datasets for our evaluation: one for demo purposes, and two
for the journalists to interact with. We selected news articles from a range of topics and
with varying numbers of comments. One article, “What Is the Next ‘Next Silicon Valley’?”10 (147 comments), was selected because we thought that it would elicit comments
from different geographies that might be interesting for the moderators to consider on
the map visualization. Another article, “Who Spewed That Abuse? Anonymous Yik Yak
10 http://www.nytimes.com/2015/03/05/upshot/what-is-the-next-next-silicon-valley.

html
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App Isn’t Telling”11 (848 comments), was chosen because we thought that it would elicit
comments that included personal stories or perspectives that might be surfaced by our
ranking, and it was a much larger and more challenging number of comments. Finally,
we chose “F.B.I. Director Speaks About Race” (634 comments)12 as a demo, since race
relations are a hot topic in the U.S. and we thought that comments here might reflect
different perspectives that the moderators would want to highlight.

5.7.1.3

Participants

We evaluated CommentIQ with working professional journalists who have direct
responsibilities for comment moderation as part of their daily duties. Such professionals
have knowledge of the real challenges in comment moderation, and the workflows and
editorial criteria associated with evaluating online news comments. Combined with the
in situ setting in which the study took place, this allows for more ecological validity to
reflect on how the tool may be useful in practice. We recruited participants by soliciting
industry contacts and asking for referrals. In all, we recruited seven participants (five
male, two female) from local (Baltimore Sun) and topical (Wall Street Journal) as well
as national (New York Times, Washington Post) outlets. The moderation workflows of
the different outlets provided some variability and diversity for the evaluation as well.
Only New York Times currently uses a pre-moderation workflow and actively promotes

11 http://www.nytimes.com/2015/03/09/technology/popular-yik-yak-app-confers-anonymity-and-deliv

html

12 http://www.nytimes.com/2015/02/13/us/politics/fbi-director-comey-speaks-frankly-about-police

html
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high-quality comments with NYT Picks.
Our participants come from some of the most respected news outlets in the U.S.
and are leading-edge practitioners. Their titles and roles include community moderators,
community manager, a director of audience engagement development, and a director of
digital news projects. Two of the participants are contributors to the Coral Project

13 ,

which tries to improve communities on news sites through the development of an open
source software platform. Table 5.1 shows affiliations and related work experience. We
will refer to them as ’P1’ or ’P2’ when citing their comments in the rest of the paper.
Table 5.1: Experience and affiliations of in-field evaluation participants.
Field experience
ID

Organization

Workflow
(in years)

P1
P2

10
Washington Post

1

P3

4

P4

4
New York Times

Pre-moderation

P5

5.7.2

Post-moderation

7

P6

Wall Street Journal

4

Post-moderation

P7

Baltimore Sun

7

Post-moderation

Findings
Below we discuss the findings from our evaluation.

13 http://coralproject.net/
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5.7.2.1

General Utility

In general, participants were positive about the approach and capabilities of CommentIQ. P4 stated that CommentIQ is a great improvement to his existing interface. P3
stated that CommentIQ is a much more sophisticated and powerful tool than anything she
has ever used for comment moderation. The ability to find personal anecdotes quickly and
to select comments based on geographic regions received especially positive responses.
This reaction was observed from outlets with both pre-moderation and post- moderation processes. Currently, most outlets are just filtering bad comments, but this is due
to resource constraints rather than any resistance against instead selecting high-quality
ones. Participants anticipated that CommentIQ would enable them to find high-quality
comments, which is currently not supported by tools that assist in removing low quality
comments.

5.7.2.2

Criteria

The participants were able to understand the meaning of each criteria and use multiple criteria to find interesting comments for their goals. The following quote from P6
shows how moderators think in terms of qualification for good comments and the effective
use of custom rankings and the overview visualization to identify worthy comments:
So I will look for someone who had used Yik Yak so that would be personal experience ... and I guess something that is relevant to the article. And
that does not seem very relevant. But we will see what’s going on here [selecting region on visualization]. So these are okay. So I want to find something
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more about how people use it. No, this is just old people being mad. What’s
going on here... Yes. This is a great comment you need. Talking about how
she became aware of this app and it was relating to her sons at high school
and this is perfect. This is exactly the thing we are looking for.
Participants were especially interested in personal stories (P1, P3, P4, P5, P6, P7).
Initial use of the personal experience score created problems because it counts the frequency of words such as ’I’ or ’we’, resulting in short one line sentences with ’I’ ranked
higher. However, participants also reflected on the use of various strategies to remedy this
by themselves, such as selecting comments of a certain length from the CommentPlot
(P1, P6) or giving weights to the ’Length’ criteria in sorting weights (P5).
P5 was able to successfully create his own ranking for personal stories. He gave
high weight to personal experience criteria of comments, and at the same time gave
weighting to the user picks and recommendations score to select good people. P3 was
also able to find good comments for reporters to follow-up using a combination of map
and ranking based on conversational relevance and user reputation.
The readability score of comments received mixed reviews. Many participants suggested readability was an important measure, but the result of the current algorithm were
found to be confusing (P1, P4, P6). The readability was computed as the SMOG index [119], which is a measure of the grade-level difficulty of the text. However, the
score requires further refinement to represent general readability in editorial contexts. As
more general readability features, P1 and P4 suggested the proper use of paragraphs in
a comment would make long comments more readable. This is because sometimes, bad
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comments list meaningless sophisticated language without any hierarchy, resulting in a
dense block of text. P6 suggested similar criteria, such as use of ’long ellipsis’ or weird
punctuations and spacing as a possible criteria for evaluation.
Article relevance was used frequently as a qualification. P1 made an interesting
argument that a lower article relevance might also at times be interesting because it is
not repeating the article but offering fresh view points. In a similar way, conversational
relevance might not reflect the status of threading, if similar vocabulary is not used in
conversational responses. P1 suggested the use of threading information, such as people
replying to each other for the calculation of conversational relevance.
User activity history, such as average user picks or average user recommendations,
were frequently combined with comment-based features as a strategy to find reliable people (P5, P6). Also there were requests for mapping more of user history, such as rejection
history (P3), flagged history, or banned history (P6). P7 suggested the ability to pull out
all the comments by the particular user, when he saw a very thoughtful user, so that he
could use her comments for other articles. P1 suggested that a recent activity score might
be useful to find users who are either new to the community or well-known members. P7
felt it could be useful to be able to filter out the ten to twenty people who are trolling by
commenting on everything.

5.7.2.3

Overview Visualization

The map view received a lot of positive feedback as a key benefit of the system.
Many usage scenarios for the use of the map feature were suggested. For example, P1
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could find interesting comments from a specific region using the map view. P4 suggested
its use to find personal stories, where you can find the comments from the geographic
area where the news is coming from. P6 suggested that the map view could be useful
for sport articles, where people are often passionate about their home or school team.
Participants compared opinions of Silicon Valley with Florida in the article about Florida
being the next Silicon Valley (P1). Also, people tried to compare conservative states
with progressive states, using geography as a proxy for political perspective (P7). It was
suggested that the granularity of the map might be made flexible to suit different demands:
the local outlet wanted a more local map, while national outlets also wanted a global map
(P3, P5, P6), with mechanisms to quickly select sub-regions (e.g., a state) using a single
click.
In the tasks that used CommentPlots, people could select different criteria to get an
insight from the scatterplots. Many people used personal experience (P4, P5) and readability (P4) to find interesting comments. P1 successfully used highly relevant but short
comments for reporters to quickly find a quote to dress up their story with reactions from
users. This shows the adaptability of our approach of leveraging various qualifications to
accommodate different usages, which was one of goals of CommentIQ.
Elaborate usage scenarios for temporal view were also suggested. P5 suggested its
use for breaking news items, where as new follow-up stories are uncovering, the ability
to find comments from a certain time window can be useful to detect the change of tones
and information. Because people do not want to read comments about out-dated news,
TCMs can put their limited resources on more recent ones. P1 suggested the use of
temporal information for getting changing responses of readers as sports events evolves.
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For example, when there is a new score for an ongoing football game, the sentiment of
readers might change accordingly. TCMs can use it to get the comments showing an
exciting moment of reversal. P6 suggested that the temporal view can be useful when
multiple TCMs are working together in coordination. P7 articulated that the first wave of
comments will contain more personal anecdotes of the event and the last wave of comment
will contain more diverse viewpoints about the issues.

5.7.2.4

Additional Use Cases

Many expressed that the current tools for comment moderation, which are usually
based on chronological or recommendation-based scores, are sub-optimal (P6, P5). Some
features of CommentIQ, such as the map-based view and the sorting presets feature, were
suggested to even have potential for exposing to the readers or reporters themselves (P3,
P5). P3 stated that, as a community manager, she wants readers to stick around, but the
current comment list they use might scare them off. Given the ability to sort comments
according to quality might make them stay longer. P5 articulated that he could program
some presets for reporters so that reporters can use the intelligent sorts to find interesting
content that may inform them. Selecting specific locations from comments is especially
useful for reporters for finding potential sources of new information. P6 suggested that
the map view can be useful for the general public, especially for sports articles.
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5.8

Discussion and Future Work
Our evaluation of CommentIQ along the dimensions of scoring criteria, weighting

presets, easy tuning, and overview visualizations showed that the visual analytic system that we designed was productive and useful for comment moderators. Users were
able to effectively understand the criteria provided, compose them into conjunctions of
scores that were editorially meaningful, and tune the results to provide access to higher
quality comments of editorial interest. The visualizations themselves proved quite useful
for providing an overview of the comment score space, and helped orient users towards
comments according to geography, temporal characteristics, and score distributions. Our
evaluation thus provides support for the design rationales DR1, DR2, and DR3. At the
same time, assessing DR4 requires a much longer-term deployment to study whether the
approach can yield a large enough quantity of feedback data to train better models, and is
left for future work. Resource constraints and organizational barriers currently limit our
ability to integrate CommentIQ fully with real newsroom data flows and content management systems, thus preventing a full at-scale deployment. However, we hope that the
CommentIQ design can inspire future work and development in exploring the potential
of user feedback data.
CommentIQ supports a transformational change to the moderation process. One of
the more surprising results from our evaluation was the extent to which comment moderators were ready to begin thinking of moderation not as a policing function, but as a
first-class editorial position in the newsroom. As P5 explained, CommentIQ positively
changed the moderation workflow by “shifting moderating to a reporting research job”
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It changes the role of moderators to editorial knowledge work, because they now think
in terms of what is the qualifications for comments they are looking to publish or use.
CommentIQ allows moderators to set up hypotheses and run experiments on presets for
the workflows that work well in different contexts and for different types of journalism.
Moderators can then publish or share that knowledge with others in the form of custom
ranking presets, either internally with other moderators or reporters, or indeed ultimately
also with their readers.
By framing comment selection as something that is done to identify interesting
content to be published, our users articulated new use cases for comments. For instance,
participants wanted to understand more about the people who had written various comments, including aspects such as profession or background knowledge of the commenter.
Treating the comments as content, and the commenters as potential journalistic sources,
opens new possibilities for leveraging comments in the news process. Deriving user models based on past commenting behavior and content would allow journalists to tap into
comments in new ways, and is an exciting area for future work in analytics.
Our visual, interaction, and algorithmic design was entirely user-centered, and, as a
result, none of our final design choices in these areas were particularly surprising or complex in nature. In particular, all of our visualizations were straightforward scatterplots,
time-series plots, or map visualizations. Since our contribution is on the design study,
domain characterization, and in-field evaluation aspects of the CommentIQ system, we
do not think this is a problem. Rather, it is an indication that high visualization complexity has little intrinsic value, but needs to be matched to the needs and capabilities of the
intended users.
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The overarching take-away from our design study of CommentIQ is that journalists
(and journalism as a domain) demand analytic solutions that place humans squarely in
the sensemaking loop with the analytics. Visual analytics is thus an extremely well-suited
approach for design in this domain. Journalists do not want editorial decisions made
for them, but rather seek designs that enable and enhance their own decision-making
functions so that they can adapt to new situations and contexts and apply human judgment
to editorial decisions. Flexibility was seen as extremely important, as well as not having
the analytics make strong classification decisions automatically.
Future work in this domain should be oriented towards developing new and better scores, including for dimensions such as novelty, criticality, thoughtfulness, and others [91]. Much additional work on natural language processing and analytics needs to be
done to develop such metrics so that they are understandable and useful to moderators.
Based on our initial interviews, we identified the desire to maintain diversity and balance
in the selected comments. While CommentIQ does provide this to some extent, moderators in our evaluation were looking for minority opinions in terms of sentiment, political
thought, or even religious affiliation. Even though our system can provide limited access to this, such as by proxying political thought to a map view, the current CommentIQ
system lacks the ability to show these dimensions in terms of semantic analysis such as
sentiment or political position. Thus, future work should also strive to develop advanced
analytics for dimensions such as political affiliation so that this can be represented explicitly in the overview visualizations.
Given that there were at least small teams and in one case a quite large team of moderators in the organizations where we tested the system, another avenue for future research
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is how to explicitly support collaboration in the comment moderation process. Because
CommentIQ uses a real-time database, the system already supports multiple users moderating a comment database together, but we think there are additional mechanisms that
could streamline and coordinate a collaborative moderation process.

5.9

Conclusion
We have described a design study aimed at supporting community managers for

online news sites in filtering reader-submitted comments to news articles using a combination of visual interfaces and automatic algorithms. Our study spanned a significant time
period during which we explored the domain, design, implementation, and deployment of
a visual analytics system called CommentIQ for this purpose. Our contributions include
the domain characterization in comment moderation, the CommentIQ system, and results
from an in-field evaluation featuring working journalists from major newspapers.

117

Chapter 6:

ConceptVector: Building a semantic axis

Here we propose a method to create a semantic axis by building a dictionary for
the custom concept and applying it to create a numeric representation of the text for the
concept.
Central to many text analysis methods is the notion of a concept: a set of semantically related keywords characterizing a specific object, phenomenon, or theme. Advances
in word embedding allow building a concept from a small set of seed terms. However,
naive application of such techniques may result in false positive errors because of the polysemy of natural language. To mitigate this problem, we present a visual analytics system
called ConceptVector that guides a user in building such concepts and then using them to
analyze documents. Document-analysis case studies with real-world datasets demonstrate
the fine-grained analysis provided by ConceptVector. To support the elaborate modeling
of concepts, we introduce a bipolar concept model and support for specifying irrelevant
words. We validate the interactive lexicon building interface by a user study and expert reviews. Quantitative evaluation shows that the bipolar lexicon generated with our methods
is comparable to human-generated ones.
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6.1

Introduction
We live in a society that routinely produces more textual data on a daily basis than

can be comfortably viewed—let alone analyzed—by a single person in virtually any given
domain: finance, journalism, medicine, politics, and business, to name just a few examples. As a result, automatic text analysis methods, such as sentiment analysis, document summarization, and probabilistic topic modeling, are becoming increasingly important [121]. Central in virtually all such methods is the focus on textual concepts, defined
as a set of semantically related keywords describing a specific object, phenomenon, or
theme.1 The benefit of this unified view is that concepts can be created once and then be
shared and reused many times. However, constructing high-quality concepts for the purpose of classifying and organizing document collections is a challenging task that cannot
be easily automated.
Motivated by this challenge, we present a visual analytics system called C ON CEPT V ECTOR

that guides users in interactively building such textual concepts in a highly

efficient and flexible manner and then applying them to document corpora. The ConceptVector model includes both unipolar (e.g., crude oil, immigration, genetics) and
bipolar concepts (e.g., positive or negative reviews, liberal versus conservative politics,
Trekkie versus Star War fans, etc). Furthermore, the model lets users select specific keywords to be irrelevant to their concept, which will further improve the quality of the concept. Finally, concepts created in this manner can then be applied to a document corpus
1 More

formally, a textual concept is a set of keywords associated with the degree of their corresponding

relevance to the concept.
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to analyze its characteristics, such as analyzing product reviews based on sentiment, blog
posts based on political affiliation, or trade articles based on business sector. We demonstrate this technique with a web-based text analysis system for analyzing comments for
the New York Times articles available at http://conceptvector.org.
To our knowledge, the ConceptVector system is one of the first visual analytics systems applying the state-of-the-art word embedding techniques [122], which made recent
breakthroughs in many tasks in traditional natural language processing and text mining,
to practically useful applications in a user-driven interactive environment. The specific
contributions of our work include the following:
• The novel ranking algorithm that generates a concept relevance score given a userspecified set of seed words;
• A visual interface where users can interactively generate, refine, and share specifications for custom concepts, and then use these concepts to analyze document
corpora;
• Results from quantitative experiments showing that our algorithm can generate
rankings of words that are highly correlated with human-generated ones;
• Results from a user study evaluating the performance of participants generating
concepts using our visual interface compared to using WordNet or a simple thesaurus; and
• A visual analytics system called C ONCEPT V ECTOR that demonstrates our novel
process of text analysis in the domain of comments analysis in news articles.
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6.2

Related Work
Numerous previous studies have attempted to scale up human capability to make

sense of a text corpora. ConceptVector is a visual analytics system that uses word-level
semantics using a lexicon for concepts. In this section, we discuss current research related to our work from three perspectives: (1) manual approaches for constructing word
relationships and hierarchies, (2) automatic word-embedding approaches, and (3) visual
analytics approaches for word-level content analysis.

6.2.1

Building Word Relationships and Hierarchies
Manually building a lexicon with coherent semantics has long been an active area

of research. LIWC [123] is an example of a manually built lexicon that characterizes
various concepts. The General Inquirer2 is a comparable line of research that builds lexica
in diverse concepts. Beyond building a lexicon for a particular purpose, researchers have
also developed sophisticated structures that store relationships and hierarchies of words.
Unlike these methods, which rely on a small number of experts to compose a lexicon, the Hedonometer project [124] employed crowdsourcing to build a lexicon for sentiment ranking. One benefit of this approach is its large-sized lexicon, containing the
ranked list of 7,000 words in terms of the degree of happiness.
Although these manually built databases, which store relationships and hierarchies
of words, provide high-quality information for various natural language understanding
and text analysis tasks, the main problem is the significant human effort needed to create
2 http://www.wjh.harvard.edu/

~inquirer/
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and validate them. This makes it difficult for users to efficiently create a lexicon for
their own purpose. Because of this high cost, only a limited number of widely applicable
concepts can be built, and building a domain-specific custom lexicon has not been wellsupported. This has motivated a slew of automatic methods to craft a lexicon of custom
concepts.

6.2.2

Word Embedding
Word embedding computes semantically meaningful vector representations of words

in a high-dimensional space. Compared to traditional methods of representing a word as
a vector, such as the bag-of-words representation [125] or latent semantic indexing [126],
recent word embedding methods such as word2vec [122] and GloVe [127] have two noteworthy advantages in terms of high-level semantics: meaningful nearest neighbors and
linear substructures [127]. Regarding the first, these techniques satisfactorily capture semantically related words as the nearest neighbors of a particular word in a vector space.
As for linear substructures, the vector obtained by subtracting two words in a vector space
often yields semantics that contrast the words. For instance, if we subtract a word vector
‘queen’ from ‘king’ and then add ‘girl,’ the resulting vector corresponds to ‘boy.’ This
stems from the fact that the vector from ‘king’ to ‘queen’ and from ‘boy’ to ‘girl’ are
similar, commonly representing the notion of gender (from male to female).
Since such word embedding techniques have shown their advantages in numerous
tasks in natural language processing and information retrieval, advanced word embedding techniques have recently been actively studied. Ling et al. proposed the use of mul-
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tidimensional transformation matrices to flexibly capture different semantics of a single
word [128] leading to better representations for part-of-speech tagging tasks. Similarly,
assigning more weight to a particular word than other words in a sentence produced better
word embeddings by extending the continuous bag-of-words model [129]. The weights
are computed by an attention model, yielding better performance than neural network
models [130]. Tian et al. integrated an expectation-maximization (EM) algorithm with
the continuous skip-gram model to handle the polysemy problem [131]. For example, the
word ‘bank’ can have multiple vector representations corresponding to ‘a place related
to money’ and ‘a place where water runs,’ respectively. Besides transforming word-level
embeddings, several efforts extended this technique to document-level embeddings that
yielded good performance in information retrieval tasks [132, 133]. Other notable recent
studies applied the technique to machine translation [134, 135]. Additionally, the skipgram idea of word2vec has been applied in generating the embeddings of entities in other
domains, e.g., bibliographic items in scientific literature [136] and nodes in network analysis [137]. Finally, and most relevant to this work, Fast et al. [138] showed that word
embedding can be used to expedite lexicon-building so that users can easily create their
own concepts.

6.2.3

Word-Level Content Analysis
The use of a coherent set of keywords for characterizing a particular concept has

wide applicability in various document analysis tasks. For instance, the problem of sentiment analysis has been tackled by identifying a set of keywords expressing the positive (or
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the negative) sentiment, possibly with different degree values, and this is also known as
a lexicon-based sentiment analysis [139, 140]. In topic modeling, such as latent Dirichlet
allocation (LDA) [50], a topic represents a set of semantically related keywords found in
a document corpus, e.g., sports- or science-related topics, generated from a large amount
of news articles. Recent studies by Kim et. al [141, 142] are particularly notable because
they introduced a continuous embedding space similar to concepts as considered in this
paper, although they only covered emotion-related concepts.
Topic modeling has also been actively employed in visual analytics approaches for
document analysis. TIARA [143] is one of the first systems that integrated LDA with
interactive visualization. This system visualizes the topical changes of documents over
time in a streamgraph view reminiscent of ThemeRiver [84]. Other studies, such as ParallelTopics [144] and TextFlow [145], also focused on visualizing topical changes over
time in document data by using different visualization techniques, such as parallel coordinates and custom glyphs, respectively. In most of these studies, the key information
for understanding the visualized topics is a set of dominant keywords associated with
each topic. However, the number of topics can be as large as several hundreds or thousands [146]. This makes manual interpretation of topic characterization or topic labeling
a main bottleneck for the topic modeling. To facilitate this task, Termite [147] provides
an interactive visualization with which a user can explore topics in terms of their dominant keywords, as well as the overlapping patterns of keywords among different topics.
In addition, various interactive capabilities that can steer the topic modeling process in
a user-driven manner have been studied. iVisClustering [148] allows a user to perform
a user-driven topic modeling process by interactively constructing topic hierarchies and
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changing keyword weights of a topic. Chang et al. introduced a interactive clustering system based on knowledge-graph embeddings [149]. More recently, non-negative matrix
factorization [150] has been proposed as an alternative topic modeling method that can
flexibly support user needs such as splitting and merging topics, creating a new topic via
particular keywords, and supporting user-driven topic discovery [151].
Our ConceptVector work in this study has much in common with topic modeling: both try to summarize documents, and both express words and documents as highdimensional vectors. However, they differ in whether humans or the document corpus
itself drive the latent semantics behind each dimension. Topic modeling, therefore, is
better-suited for finding hidden underlying topic clusters, while ConceptVector provides
better interpretability and transferability. In this sense, topic modeling and ConceptVector
are complementary.
Lexicon-based document analysis has also been applied in various application domains. For instance, Kwon et al. [152] used a manually built lexicon to identify online
health community postings that share personal medical experiences. In most of these previous studies, document analysis relied on lexicons of properly chosen words that were
created for a specific purpose. The ConceptVector system aims to help users easily create
such lexicons.
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6.3

Motivation: Concept-Based Document Analysis
Here we describe two real-world examples where concept-based document analysis

was performed by using Empath and Jupyter Notebook.3 First, we show how concepts
can reveal the underlying differences in two document sets, such as tweets from Hillary
Clinton and from Donald Trump, highlighting the importance of integrating the lexiconbuilding process with its refinement during the document analysis. Second, we demonstrate how NASDAQ 100 companies can be clustered using the differences in concepts
and how each cluster can be interpreted using tweets mentioning them.

6.3.1

Tweets by U.S. 2016 Presidential Candidates
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Figure 6.1: Comparison of tweet messages from Hillary Clinton and from Donald Trump
during the U.S. 2016 presidential election. The odd ratios of the top 10 categories show
differences between the two candidates in (a). The analysis on actual keywords contributing to their corresponding category scores reveals limitations of using the prebuilt lexicon
in (b). Red dotted categories do not make sense, because an irrelevant top word is counted
dominantly. For example, keywords such as ‘bush’ in the ‘plant’ category and ‘looking’
in the ‘hipster’ category are not relevant to their categories.
3 http://conceptvector.org/#/twitter
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Empath [138] provides prebuilt lexica of various concepts that can be used to compare two document groups. Using these 194 prebuilt concepts provided by Empath, we
analyzed two sets of tweets composed by Hillary Clinton and Donald Trump4 respectively, each of which contains about 3,000 tweets. Figure 6.1(a) shows the top ten categories statistically significantly different from each other (p < .01). For example, Trump
mentioned more terms in the ‘ugliness’ (13.9 odds), ‘swearing terms’ (6.7 odds), and
‘surprise’ (5.8 odds) categories, whereas Hillary used more in the ‘sexual’ (4.97 odds),
‘eating’ (4.6 odds), and ‘home’ (4.2 odds) categories. Interestingly, Trump used more
casual language while Hillary’s tweets contained words related to ‘anger’ and ‘disgust.’5
However, further examination reveals numerous false positives. Figure 6.1(b) shows
the most dominant keywords corresponding to each concept. While some keywords make
sense, e.g., ‘wow’ in the ‘surprise’ category, less meaningful words exist in other categories. For example, Trump was shown to talk more about the ‘plant’ concept because
of the term ‘bush,’ which in fact indicates Jeff Bush. ‘crooked’ in the ‘ugliness’ concept
means ‘deformed’, whereas Trump is using it in his catchphrase ‘Crooked Hilary’ to mean
‘not straightforward; dishonest.’ Besides, another strong concept ‘hipster’ emerged because of the use of the term ‘looking,’ while ‘swearing terms’ emerged because of the use
of ‘bad.’ In Hillary’s case, the ‘sexual’ concept appeared owing to the use of ‘violence,’
which did not make much sense. After removing these words from the corresponding
concepts, these concepts no longer show significant differences between the two.
4
5

https://www.kaggle.com/benhamner/clinton-trump-tweets
http://graphics.wsj.com/clinton-trump-twitter/
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6.3.2

Tweets from NASDAQ 100 Companies
Concepts can be also used to extract meaningful features from documents. Given

tweets about NASDAQ 100 companies,6 our goal in this work was to find meaningful
clusters and their distinct characteristics by using concepts as features. That is, for a set
of tweets belonging to each company, we obtained its 194-dimensional feature vector by
computing the occurrence count of words contained in each of the 194 prebuilt concepts.
Afterwards, we performed k-means clustering and 2D embedding via principal component analysis (PCA) [153].
The results (Figure 6.2(a)) reveal that words from the company name affect the
results, e.g., ‘cooking’ and ‘restaurant’ categories for Dish Network Corporation. Companies containing ‘technology’ in their names form a cluster because of similar reasons.
After removing these words from the lexicon of the corresponding concept and recomputing feature vectors, the clustering results are shown to be more reasonable (Figure 6.2(b)).
For example, Marriott and TripAdvisor form a single cluster owing to the high frequency
of words in ‘tourism,’ ‘warmth,’ ‘sleep,’ and ‘vacation’ mainly because of the use of the
words ‘hotel’ and ‘hot.’ Companies with their tweets containing negative sentiments such
as ‘ridicules,’ ‘neglect,’ ‘kill,’ or ‘hate’ are clustered together.
This example shows that document analysis using concepts as a feature extractor is
useful, but that existing systems such as Empath lack the integrated support for concept
construction and refinement, as well as interactive concept-based analysis itself.
6 http://www.followthehashtag.com/datasets/nasdaq-100-companies-free-twitter-dataset/
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Marriott and TripAdvisor
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Figure 6.2: PCA 2D projection of NASDAQ 100 companies with their k-means clustering
labels color-coded, where the feature vector of each company is computed from its tweets’
word count in each of 194 concepts. The clustering using the prebuilt lexica shows some
outliers (a), where further investigation of contributing words shows that the company
name itself acts trivially as strong signals, such as ‘dish’ in Dish Network Corporation.
Another cluster is shown to be formed because of the common word ‘technology’ in
their names. After excluding them in the initial lexicon, more meaningful clusters are
revealed. For example, Marriott and TripAdvisor form a cluster because of words in
‘tourism,’ ‘vacation,’ and ‘sleep’ concepts (olive green with a black border). Companies
with negative sentiments such as ‘ridicules,’ ‘neglect,’ ‘kill,’ and ‘hate’ were also clustered
together (bright red dots with red border).

6.4

ConceptVector in Action
To address the limitations of using prebuilt lexica, ConceptVector aims at facili-

tating user-driven concept building as well as the subsequent concept-based document
analysis in a seamless manner.
While the previous examples started with prebuilt lexica, we now present how ConceptVector can be used to build custom concepts in the task of journalistic curation of
user comments on online news. Moderation of online comments can follow various approaches, and often includes mechanisms to remove uncivil, profane, or otherwise inflammatory comments. That is, however, not our focus here; instead we consider the approach
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Figure 6.3: Distribution of comments across the ‘tidal flooding’ (X-axis) and the ‘economy’ (Y-axis) concepts. A comment that has scored relatively high on both concepts is
selected (orange box). The content of the corresponding comment within this dataset is
shown.
championed by the New York Times, in which editorially interesting and insightful comments are selected and highlighted on the site as “NYT Picks” comments. Below we
present a scenario showing how an expert community moderator from an organization
such as the New York Times could leverage the capabilities of ConceptVector to define
and deploy those concepts useful for finding and selecting “NYT Picks” comments.
It is helpful to understand the general editorial attitude and approach—the persona—
of an online news moderator. Prior research has enumerated several dimensions of editorial interest for finding high-quality comments including factors such as comment relevance, argument quality, novelty, and personal experience [91]. Importantly, different
articles or subcommunities on a site demand different approaches to moderation and the
application of different editorial criteria [13]. Diversity is a dimension of utmost importance to comment moderators; it is a difficult task to select high-quality comments that
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also reflect the diversity of voices available in a comment stream. ConceptVector is wellsuited to enabling such diverse selection because of its capabilities to allow moderators
to develop content-specific or even article-specific concepts to apply to different contexts,
and to see how comments are scored when applying that concept.
Let us follow Laurie, a hypothetical comment moderator at the New York Times
who is trying to moderate comments on several different articles. Her task is to pinpoint
diverse but representative comments to highlight on the site as “NYT Picks.”
The article she is examining is entitled “Seas Are Rising at Fastest Rate in Last
28 Centuries,” which has over 1,200 comments when she logs on.7 She is really not
looking forward to moderating the comments for this article, because an article like this
always brings out the global warming skeptics who can cause quite a ruckus. The article
is specifically about the idea of ‘tidal flooding,’ i.e., the notion that coastal areas will be
flooded more often as sea levels rise. Using ConceptVector, she first wants to develop
a tightly defined concept on this specific idea of ‘tidal flooding’ so that she can find
comments maximally relevant to the article.
Laurie creates a unipolar concept for ‘tidal flooding’ by typing in its relevant keywords, starting with the words ‘tidal’ and ‘flooding.’ She then sees related words as
recommendations in the scatterplot that help her flesh out the concept by adding related
terms such as ‘flood,’ ‘floods,’ ‘tide,’ and ‘tides,’ as shown in Figure 6.4.
She examines the clusters of other terms generated, and decides to avoid words
related to specific instances of tidal flooding, such as ‘katrina,’ or those associated with
7 http://www.nytimes.com/2016/02/23/science/sea-level-rise-global-warming-climate-change.
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Figure 6.4: ConceptVector supports interactive construction of lexicon-based concepts.
Here the user creates a new unipolar concept (1) by adding initial keywords related to
‘tidal flooding’ (2). The system recommends related words along with their semantic
groupings (3), also shown in a scatterplot (4), revealing word- and cluster-level relationships. Irrelevant words can be specified to improve recommendation quality (5). Concepts
(9) can then be used to rank document corpora (10). Document scores can be visualized
in a scatterplot based on concepts such as ‘tidal flooding’ and ‘money’ (7). Users can
further refine concepts based on results (8).
storms and hurricanes, such as ‘storm,’ ‘raging,’ or ‘swell.’ She wants to keep this a
general-purpose concept. Moving on to the second phase, she applies the concept to the
comments on the article and immediately notices other key terms, e.g., ‘storm,’ highlighted as yellow in the retrieved comments. She then adds them to the relevant keyword
set of the concept using the integrated concept editor.
Based on her understanding of media framing, Laurie knows that people often discuss complex issues in terms of specific frames relating to definitions, causal interpretations, moral evaluations, and solutions [154], as well as using topical perspectives like
economic, political, or scientific. She decides to find a comment to highlight that deals
with tidal flooding from the perspective of economic implications. Similar to how she de132

veloped the unipolar concept for ‘tidal flooding,’ she develops another unipolar concept
relating to economic implications. She starts with ‘economic,’ and the scatterplot of recommended words leads her to add related terms such as ‘economy’ and ‘economies,’ as
well as some of the negative implications that she wants to include, such as ‘crisis,’ ‘impact,’ ‘turmoil,’ and ‘instability.’ Her economic concept is thus tuned towards negative
economic impacts that could arise.
To apply a combinations of these two concepts, Laurie checks the distribution showing all comments plotted against the relevance scores to each of the two concepts (Figure 6.3). Here she maps the ‘tidal flooding’ concept on the x-axis and the ‘economy’
concept on the y-axis. She then brushes on the scatterplot to find comments containing
both concepts, and these comments are filtered into the ranked list. She finds an insightful
comment she likes that perfectly combines the two concepts, discussing coastal flooding
in terms of impacts to the economy as exposed through the insurance industry. She marks
the comment as a “NYT Pick” and it gets highlighted on the site.
She then begins to read those comments with high scores from the top of the list and
quickly finds an insightful one indicating that some of the coastal flooding in Virginia has
actually been shown to be a result of subsidence of land. Laurie thinks that highlighting
this will deepen the discussion online by pointing out the diverse factors that society needs
to grapple with as it confronts global warming. Therefore, she marks this comment as an
“NYT Pick” as well.
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6.5

The ConceptVector System
Motivated by the limitations of using prebuilt lexica for concept-based document

analysis, we designed ConceptVector as a visual analytics system that tightly integrates
concept building and refinement with direct support for concept-based document analysis.
In detail, our design rationale behind ConceptVector is as follows:
D1 Supporting diverse user needs in concept building. Users may have diverse
meanings in mind for defining their concepts. Thus, users should be able to construct the lexicon of a concept from scratch and/or refine a prebuilt one to suit to
their exact requirements.
D2 Supporting integrated analysis of iterative lexicon refinement and conceptbased document analysis. As seen from our motivational examples (Section 6.3),
even carefully curated lexica need to be adjusted depending on a document corpus.
Thus, the concept-based document analytics system should provide interactive refinement capabilities of a lexicon as well as dynamic document analysis based on
the updated lexicon.
D3 Revealing lexicon word context in documents. The system should allow users
to understand how the words in a lexicon are used in documents in terms of their
context.
In this section, we explain how our front-end interfaces and the back-end computational modules support these tasks, and associate each component with design guidelines.
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6.5.1

Front-end Visual Interface
Based on our design rationale, the text analytics process in ConceptVector is com-

posed of two iterative processes: concept building and document analysis (Figure 6.5).
We introduce the two views that allow the user to interactively build concepts and analyze documents.

Figure 6.5: ConceptVector includes both human-guided and automatic steps. Green
blocks represent human steps and orange blocks represent automatic steps. The process
includes two iterative loops: an initial construction loop where users manually add new or
recommended words to the concept until the quality is acceptable, and a refinement loop
where users modify the concept based on scoring a document collection using the model.

6.5.1.1

Concept Building View

As shown in the left pane of Figure 6.5, the concept building process allows a user
to interactively build the keyword sets describing a user’s intended concept. Figure 6.4
shows a screenshot of our front-end interface that was taken during this process when the
user was building the ‘tidal flooding’ concept.
We define two types of concepts: bipolar and unipolar. Bipolar concepts have two
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nontrivial polarities, e.g., positive vs. negative sentiments, happiness vs. unhappiness,
etc., while unipolar concepts have a single polarity, e.g., work-related (or not), biologyrelated (or not), etc. To support both concept types, ConceptVector models a particular
concept using three different sets of keywords: positive, negative, and irrelevant (D1). In
the case of unipolar concepts, the positive keyword set contains those keywords relevant to
a concept of interest, while the negative set is an empty set. For both types, the irrelevant
keyword set includes the words marked explicitly as irrelevant by the user.
The user starts building a concept by adding seed keywords to describe the concept. ConceptVector then recommends keywords that are potentially relevant to the seed
keywords for each positive and negative keyword set, and performs k-means clustering,
where we set k as 5, based on their word embeddings. Keyword clusters are presented to
the user (Figure 6.4(3)), along with their 2D embedding view, computed by t-distributed
stochastic neighbor embedding (t-SNE) [58] (Figure 6.4(4)). Checking these recommendation results, the user can either expand the initial keyword set by (1) adding individual
words, (2) adding a keyword cluster of them, or (3) move words to the irrelevant set by
marking them as irrelevant (D1). This iterative concept building continues until the user
is satisfied with the constructed keyword set.
As relevant (or irrelevant) keywords often appear together in a single cluster, processing words at the cluster level makes the concept building process much more efficient
than without clustering (D1). For example, if a user enters ‘happy’ as the only keyword
for a concept, irrelevant words such as ‘everyone,’ ‘anyway,’ ‘yes,’ and ‘anymore’ are recommended as a single cluster, while semantically relevant words such as ‘glad,’ ‘good,’
and ‘thrilled’ form another cluster. When the semantic distinction among words is not
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clear, users can tag individual words in the cluster. The t-SNE embedding space has very
strong neighboring effects [122, 127], placing similar words closely to each other, and
hence the 2D embedding view shows the distribution among user-initiated keywords and
recommended ones. Users can enter/remove keywords in the t-SNE view as well (D1).

6.5.1.2

Concept-Based Document Analysis View

The concept-based document analysis view, shown in the right pane of Figure 6.4,
allows the user to analyze a document corpus with respect to the constructed concepts.
See Section 6.4 for a detailed description.
Given a single or multiple user-selected concepts, ConceptVector computes the relevance scores of documents for each concept and retrieves/ranks those documents with
high score values (Figure 6.4(10)), which would be meaningful to the user who created/selected the corresponding concept. To help the user understand why these documents have high scores, the significantly contributing keywords are highlighted in yellow
color (D3). Please note that our relevance scoring algorithm is not limited to the keywords
registered in the positive/negative/irrelevant sets, but that other keywords potentially relevant to the concepts are considered as well. We will describe the algorithm further in the
following section.
Additionally, ConceptVector provides two different views: a temporal view showing the concept strength over time, and a scatterplot showing the distribution of documents
according to the relevance scores for the two different concepts, e.g., ‘tidal flooding’ vs.
‘economy’ concepts (Figure 6.3). According to the Jänicke et. al., extraction, evolu-
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tion, and clustering are the three main tasks in visual text analysis [155]. The temporal
view supports the temporal tracking of the topic signal evolution, while the scatterplot
allows mapping/clustering documents in semantic space. Users can assign user-defined
concepts as axes of the scatterplot to explore the distribution of the semantic meaning of
documents (D2). Note here that we use a modified version of a scatterplot, where both
dimensions are binned and dots are scaled to fill the assigned space [156]. This improves
the visibility of outliers and densely overplotted areas. In these views, the user can brush
over a time axis or data items to filter data in the ranked retrieval results.
During the process, the user may add additional words to the relevant and the irrelevant keyword sets of the concept (D2). For example, when applying the ‘tidal flooding’
concept shown in Figure 6.4 to a document corpus, the word ‘disaster’ was highlighted
owing to its high relevance score to the concept. Since this word is not related to the ‘tidal
flooding’ concept, the user can add it to the irrelevant keyword set to revise the concept
and update the ranking of documents accordingly. This interaction allows in-situ concept
refinement.
Note that the two analysis tasks of concept building and document analysis are
not separate but tightly connected in ConceptVector, so that the user can fluidly switch
between concept building/refinement and document analysis based on concepts.

6.5.2

Back-end Relevance Scoring Model
ConceptVector is built upon the vector representations of words generated by word

embedding techniques such as word2vec [122] or GloVe [127]. In this step, the train-
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ing corpus for word embeddings could be a generic one such as Wikipedia articles or a
corpus within a particular domain, so that the trained vectors can better reflect the semantics of the domain. ConceptVector currently adopts pretrained vector embedding using
Wikipedia articles by GloVe.8 ConceptVector represents a concept C as the three set of
keywords: the positive, the negative, and the irrelevant ones—L p , Ln , and Li , respectively.
Given a word or a document, ConceptVector computes its relevance scores to the concept,
based on the probability of a given word belonging to each of L p , Ln , and Li using a kernel
density estimation (KDE) method.
In detail, let us denote q as the vector representation of a query word, l as that of the
keyword contained in the keyword set L, where L can be one of L p , Ln , or Li . We define
the probability of q belonging to L as

p(q|L) =

1
∑ k (q, l) ,
|L| x∈L

(6.1)

where k (q, l) represents a kernel function computing the similarity value between the two
word vectors q and l. That is, Eq. (6.1) computes the average similarity values between
q and each word l contained in a particular keyword set L. The reason for using a kernel
function instead of a simple similarity measure such as cosine similarity is because this
provides not only a user-controllable, flexible similarity measure but also a principled
probabilistic framework of incorporating multiple similarities of q with L p , Ln , and Li , as
will be described later.
The choice of the kernel function k (q, l) can vary, but in ConceptVector, we adopted
8 http://nlp.stanford.edu/projects/glove/
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a Gaussian kernel defined as
kq − lk22
k (q, l) = √
exp −
σ2
2πσ 2
1

!
,

where σ 2 is the bandwidth parameter that determines how quickly the similarity decreases
as the L2 distance increases. A small bandwidth value gives a high similarity only on the
words exactly contained in L, which is suitable when L contains many words and a user
does not want to consider other words outside L as relevant to the concept. A large
bandwidth, on the other hand, will consider many of the outside words as relevant to L,
which is useful when a user wants to define the concept in a broad and flexible manner,
not just limited to those words contained in L.
Viewing p(q|L), which is computed by Eq. (6.1), as the likelihood in a Bayesian
context, we can define the prior probability p(L) and the posterior probability p(L|q),
respectively, as
p(L) =
p(L|q) =

|L|
, and
L p + |Ln | + |Li |

p(L) · p(q|L)
.
p(L p ) · p(q|L p ) + p(Ln ) · p(q|Ln ) + p(Li ) · p(q|Li )

Using these, the final relevance score r (q, C) of a query word q to the concept C is computed as
r (q, C) = (1 − p (L = Li |q)) · (p(L p ) · p(q|L p ) − p(Ln ) · p(q|Ln ))
Basically, r (q, C) computes the differences between the joint probabilities p(q, L p ) and
p(q, Ln ), ranging between −1 and +1, and furthermore, as p (L = Li |q) increases, r (q, C)
becomes close to zero, indicating irrelevance to the concept.
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In the case of a unipolar concept, the relevance score is computed in the exact
same manner by setting Ln = 0.
/ These bipolar scores and unipolar scores are used for
recommendation of relevant words.
Finally, the relevance score of a document to a particular concept is computed by
simply taking the average relevance score among all the words contained in a document.

6.5.3

Implementation Details
ConceptVector was implemented as a web-based application using D3 and Angu-

larJS. We employed the New York Times online article comments as our corpus; naturally,
the approach can be applied to any document corpus. We selected articles with more than
300 comments from the most popular articles during the period August to September
2016. Articles and comments were collected using the NYT API.9
The back-end computational modules were implemented using Python with the
Flask framework.10 The key computation shown in Eq. (6.1) for recommending relevant
words requires computing the one-to-all distances for all words in the current keyword
set (either positive, negative, or irrelevant). Computing a single one-to-all distance repeatedly due to frequent user interaction may slow down the overall process. We instead
compute the one-to-all distance incrementally with a cache that contains recently computed pairs. This is possible because the user incrementally adds a single word at a time
to the keyword set. To this end, a least recently used cache of size 10,000 word pairs was
employed, resulting in a speed-up of efficient user interactions.
9 http://developer.nytimes.com/
10 http://flask.pocoo.org/
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6.5.4

Quantitative Evaluation of Bipolar Concepts
We validate the bipolar concept model supported by ConceptVector to address the

following two questions:(1) Does our proposed approach generate relevance scores comparable to human judgments? and (2) How many input words are required to properly
model concepts? To answer these questions, we conducted a quantitative analysis.

6.5.4.1

Experiment Setup

Validation of a lexicon requires ground truth. For unipolar concepts, the prior work
from Fast et al. compared the result with “golden standard dictionaries” such as LIWC
and GI [138]. While many lexica for unipolar concepts have been developed, bipolar
lexica are rare. In this study, we adopted a keyword database available from the Hedonometer project11 [124]. This database contains a ranked list of 10,200 keywords in
terms of their relevance to the concept of ‘happiness,’ where the ranking was determined
by crowdsourcing. The word ranking begins with the happiest word and ends with the
saddest word. From this database, we selected 9,600 words from the intersection of the
Hedonometer ranking and the vocabulary set from the Wikipedia corpus12 used to train
our word embedding model. From the Wikipedia corpus, we removed 71,697 documents
that no longer exist, and used the resulting 171,729 articles. We then removed the words
containing nonalphanumerical characters as well as those appearing less than ten times in
the entire document corpus, resulting in 142,275 keywords in total.
11 http://hedonometer.org/
12 https://cs.fit.edu/

~mmahoney/compression/textdata.html
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The goal of our experiments was basically to evaluate how well the ranking of
words computed by our back-end algorithm matches with the ground truth ranking, given
a subset of top and bottom k words as positive and negative sets, respectively, to form a
concept. As the methods to generate word vector representations, we used two different
word embedding techniques—word2vec [122] and GloVe [127]—as well as a baseline
method, latent semantic indexing (LSI) [126]. Additionally, in each vector space, we
compared our KDE-based algorithm against logistic regression for computing the wordto-concept relevance score and the associated word ranking. As an evaluation measure,
we computed Spearman’s rank correlation coefficient between the ranking of the ground
truth and that from each different case.

6.5.4.2

Comparison Results

Figure 6.6 shows the Spearman’s rank correlation coefficients obtained for various
word embedding and relevance scoring methods by varying the value of k in the top k
and the bottom k keywords used to train each model. In general, given a small number of
input keywords less than 200, the algorithm was shown to generate a reasonably good rank
correlation of more than 0.4. In addition, as we increase k, the rank correlation increases
in all cases, indicating that more information helps the model learn the intended concept
(happiness in this case). Between the two word embedding methods and LSI, the former
showed a rapidly increasing performance even with a small number, e.g., around 100, of
keywords necessary for training. Between our KDE-based scoring method and logistic
regression, the former outperformed the latter method when the size of the keyword set is
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Figure 6.6: Spearman’s rank correlation coefficient results with respect to the number
of keywords used for training. KDE stands for kernel density estimation, LogiReg for
logistic regression, W2V for word2vec [122], LSI for latent semantic indexing, and GloVe
for GloVe [127].
sufficient, e.g., more than 300. Furthermore, the performance of our KDE-based method
consistently increases by a large margin compared to competing methods.
Among different word embedding techniques, the GloVe model followed by the
KDE-based method achieved the best rank correlation performance of around 0.8. Word2vec
performed relatively well, but it was inferior to GloVe in our task. On the other hand, traditional methods such as LSI do not perform well in this task, showing a rank correlation
of 0.45 even with large k values. Finally, the overall performance gain due to the increase
of the embedding dimensions was not significant.
Our experiment involves only bipolar concepts (no unipolar ones), and we did not
examine the effect of an irrelevant keyword set. In this case, logistic regression may not
be applicable at all. In addition, we found that the ground truth ranking is not always correct, especially among the mid-ranked unclear words. However, the results presented here
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highlight the potential superiority of our proposed KDE-based scoring approach combined with GloVe, and in the next section, we present results from an expert review to
show the effectiveness of the system when used in practice.

6.6

Evaluation
Visual analytics systems comprise many interconnected components, and this com-

plicates their overall evaluation. Here we separate the visual interface and the back-end
computation and evaluate them individually with a user study and a quantitative evaluation, respectively. For the front-end, we focus on the effectiveness of the conceptbuilding view because document analysis requires analysts with domain knowledge and
is subjective to inter-analyst differences. For the back-end, we validate the effectiveness
of supporting the process of building bipolar concepts. Although we did not evaluate a
unipolar case, we generally expect the same level of effectiveness since the process of
building unipolar concepts is similar yet simpler than the process of building bipolar concepts. Finally, we also include results from an expert review comparing ConceptVector to
Empath [138] to show ConceptVector’s performance in relation to the state of the art.

6.6.1

Evaluation of Concept Building
We conducted a user study to evaluate how users generate lexica with ConceptVec-

tor compared to WordNet [157]13 and Thesaurus.com14 as baselines. WordNet is known
for its large-scale lexical database, and Thesaurus.com is an online thesaurus containing
13 http://wordnetweb.princeton.edu/perl/webwn
14 http://www.thesaurus.com/
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Table 6.1: Precision, recall, and average number of keywords per concept for three methods constructing user-defined concepts. The values in parentheses indicate the standard
deviation. See Section 6.6.1.2 for details.
Metrics

ConceptVector Thesaurus

Precision

Recall

Mean word count

WordNet

0.6363

0.3099

0.3794

(0.1701)

(0.3773)

(0.3637)

0.0789

0.0333

0.0275

(0.0308)

(0.0385)

(0.0242)

15.6667

13.8000

8.2667

(7.4536)

(6.0685)

F value

Pr > F

5.22 [2, 40]

0.0096

5.25 [2, 40]

0.0094

5.40 [2, 40]

0.0084

(3.3360)

exhaustive synonyms and antonyms for the English language. We employed the following
performance metrics: (i) the completion time for building concepts, and (ii) the quality of
the resulting concepts.

6.6.1.1

Methodology

We recruited 15 graduate students (1 female and 14 males) majoring in computer
science to participate in the study. All participants reported high computer skills.
Each study session lasted 15–25 minutes and involved three systems: ConceptVector, WordNet, and Thesaurus.com. Before starting the session, a test administrator briefly
explained how to use the systems and allowed the participant to spend enough time to
familiarize themselves. Participants were then asked to build a lexicon for three concepts:
‘family,’ ‘body,’ and ‘money,’ which we selected as relatively neutral and easily compre146

hensible by all participants. Each participant was randomly assigned to a system for each
concept so that at the end of the study they had used all three conditions. Each conceptbuilding task was capped at three minutes. All three systems, including ConceptVector,
were accessed by their official websites. We recorded both the lexicon each participant
created as well as the number of keywords in it as a dependent variable.
As the ground truth lexicon for each concept, we selected three dictionaries from
Linguistic Inquiry and Word Count (LIWC) 2007 [123]. The ground truth lexicon sizes
of the three concepts are 65 words for ‘family,’ 180 for ‘body,’ and 173 for‘money.’ We
adopted widely used information retrieval evaluation metrics, precision and recall, where
precision is the fraction of correct answers over the total number of answers given, and
recall is the fraction of retrieved correct answers out of all correct ones. The null hypothesis assumes that the difference of methods does not affect the precision, recall, or average
number of words in the resulting lexicon.

6.6.1.2

Results

Table 6.1 shows precision, recall, and average total words generated for the three
methods. ConceptVector achieved the highest scores in all three metrics, indicating
that the user-created lexicon using ConceptVector is the most accurate and most timeefficient. We further analyzed the effect of employing ConceptVector using mixed linear
model analysis, where the fixed effect is the choice of methods (ConceptVector, WordNet,
and Thesaurus.com) and the random effect is the choice of specific concepts (’family,’
’money,’ and ’body’).
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Figure 6.7 shows boxplots for precision, recall, and total words generated. We used
a pairwise Tukey HSD method to test statistical significance between different methods. There was a significant performance boost of employing ConceptVector on recall
(F(2, 40) = 5.25, p = .0094). Pairwise Tukey HSD between ConceptVector and the other
methods showed significant differences (p < .05). There was also a significant main effect for technique T on precision (F(2, 40) = 5.22, p = .0096). Pairwise comparisons
with a Tukey HSD showed significant differences (p < .05) between ConceptVector and
Thesaurus.com. Finally, there was a significant main effect for technique T on the number of total words generated (F(2, 40) = 5.40, p = .0084). Pairwise comparisons with a
Tukey HSD showed significant differences (p < .05) for ConceptVector and WordNet.
Recall rates in all three systems are relatively low compared to the high precision
rates. This is mainly because the size of the ground truth lexicon is much larger than the
average size of the lexicon a person can create within a short period of time (three minutes
in our case). As seen in Table 6.1, the average size of the created lexicon was around 8 to
15 depending on the system.
Since the current experimental design does not consider polysemy or subtle nuance
differences, this experiment could be improved further by employing more sophisticated
ground truth data instead of the current ones obtained from LIWC. For example, the ‘family’ concept may diverge in terms of its subtler meanings to different people. On the one
hand, it may correspond mainly to the members of a family such as ‘mother,’ ‘grandfather,’ and ‘son.’ On the other hand, it may correspond to emotional words such as ‘love,’
‘rest,’ and ‘nursing.’ Since our ground truth lexicon from LIWC was mostly composed of
the keywords from the first case, the user-generated keywords from the second case were
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Figure 6.7: Boxplots comparing the three methods in terms of precision, recall, and the
size of resulting lexicon. ConceptVector shows the best result.
treated as false positive words. We expect that ConceptVector will perform better if we
find ground truth data that enable us to measure these richer relations, and this will be one
of our future directions. Furthermore, regardless of which type of concept a user had in
mind, ConceptVector properly supported the concept-building process by recommending
suitable keywords for different cases. This indicates the flexibility and the affordance that
ConceptVector offers compared to other, more rigid, systems.

6.6.2

Expert Review
To evaluate the visual interface of ConceptVector in depth, we engaged two experts,

one in text analytics (P1) and one in visual analytics (P2), to provide qualitative feedback
on ConceptVector compared to the Empath system. Both were postdoctoral researchers,
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the former of which conducts research on social networks, crisis analytics, and credibility
in social media, while the latter studies the healthcare domain that frequently involves
text mining and visualization (e.g., electronic medical records). We began with a 15minute tutorial introducing our system and Empath. Afterwards, the experts built their
own custom concepts using both systems. Those concepts were used in the analysis of
New York Times comments. During the process, we gathered the feedback on both the
model and the visual interface of the system. The online version of Empath was used as
a reference.15
Both P1 and P2 agreed that the recommended keywords given by ConceptVector,
which are shown in a semantically meaningful grouping in a scatterplot, were easier to
grasp than the simple list given by Empath. The scatterplot helped them digest the generated words by providing a high-level overview (P2) or chunking the words into semantically homogeneous groups (P1). It was especially useful in the early stage of concept
building, because irrelevant words formed a separate group in many cases, allowing the
user to spot them easily and mark them as irrelevant. The word clusters (Figure 6.4(3))
were good for reading words quickly (P2), and was used during most of the conceptbuilding process (P1). Furthermore, the t-SNE view (Figure 6.4(4)) provided an additional benefit of showing the similarities between words (P1) and the relationships between the input terms and the recommended terms (P2). For example, whether the input
words form tight clusters or not gives a visual clue as to whether the generated concept is
consistent (P1). At the same time, P1 noticed that an input term was actually an outlier
compared to other input terms forming a packed cluster. After examining this word, he
15 http://empath.stanford.edu/
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removed it because it had a very broad meaning and thus dilutes the clarity of the concept.
Both experts noted that the difference between the corpora used to train word embedding affects the concept quality. Empath used modern amateur fiction data, but ConceptVector used the Wikipedia dataset. For example, when P1 used ‘politics,’ ‘voting,’
and ‘elections’ as seed terms in Empath, the generated words contained several words
such as ‘shipping’ and ‘readers’ which did not really make sense. According to P1, Empath also generated more ‘high school’-related words. This does not necessarily mean
that one system is better but rather that using word embedding trained by a corpus suitable for target corpus to analyze is important. After building a concept about ‘grievance,’
P1 noted “The recommended words for the grievance concept is different from what I
saw on social media. That is, many legalese and lengthy words related to grievance
were recommended, but very unlikely to show up on social media.” P2 suggested using
ConceptVector as a tool to evaluate multiple versions of word embedding models during
iterative model development.
P1 and P2 both agreed that comparing Empath and ConceptVector is challenging,
because the main focus of Empath is not its user interface. P1 thought the visual interface
in ConceptVector was useful to explore the semantic space. Being able to look around
and select words that are not originally shown to him helped to expand the lexicon. P2
pointed out that the document analysis feature of Empath is more of a blackbox and felt
uncomfortable with trusting the result. For example, when analyzing the Wikipedia page
about ‘Ramen,’ the ‘friends’ category was ranked as the 6th, but it is not clear which
words in the friends category were counted.
P1 noted that the word-highlighting feature of ConceptVector allows for the easy
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spotting of false positives, but detecting false negatives is not currently supported. P2
appreciated the concept score scatterplot (Figure 6.4(7)) that showed the distribution of
comments with respect to custom concepts as axes. It revealed outliers and enabled filtering of comments based on semantic contents. After using ConceptVector, P2 said that
it could be useful to build a concept for drugs by adding related symptoms and using a
positive/negative sentiment as another axis to visualize the sentiment for a particular drug.
P2 also liked that the concept dictionary can be refined by trial and error.
P1 expressed concern about fundamental limitations of both systems. Both systems
use word embedding based on the assumption that word co-occurrence statistics reflect
semantic similarities, which might not be always true in real-world text analysis. P1
pointed out that while the color coding of words to highlight newly recommended words
is an improvement over Empath, it was still difficult to follow the word changes according
to the input terms. P2 liked the bipolar concepts feature because it helps in building more
sophisticated concepts. As an alternative design, P2 suggested showing the words interpolating positive and negative terms. Those interpolated words will reveal the validity of
a concept, as suggested in Axisketcher [158].

6.7

Discussion
ConceptVector is a novel approach for text analysis that falls somewhere between

sentiment analysis performed using manually constructed dictionaries, and topic modeling performed by automatic algorithms. This unique position brings new benefits as well
as limitations.
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In general, when achieving a particular analytic goal, an interesting tradeoff between quality and efficiency can be considered. That is, human efforts secure the quality
of the outcome, while automated approaches can significantly boost the efficiency of our
efforts. For concept building, purely manual approaches such as LIWC and Hedonometer can be viewed as extreme cases, where the task relies completely on human effort.
Thus, the resulting dictionary is of high quality, but it is achieved by an inefficient, costly
process without automation. On the other hand, purely automated approaches such as
topic modeling, which generate multiple sets of semantically coherent words, maximize
the efficiency of the task, but the quality of the outcome cannot be controlled by the user.
Human labor is still needed to interpret the results that such fully automatic approaches
generate.
In this sense, our approach in the ConceptVector system can be viewed as a balanced—
or hybrid—case, where both efficiency and interpretability are achieved via a synergetic
blending of both human efforts and automated machine computations. That is, our main
steps of adding and removing keywords to construct a particular concept are all confirmed
by humans, and in this manner, a high quality outcome is maintained. However, our
system significantly accelerates these human-guided processes by crucial automated approaches, including word recommendation based on word embedding, followed by word
grouping and visual presentation. Also, after users build a specification, this specification
is used to build the concept model, which calculates the relevance scores of all words
with this particular concept. In this respect, our system represents an illustrative example
for properly achieving human-machine collaborations. As it happens, this is also precisely in line with the visual analytics philosophy, where automatic algorithms and visual
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interfaces create synergies .

6.8

Conclusion and Future Work
Current text analytics methods are either based on manually crafted human-generated

dictionaries or require the user to interpret a complex, confusing, and sometimes nonsensical topic model generated by the computer. In this paper we proposed ConceptVector, a
novel text analytics system that takes an visual analytics approach to document analysis
by allowing the user to iteratively define concepts with the aid of automatic recommendations provided using word embeddings. The resulting concepts can be used for conceptbased document analysis, where each document is scored depending on how many words
related to these concepts it contains. We crystallized the generalizable lessons as design
guidelines about how visual analytics can help concept-based document analysis. We
compared our interface for generating lexica with existing databases and found that ConceptVector enabled users to generate concepts more effectively using the new system than
when using existing databases. We proposed an advanced model for concept generation
that can incorporate irrelevant words input and negative words input for bipolar concepts.
We also evaluated our model by comparing its performance with a crowdsourced dictionary for validity. Finally, we compared ConceptVector to Empath in an expert review.
The text analysis provided by ConceptVector enables several novel concept-based
document analysis, such as richer sentiment analysis than previous approaches, and such
capabilities can be useful for data journalism or social media analysis. There are many
limitations that ConceptVector does not solve. Among these, the selection/integration
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of multiple heterogeneous training data according to the target corpus and the automatic
disambiguation of multiple meanings of words according to the context are promising
avenues of future research.
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Chapter 7:

Conclusion

We will first summarize the interaction patterns from five design studies. Then,
the limitations of the visual analytics approach for open-ended tasks will be discussed.
Finally, we conclude with a plan for future work.

7.1

Summary of Projects
The five projects presented here were our efforts to improve the state of the art for

the visual analytics approach for open-ended tasks in text mining. While these projects
deal with specific target usage scenarios, it would be helpful if we can extract lessons
that can be applied to broader domains. These may overlap with many previous design
guidelines that existed before and that we have tried to cite in the preceding chapters.
Still, our restatement here might contribute supporting evidence for this pioneering work.
• Interactive Overview: A user characterizes document clusters interactively by assigning meaning to the locations via (1) using an existing attribute, (2) building a
new custom axis as a mixture of existing attributes, or (3) defining a semantic axis
using a dictionary of intended words and using it to layout the documents.
• Unit Visualization: Maintaining individual objects rather than aggregating them is
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helpful to enable unknown discovery.
• User Interaction as Additional Input to the Algorithm: A user provides additional parameters, such as a region of interest, that the algorithm can use to optimize
computation time and interpretation time.
• Collaboration by Sharing Contributions: A user creates and shares reusable byproducts of the analysis.
In the following subsections, each design pattern will be discussed.

7.1.1

Interactive Overview
Recommender systems are highly developed domains with many algorithms. While

these algorithms are capable of recommending one item to one user, they fail to provide
an overview of the user’s preferences. Visualizing the overview is also helpful because it
can mitigate the bias of the user. Further, previous overview visualization methods tend to
use layouts where similar objects are closer, but the location in the visual space does not
have semantic meaning. This makes spotting clusters or groups simple but interpreting
them difficult. For example, community moderators read thousands of comments to select
high quality instances. They are afraid that they might develop biases while reading them,
which affects their ability to select high-quality comments fairly.
Users can see an overview of document clusters with scatterplots using MDS. But
the static overview has the limitation that it derives from dimensional reduction, meaning
much information is lost. Interactivity can help here. In ParallelSpaces, users can change
axes to explore the semantics of each cluster. In CommentIQ, community moderators
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can see an overview distribution of the comments in terms of geographical, temporal and
feature spaces. ConceptVector supports the creation of user-driven semantic features to
enrich the analysis. In TopicLens, interactivity provides a balance between overview and
details by dynamically changing the number of the clusters in the overview.

7.1.2

Unit Visualization
Previous statistical graphics tend to create aggregated entities. While there is benefit

to this in terms of computational resources and summarization, we claim that maintaining
individual data objects in the visual space has many benefits for open-ended tasks in text
mining.
ParallelSpaces allows examination according to individual preference. However, a
scatterplot with categorical variables creates an overplotting issue. Gatherplots provide a
way to mitigate this problem. In CommentIQ and ConceptVector, individual comments
are marked with a graphical object. In the geographic view, marks for comments with
the same location, such as New York, are spread out using force-directed layouts to avoid
overlap.

7.1.3

User Interaction as Additional Input to the Algorithm
The “no free lunch” theorem suggests that the computational cost to solve a prob-

lem cannot fundamentally be reduced. However, by providing additional context or constraints, certain algorithms will have advantages over others. TopicLens is an example of
utilizing a user’s interaction data as an additional input to the algorithm. The user pro-
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vides a region of interest as context. The algorithm can use this input to lower calculation
time and interpretation time.

7.1.4

Collaboration by Sharing Contributions
The power of visualization is that it lowers the barriers of computational analysis.

This leads to the democratization of data analysis and encourages participation from the
public. The visual analytics system should thus encourage the sharing of byproducts of
the analysis in order to promote collective intelligence, or the wisdom of the crowd.
In CommentIQ, a user can build a custom model of high-quality comments and
share it with other moderators, amounting to sharing domain knowledge among the community. Also, after high-quality comments are selected, the system allows tagging of the
comments with the reason for selection. This tag data can be used for future research.
In ConceptVector, the byproduct of the analysis is the custom concepts. These
concepts can be used for analysis by other users.

7.2

Limitations of VA Approaches
While the visual analytics approach complements the statistical machine learning

approach, it also has limitations. Interestingly, these limitations originate from the unique
characteristics that make each visual analytics approach effective: (1) Domain/Application
specific systems, (2) Back-end algorithms, and (3) Human engagement. In the following
subsections, we will explore each of these.
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7.2.1

Domain/Application specific systems
Building a visual analytics systems requires a significant amount of resources.

Yet, visual analytics systems are usually domain-specific. The nine-stage design study
methodology framework developed by Sedlmair et al. begins with the precondition stage,
where researchers learn about the domain [116]. The knowledge gained from these steps
cannot be transferred to other domains. Furthermore, the subsequent iterative development stage adapts to feedback from the users. This results in a highly specialized system
for the specific domain. Even though the participatory nature of visual analytics is helpful
at first, the development cost for the specialized system makes wide adoption challenging.
Let’s compare it with the ideal human assistant. He/she will learn from the curriculum in school and apply what was learned to wider areas of problem solving. He/she
accumulates knowledge about the world; therefore, initial investment in education on a
specific topic results in the exponential growth of the ability.

7.2.2

Back-end algorithms
The main idea behind the visual analytics approach is to use the computational

power of machine learning to assist reasoning by humans. In the text mining domain,
you have to convert raw text into numbers before visualizing it. A lot of information loss
happens in this step.
For example, many topic modeling algorithms, such as pLSA, LDA, and NMF, rely
on the bag-of-words assumption. In this model, all syntactic information is lost, limiting
the semantic analysis.
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While the visual analytics approach relies on human capability to overcome such
limitations, this usually results in many false positives for a human to detect, which increases the required human effort. As a metaphor, let’s assume we have an assistant, but
one with very limited knowledge. To prevent errors, this assistant asks for our confirmation before making uncertain actions. The frequency of asking confirmation will then
inversely correlate with the assistant’s knowledge. If knowledge is too low, the assistant
will not be helpful because we will be bugged too much. By increasing our assistant’s
knowledge, we can focus on more important things while allowing our assistant to work
on assigned tasks.

7.2.3

Human involvement
As machines improve, they are taking more responsibility for mission-critical tasks

such as driving, loan approval, or criminal prediction. For some applications, having a
human in the loop makes sense for legal responsibility. However, in many cases, rather
than being a desired property of the system, the human in the loop is a consequence of
the unreliable and unsatisfactory nature of the machines. Visual analytics approaches are,
in this regard, like a medicine that mitigates the symptoms of a disease rather than curing
it fundamentally.

7.3

Future Work
Our society is becoming increasingly dependent on the ability to analyze its own

data and extract knowledge and insights from that data. I will focus on the various human
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aspects of these processes, collectively called Human-Data Interaction. Building on previous research, there are multiple opportunities for follow-up study. Here I propose some
research ideas that I would like to pursue in the future.
Discourse Identity Mining will extract open personal information about the authors of social media texts, such as job, age, and gender. For example, from a news article
about the Ferguson shooting, comments from police officers and African Americans can
be meaningful. Therefore, the ability to see the demographic information, and to search
for comments from specific groups, can be valuable. Interestingly, many people identify
themselves in their comments to give relevance for their arguments. I envision three major problems for developing systems for authorship information. The first is constructing
a schema for the personal identity. Humans can possess many aspects of identity, for example, in the case of Ferguson, a commenter has identified herself as “a white mom with
two black kids.” This includes gender, race, and family structure. Secondly, identity can
be expressed in many natural language forms. For example, a person’s occupation can
be expressed in various ways. Developing a parser for such information is thus another
challenge. Finally, once I have structured demographic information about authorship, the
third challenge will be presenting the information effectively, so that the end-users of the
system can get an overview of the distribution and find interesting demographic segments.
CaptionViz will try to explore large numbers of captions for images. Recent advances in automatically describing images with natural language are motivating, because
the task is a multi-modal one crossing both the language and vision domains. However,
evaluating model performance is difficult, because it is an open-ended task with unstructured data. Previous methods for automatic evaluation generate a single aggregate score.
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While these scores help rank model performance, they do not guide researchers in identifying problematic areas of the models or recommend how to improve the models. In
CaptionViz, I will model an image captioning task as a five-stage process that includes
object recognition, attribute detection, relation detection, salience detection, and sentence
generation. Errors and problems in each stage will be measured and visualized with multiple levels of detail to enable exploration of model performance.
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