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ABSTRACT
When using data-mining tools to analyze big data, users often need tools to
support the understanding of individual data attributes and control the analysis
progresses. This requires the integration of data-mining algorithms with interactive tools
to manipulate data and analytical processes. This is where visual analytics can help.
Visual analytics is the science that combines strong computation power of
machine and perceptual intuition of visualization techniques to facilitate data analysis in
understanding, reasoning and decision making [1]. More than simple visualization of a
dataset or some computation results, it provides users an environment to iteratively
explore different inputs or parameters and see the corresponding results.
In this research, we explore a design of progressive visual analytics to support the
analysis of categorical data with a data-mining algorithm, Apriori. Our study focuses on
executing data mining techniques step-by-step and showing intermediate result at every
stage to facilitate sense-making.
Our design, called Pattern Discovery Tool, targets for a medical dataset. Starting
with visualization of data properties and immediate feedback of users’ inputs or
adjustments, Pattern Discovery Tool could help users detect interesting patterns and
factors effectively and efficiently. Afterward, further analyses such as statistical methods
could be conducted to test those possible theories.
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Chapter 1

Introduction
Visual analytics is the science that combines strong computation power of
machine and perceptual intuition of visualization techniques to facilitate data analysis in
understanding, reasoning and decision making [1]. More than simple visualization of a
dataset or some computation results, it provides users an environment to iteratively
explore different inputs or parameters and see the corresponding results. In traditional
visual analytic systems, users typically give some inputs and wait for the processing of a
whole dataset until the updated result is ready. However, this workflow is not adequate
enough in today’s context of big data and complex data mining techniques. Firstly, big
data behinds the scene would result in very long response time and slow down user’s
exploration of the dataset. By big data, it means large amounts of data with a wide range
of data types, highly decentralized data values and fast growing rate [2]. Secondly,
traditional workflow treats computation process as a black box. With today’s more and
more complex data mining techniques, users are more and more isolated from the
computation process. This would result in low situation awareness and hinder users from
making efficient and effective decisions.
Different approaches have been proposed to solve the above problems. Liu et al.
[3] provided a thorough survey of developments in high-dimensional data visualization
over the past decade. Following the principle of facilitating exploration, progressive
visualization was investigated and adopted by more and more work. The main idea is to
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show partial or intermediate results progressively to help users have a basic
understanding of dataset at the very early stage of data processing and do further
explorations based on current knowledge. The term progressive is twofold: (1) Process
dataset progressively and show partial results that keep evolving to reduce response time;
(2) Execute data mining techniques step-by-step and show intermediate result at every
stage to facilitate sense-making.
The goal of this research is to explore visual analytic design that supports
progressive visualization to help with data analysis process. Specifically, this project
aims to analyze medical data for the investigation of the possible causes of esophagus
cancer in a rural area in China. Traditionally, statistical methods such as logistic
regression are used to identify factors that might be related to the occurrence of
esophagus cancer; however, these methods are facing the challenge of big data. As
statistical methods usually are analysis driven rather than exploration driven, analysts
need to decide what factors to choose to analyze at the first place. The diversity of the
survey data makes this step has a great dependence on the experience of analysts and it
could be extremely biased.
A visual analytic approach could be useful to such kind of research. Starting with
visualization of data properties and immediate feedback of users’ inputs or adjustments, a
data exploration environment that supports progressive visualization could help analysts
detect interesting patterns and factors effectively and efficiently. Afterward, further
analyses such as statistical methods could be conducted to test those possible theories.
This thesis is structured as follows: First, related works in progressive visualization field

3

are reviewed in Chapter 2. Second, we introduce the background and motivation of our
study in Chapter 3. In Chapter 4, we discuss design requirements of our system, introduce
data mining technique we choose, and present our design in details. In Chapter 5, we
present a case study to show how our design works and discuss the limitations of this
project. Finally, conclusion and future direction are discussed in Chapter 6.
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Chapter 2

Literature Review
In this Chapter, literature related to progressive visualization is reviewed. The
focus is on the concepts and models as well as key components in progressive
visualization, which include preparatory work, visualization techniques and interaction
activities.

2.1 Concepts and models of progressive visualization
A growing number of studies have been conducted in the field of progressive
visual analytics. Some attempted to propose general guidelines that can lead future
research. Some explored and investigated techniques that can serve in this field. Schulz et
al. proposed a model to represent a progressive pipeline [4,5]. Their model was able to
capture different types of data source (e.g. full data, sequential data), different types of
resulting view (e.g. full data, sequential data) and different types of operator (based on
the ability to give intermediate results). Their representation provided good
communication and allowed users to interact, but involved no mathematical computation
to capture the visualization process, which was discussed later by Angelini & Santucci in
Modeling Incremental Visualization [6]. Their model was built on the unit time of
collecting data, producing intermediate result and rendering visualization. The system
captured the produced data difference and the visual difference from one time unit to
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another unit and evaluate if a new visualization would worth rendering. If the visual
difference were greater than a threshold value, then the system would render and update
new visualizations.
In addition to general models and guidelines, more works have been investigated
into techniques that can serve in this field. Progressive visualization is not a single
visualization technique but a joint effort of every stage of visual analytics. It requires
adjustments and innovations from data delivery, model construction to visualization and
interaction techniques [7]. Next, this paper discusses some work of current literature in
terms of preparatory works behind the scene; visualization techniques in the scene and
interaction activities could be supported in progressive visual analytic systems.

2.2 Preparatory work for progressive visualization
Before any visual representation, preparatory work is needed to build the
foundation of the whole visual analytic system. Two types of preparatory work have been
identified in the current literature: data-focus and model-focus. The first type of work
realizes progressive visualization by reducing the amount of data that needs to be
processed before showing a partial result while the second type of work realizes it by
building the model or algorithm progressively at the first place.
As Hellerstein et al. argued, as much improvement as there has been made in
computation ability or algorithm optimization, full-scale data processing could still be
slow [7]. Instead, their work provided users with partial results based on random
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sampling from the whole dataset and analysis of those samples. Their results were
iteratively refining and more and more accurate with time. Similarly, the work of Fisher
et al. in 2011 also investigated techniques that can sample randomly and efficiently from
a large dataset [8]. Moreover, their work provided statistical properties such as
confidence intervals of the partial results to give users a more clear understanding of the
data characteristics. These two works both tried to randomly sampling from whole
datasets, however, this cannot be the case for many types of datasets [9]. Many datasets
have a specific structure or time-series properties that would be inappropriate to process a
fraction of them randomly. In some cases, the ability to provide progressive results can be
realized by transferring data into appropriate structure, such as the work of Rosenbaum et
al. in 2012 [10]. They transferred their data into a hierarchical structure based on regions
of interest and levels of details to facilitate data processing progressively. This type of
concept was also used in Glueck’s work to create a multiple-level version of data and
facilitate progressive data download [11]. The main idea of these works is to transfer data
into a structure that is in line with the different presentation goals and process data
accordingly [12].
Studies mentioned before are data-focuses and reducing data processing time
behinds the scene is the main motivator of them. In contrast, many works focus on
improving models and algorithms rather than data processing techniques to realize
progressive visualization such as ripple join algorithm proposed by Haas et al. [13].
Another model-focus type of work was motivated by the stage-by-stage nature of some
models or algorithms. By giving users intermediate results at every stage of computation
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and the ability to control in this process, the exploration capability of visual analytic
systems can be maximized. Some models are built progressively themselves such as
decision tree constructions [14]. Some need adjustments and improvements to be
transferred into progressive structures, such as the SPAM algorithm in the work of
Stolper et al. in 2014[15].

2.3 Visualization techniques for progressive visualization
Any visualization design can be used in progressive visualization. Here our focus
is on those designs that concern uncertainty. Incremental database queries would result in
uncertainty in the intermediate results. Projects that employ incremental visualization use
different techniques and parameters to show the uncertainty of the result [16], such as
estimates, error bars, confidence intervals [17,18], ambiguities that show between the
possible boundaries [19]. Sarkar’s Interaction with uncertainty in visualisations [20]
studied how users react to the uncertainty visualization system. Specifically, it presents a
direct manipulation interface and examined user’s reaction. But their function was
limited. It only provided the draggable error bars and the cost estimation indicator. Other
literature examined different aspects of uncertainty, such as a spreadsheet [21] that can
show uncertainty details within blocks and hide details to let user focus on certain
problems. Heer & Robertson examined the effects when using animated transitions on
related graphs such as bar chart, scatter plot and donut chart [22]. Their study has shown
animated transitions can facilitate users in capturing changes to some degree when design
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with care. Baudisch et al. examined the effect of afterglow that shows between transitions
and the benefits of it [23].

2.4 Interaction in progressive visual analytic systems
The exploratory nature of visual analytic system has made user interaction an
essential part of progressive visualization. Execution control is the most important user
interaction type and can be found in most visual analytic systems [24]. Examples of
execution control are the ability to stop a query, make changes in the middle of a query
[7], prioritize remaining work and compose new queries dynamically [25]. Another type
of user interaction supported in literature is the feedback to help users identify progress
and changes. For example, in the work of Liu et al. in 2013, their system imMens
supported panning, zooming, brushing and linking functions to help with interactive
scalability; in paper “Turning the bucket of text into a pipe” [26], the authors used colorcoded documents and groups to help users focus on recent changes in dynamic data.
Those studies stood from a technical point. The work of Fisher et al. complemented this
field from a cognitive point. Their work was trying to understand how analysts interact
with incremental data [27, 28]. They used a tool to simulate the process of interacting
with a big dataset and the user study showed that incremental visualization could indeed
accelerate analysis process and open up users’ minds.
In summary, facing the challenge of big data, more and more research has
proposed and investigated progressive visualization as a solution. Some focus on
accelerating analysis. Some (including our work) focus on improving user involvement
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and giving users the ability to control in the entire data analysis process. Its realization
requires a series of techniques and designs from data preparing, model construction to
interface design and user interaction. One limitation is most visual analytic systems are
too specifically designed to implement in other situations. Furthermore, it has
requirements in data type as well as data structure, and can only be applied to certain
algorithms.

Chapter 3

Background
The data this project targets for is survey data collected from esophagus cancer
patients in a rural area in China, where esophagus cancer has been found highly. To
better understand the disease, a local research team has been investigating the possible
causes of this disease. They have collected data from patients living in that area through
surveys and interviews and use statistic methods such as logistic regression to identify
factors that might be related to the occurrence of esophagus cancer. However, traditional
statistic methods are facing some challenges. Firstly, survey data includes numerical and
categorical data, which would result in problems when imported into traditional statistic
software. Moreover, their current methods have a great dependence on the experience of
researchers. As statistical methods usually are analysis driven rather than exploration
driven, analysts need to decide what factors to choose to analyze at the first place. For
example, there are 16 categories of questions and 60 questions in total of the survey. It is
a challenge for researchers to choose appropriate factors to be included in logistic
regression analysis. To solve these problems, our project aims to design a visual analytics
tool that can help analysts with the data exploration.
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3.1 Understanding users’ needs
We have collected research data from the research team to understand their
current methods, including their survey, survey data and published papers. Their survey
includes 60 questions in total. Questions come from 16 categories, including
demographics, living habits, eating habits, family history, and health information. They
collected 2,496 records and 60 attributes, most of which are categorical data. For
example, one question in the survey asking about the marriage status of a participant has
4 choices: married, single, divorced and widowed. There are also numerical data
collected by the survey such as a participant’s age, years of smoking and number of
cigarettes smoked every day. We studied research team’s published papers as well as
discussed their goals and current methods through meetings. They are interested in
exploring and identifying potential factors that might contribute to esophageal cancer or
have an effect on patients' postoperative survival. Regression is the main analysis
technique. Through communication, we have understood the most critical problem they
are facing is choosing the appropriate factors to analyze.

3.2 Implications
Based on their needs, a visual analytic approach could be useful to such kind of
research. Key functions that our approach should provide include (1) visualization
techniques that help users understand dataset, (2) data mining techniques that work well
on categorical data, (3) workflow designed corresponding to chosen mining technique,
(4) users’ ability to stop or make changes in the middle of any query and (5) immediate
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feedback of users’ inputs or adjustments at all time. A data exploration environment that
supports progressive visualization like this could help analysts detect interesting patterns
and factors effectively and efficiently. Afterward, further analyses such as statistical
methods could be conducted to test those possible theories.

Chapter 4

Design
In this chapter, we first discuss design requirements of our system. Specifically,
our system should support the exploration of individual data attribute as well as the
exploration of data mining process. We introduce data mining technique that we choose
and the adjustments we have made for our context. Finally, we present our design in
details.

4.1 Design requirements

4.1.1 Support the exploration of individual data attribute
There are 60 attributes collected from the survey (e.g., age, marital status,
education and drinking water source). As mentioned above, one big challenge the
research team has faced is to find the appropriate factors to analyze. Each attribute has its
own property in terms of data type, size, range and distribution. Traditionally, if
researchers want to know the property of an attribute, they have to look at the data under
this attribute specifically. This requires great efforts and would result in very low
understanding of the dataset. To address this problem, we need a design that can support
the exploration of individual data attribute to facilitate users in deciding whether an
attribute should be considered in analysis or not.
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4.1.2 Support progressive and interactive pattern discovery technique in visual
analytics
In general, the use of data mining techniques can be classified into two categories.
The first one is descriptive data mining, which is used to describe the characteristics and
properties of the dataset. The purpose of this type of techniques is to find patterns and to
understand the data. Frequently used descriptive data mining techniques include mining
of associations, clustering, sequence discovery, etc. The other is predictive data mining.
This type of data mining methods attempts to make predictions and inferences about new
objects from existing dataset. Some common techniques with this purpose include
classification, decision trees and neural networks [29]. As the goal of our research is to
help scientists to explore the dataset and try to understand factors that contribute to
esophageal cancer, descriptive data mining techniques would be more appropriate to use.
Furthermore, the medical data we collected is mostly categorical and the numerical ones
can be easily transferred to categorical, so we need to employ mining techniques that are
suitable for this type of data.

Apriori algorithm
Apriori algorithm, first discussed by Agrawal et al. [30], is one of the most
popular association rule mining algorithms today. It is used to discover frequent pattern
and hidden candidates; it then tests the support of candidates to generate frequent (k+1)
item sets. A simple example can illustrate the basic concepts related to association rules
and Apriori. Suppose there is a small dataset in Table 1.
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Table 1. A Small dataset

Table 2. Frequent one item set

No.

Data

Itemset

Support

1

A, B, C

A

3/5=0.6

2

A, C, D, E

B

4/5=0.8

3

A, B, C, E

C

4/5=0.8

4

B, E, F

D

2/5=0.4

5

B, C, D, E, F

E

4/5=0.8

F

2/5=0.4

Table 3. Frequent three item set

Itemset

Support

A, B

2/5=0.4

A, C

3/5=0.6

A, E

2/5=0.4

B, C

3/5=0.6

B, E

3/5=0.6

Frequent two item candidate sets:
{A, B}, {A,C}, {A,E}, {B,C}, {B,E}, {C,E}

Table 4. Frequent three item set

Itemset

Support

B, C, E

2/5=0.4

As the support of {B, C, E} less than min
support, there’s no frequent-three-item in this
simple database.

Support of x: Frequency of occurrences of x, x could be a single item or an item set.
Frequent: If x’s support is larger than a minimum defined threshold, x is considered
frequent.
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If min support=0.5, frequent-one-item sets: A (0.6), B (0.8), C (0.8), E (0.8), as
shown in Table 2. Frequent-two-item candidate sets are {A, B}, {A,C}, {A,E}, {B,C},
{B,E}, {C,E}. After testing the supports of those candidates, frequent-two-item sets are:
{A, C}, {B, C}, {B, E}, {C, E}, as shown in Table 3. There is only one frequent-threeitem candidate generated from frequent-two-item {B, C, E}. As its support less than 0.5,
there is no frequent-three-item in this simple database.
Mining association rules is to find all the relations in form of x→y that have
supports and confidences larger than threshold. If min confidence=80%, then we can only
find one associate rule that is A→C (60%, 100%).

A→C (60%, 100%)
C→A (60%, 75%)
B→C (60%, 75%)
C→B (60%, 75%)
B→E (60%, 75%)
E→B (60%, 75%)
C→E (60%, 75%)
E→C (60%, 75%)

17

Application of Apriori
Since the Apriori algorithm was proposed, there have been extensive studies
trying to improve or extend this algorithm. Some work tried to reduce the number of
times of the data scans [31]. Some focused on shrinking the number of candidates [32].
Some reduced the processing time by using parallel computing Apriori [33]. Despite all
these improvements, the core idea of Apriori remains the same. Initially, the most popular
application of Apriori is in the market place to discover hidden sales patterns. For
example, putting customers’ frequent-item-buy-together can boost sales in supermarket.
In addition to that, Apriori has been used in healthcare to mine medical records and to
help find underlying relationships among symptoms and diseases [29]. For example,
Nahar et al. try to use association rule mining to detect factors that contribute to heart
disease [34]. They were able to find out rules like: if chest pain type is “asympt”, slope is
“flat” and thal is “rev”, the patient is probably sick with a confidence of 0.96. Similar to
this, we choose Apriori as the main mining technique that is supported in our system.

Support of Apriori in other tools and issues
Apriori algorithm has been widely used and supported in different tools. For
example, data mining software Weka supports association rule mining with Apriori.
However, applying traditional Apriori to our dataset in Weka is inefficient and unable to
fulfill our goal of interactive and progressive visual analytics. Below are several
challenges that have been found in using Weka to mine association rules on our dataset:
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Challenge 1
Firstly, association rules generated by traditional Apriori are overwhelming. It
would result in huge amounts of data most of which are of no interest to our study. For
example, it generated a rule “cigarette=yes èsmoke=yes”.
Challenge 2
There is no interaction between users and dataset in Weka. Each run of Apriori
algorithm is a run of the whole dataset. Changes and adjustments have to be made before
the mining of data and saved as a new dataset to prepare for the next run. This flaw limits
the exploration power of Apriori mining to a great extent.
Challenge 3
The results of Apriori are difficult for users to understand and interpret. Plain
texts, numbers, equal signs and symbols line up together with different lengths. It is hard
to tell how many attributes there are in a rule and which of them is/are on the right side of
the association rule symbol (as shown in Figure 1).

Figure 1. Apriori result in Weka

Support of interactive and progressive Apriori in our system and our solutions
To make data mining process more suitable to our approach, adjustments and
improvements need to be made to the traditional Apriori algorithm. We have proposed
three solutions to the problems mentioned above.
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Solution 1
We should provide users with the ability to choose factors that they are interested
in as outcomes. Only rules have outcome factors that are of interest would be generated.
For example, as we are not interested in what would lead people to smoke, rules that have
smoke on the right side would not be generated.
Solution 2
In the design, users should be able to make changes and adjustments to dataset at
any moment. Three kinds of interaction should be provided as follows:
•

Re-categorize data: allow users to re-categorize data to do exploration.

•

Filter attributes: allow users to run Apriori only on part of the dataset, e.g., run
Apriori without participants’ heights and weights to avoid lengthy results.

•

Filter data: allow users to filter data within attributes, e.g., run Apriori only on
male participants (attribute sex=male).

Solution 3
We should provide a clear view of generated results, such as using different
colors, same length of cells and indicator of outcomes. In addition to plain text, we
should provide alternative choices such as visualization to show results. For example, the
design of parallel coordinates is one of the most popular visualization techniques to show
multi-dimensional data. It uses a set of parallel lines, each representing one data attribute,
and a set of polylines, each representing a data record to visualize dataset. It is great to
show relationships, patterns and works for both numerical data and categorical data. In
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our study, all attributes are categorical. To make the visualization more informed as well
as more intuitive for users to read, we combine bar chart and parallel coordinate to
indicate each attribute’s distribution and add the confidence of each generated rule, as
shown in Figure 2. Usually each generated rule is visualized in one parallel coordinate.
When multiple rules have exactly the same attributes, users can check all of them to
display them in same parallel coordinate (Figure 3).

Figure 2. Parallel coordinate with one rule

21

Figure 3. Parallel coordinate with two rules

In summary, our goal is to support the exploration of individual data attribute at
the beginning of the task, as well as support interactive and progressive Apriori in the
data mining process.

4.2 Designs
We propose a web-based platform called Pattern Discovery Tool. We choose
web-based environment because we hope the tool can be easily accessed by people
anywhere and at any time, without the need to install specific software package. In the
design process, we first design workflow based on chosen mining technique. Then, we
design interface based on proposed workflow.
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The Pattern Discovery Tool is composed of 3 parts – preprocessing data on the
left, data mining process control on the up right and visualization of the results below. A
main view of Pattern Discovery Tool is shown in Figure 4.

Part 2

Part 1
Part 3

Figure 4. Main view of Pattern Discovery Tool

4.2.1 Preprocess
There are 60 attributes collected from the survey (e.g. age, marriage status,
education, water source). Users may get lost in choosing the right attribute to analyze.
Pattern Discovery Tool provides a data-preprocessing environment to facilitate users in
data understanding, data categorization and data filtering. An overview of this part is
shown in Figure 5.

Understanding the data
A list of all 50 attributes is shown at the top left of part 1 (Figure 5-a). When one
attribute is clicked, its properties would be shown on the right side, including attribute
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name, data type and current categorization (Figure 5–b). When categorical data, its
current categorization would be the same with the choices provided in the survey. When
numerical data, a categorization based on its range and size is necessary as Apriori only
works for categorical data. In addition to the text information on the right side of attribute
list, it also provides a visualization of data distribution below (Figure 5–c), which gives
users a clearer view of data composition.

a

c

Figure 5. Preprocessing data

b
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g
d
If categorical data

f

e

Figure 6. Data categorization and filtration

Re-categorization
Pattern Discovery Tool supports data re-categorization for both categorical data
and numerical data to improve the flexibility of data analysis. For example, data of
cigarettes smoked every day could be divided into 4 levels: no cigarette, >0 but <=5
cigarettes, >5 but <=10 cigarettes and more than 20 cigarettes. When apply Apriori
algorithm and no frequent pattern related to cigarette was detected, users can recategorize data into three levels: no cigarette, >0 but <=20 cigarettes and more than 20
cigarettes to see if new pattern related to cigarette could be detected. For numerical data,
users can define categories by entering ranges (Figure 6—d) and we also provide another
intuitive and interactive way: directly manipulate categorization on a visualization of
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selected data through dragging a pole (Figure 6—e). Furthermore, for categorical data,
users can group two or more categories together into a new category (Figure 6—f).

Attribute filtration & data filtration
In the survey, the research team included as many factors as they think might be
related to the occurrence of esophagus cancer; however, when doing the analysis, they
are not always interested in all of them. For example, 85% of the participants’ marriage
status is married. If this factor were included in analysis, the frequent item sets would
very likely always include “marriage status=married”. When researchers are not
interested in marriage status at all, this would result in redundant frequent item sets. To
solve this problem, Pattern Discovery Tool provides the ability to filter attributes. Only
attributes that are checked by users would be included in the Apriori analysis (Figure 5a).
In addition to attribute filtration, data filtration is also of great importance to mine
data effectively. We have a dataset with hundreds of records and each record has 50
attributes. To filter attributes is to select or deselect attributes for the entire dataset, while
to filter data is to select or deselect records that based on their value of a specific
attribute. For example, when researchers are interested in finding frequent pattern in male
participants only, they can check the checkbox of male participants and leave the one of
female participants blank (Figure 6—g).
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4.2.2 Data mining process

Figure 7. Data mining process

On the up right of the main view is the section that allows users to control and
interact in the data mining process (Figure 4—part 2). All the attributes that are checked
by users in data preprocessing stage are listed in the left window in this section (Figure
7—a). Users can delete any of them using the red “x” on them. Apply traditional Apriori
algorithm to those data would result in huge amounts of data, most of which are of no
interest to the research team. For example, it could generate rules like “cigarette=yes
èsmoke=yes” which is inevitable truth and has no medical meaning. To address this
issue, we make improvements to Apriori and provide users with the ability to define
desired outcomes. Through dragging and dropping into the middle window of this
section, users can choose attributes that are of their interest to be the outcome of the
generated rule. In this way only rules having those defined outcomes on the right side of
arrow could be generated. Last but not least, users can control results of Apriori mining
by adjusting minimum support, minimum confidence and number of rules on the right
side of this section (Figure 7—c).
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4.2.3 Visualization of results

a

c

b

Figure 8. Visualization of result

The results of association rules are shown in part 3 of the main view (Figure 4).
First, it tells users how many attributes are considered in analysis, how many records
there are, and what the minimum support and minimum confidence of the generated
association rules are (Figure 8—a). They are different from what users have defined in
the control panel. This is because users only define three minimum thresholds and the
actual results could be larger. Second, it provides a list view and a visualization view of
the generated association rules (Figure 8—b). In the list view, we use different colors,
same length of cells and indicator of outcome to give a clear view of the results. When
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clicked, a visualization of the chosen rule in parallel coordinate would pop up to give
users an overview of this rule (Figure 8—c). Data distribution within each attribute,
frequent pattern, trend and all other information can be easily captured in this
visualization technique.
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Chapter 5

Case Study
In this chapter, we present a case study to show how Pattern Discovery Tool
works. Then, we discuss the limitations of this research.

5.1 Case study
To show how our system works, we simulate a process of detecting frequent
pattern from medical data. In the first step, users want to explore from data attributes to
get an overview of participants’ conditions. They identify some attributes under patients’
pathologic condition section as the candidate outcome of interest, such as the position of
esophagus cancer (upper part, middle part or lower part on esophagus) and the
differentiated degree of esophagus cancer (Level 1-5). As shown in Figure 9, more than
73 percent of patients have esophagus cancer at position 2. Due to this large proportion, it
may not be appropriate to mine rules that have position as outcome, because it’s hard to
tell if there’re associations or position 2 is just popular. In contrast, the distribution of
esophagus cancer’s differentiated degree has two popular values, as shown in Figure 10.
There are 126 out of 422 patients are at level 3 and 252 patients are at level 2, making us
interested in what factors may have effects on the differentiated degree.
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Figure 9. Distribution of disease position
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Figure 10. Distribution of differentiated degree

Secondly, users choose factors that they are interested in to include in the
analysis. Specifically, they choose age, sex, drinking water source, digestive system
disease, family history, and cigarette history as well as differentiated degree. Users define
minimum support=0.3 and minimum confidence=0.75. Before define outcome, a great
number of rules are generated with a confidence at 1. For example: Cig/Day=[20,40) ==>
Cigarette=Yes conf:(1). Rules like this are meaningless to our study since this means
100% of participants who smoke 20~40 cigarettes everyday do smoke cigarette. In
addition, a great number of rules are generated with very high confidence, such as
Cigarette=Yes & CigYears=40+ ==> SEX=Male conf:(0.98). This means 98% of
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participants who do smoke and have been smoking for more than 40 years are male.
Rules like this are helpful for analysts to identify participants’ certain characteristics but
users are not interested in them at this point. This process is shown in Figure 11.
Define parameters

Choose attributes
0.75

Figure 11. Exploration process 1

To narrow down association rules, users define attribute differentiated degree as
the outcome and run Apriori. They find all the generated rules have differentiated
degree=level 2 as the outcome but no differentiated degree=level 3. Although not ideal,
this gives us an understanding of what factors might be related to differentiated degree
and they do further explorations based on these results. Firstly, they narrow down their
analysis to cigarette, cigarette/day, CigYears, sex and age and remove other attributes to
avoid lengthy results. Secondly, they re-categorize differentiated degree to: Light,
medium and severe. Thirdly, they adjust minimum support to 0.1 and minimum
confidence to 0.5 and run Apriori. Two rules stand out: (1) Cigarette=Yes,
CigYears=[20,40) ==> DifferentiatedDegree=Medium conf:(0.8) and (2) Cigarette=Yes,
CigYears=40+ ==> DifferentiatedDegree=Severe conf:(0.6). The implication is that the
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differentiated degree of esophagus cancer might be related to the years of smoking
history. Further analysis is needed to test this hypothesis. If checked these two rules
together, a parallel coordinate visualizing them together is shown at the right center of the
screen (Figure 12).

Figure 12. Exploration process 2
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5.2 Discussion
Although our design can support the general exploration and in-depth analysis of
categorical data with visual analytical tools, some limitations exist in our design. First of
all, Apriori has strong requirements on the composition of the dataset. When the
distribution of one attribute is too concentrated, it is hard to tell the validity of rules that
include this attribute. Secondly, more than rules that have attribute of interest as the
outcome, rules that have this attribute on the left side of the equal signs are also of great
importance. For example, if 10 percent of male have disease A, the association rule “male
→ disease A” would have a low confidence of 0.1 and is not important. However, if more
than 70 percent of disease A patients are male, the association rule “disease A → male”
would have a high confidence of 0.7 and is important for analysts to know. One solution
to this is to adjust command “only generate rules that have defined factor as outcomes” to
“only generate rules that include defined factor”. Finally, currently the generated rules of
Apriori are ordered by the confidence of this rule. More arrangement methods are need
for different purposes, such as only show rules that include certain factors or ordered by
the number of factors in each rule.
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Chapter 6

Conclusions and Future Work
We introduce progressive visual analytics as a solution to today’s challenge of big
data. Our focus is on progressive techniques that execute data mining process step-bystep and show intermediate results to facilitate sense-making. We propose Pattern
Discovery Tool, specifically designed for a medical data exploration environment. It
facilitates data exploration in two ways: supports the explorations of individual data
attribute and support interactive and progressive data mining process. A case study shows
the exploration process using Pattern Discovery Tool and the improvements we have
made specifically for a medical dataset we obtained.
However, the dataset we tested on has some limitations. It would be ideal if there
were the attribute “esophagus cancer” and two corresponding values “yes” and “no”.
Currently we only have part of the data collected by the Chinese research team and future
study on more complete dataset is needed. Furthermore, we only examined one possible
data mining technique so far and design workflow based on this technique. Future
research could be done to explore more possible mining techniques as well as more
functions. For example, other than detecting frequent pattern from a dataset, users can
also insert a data record to see this person’s risk of getting certain disease.
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