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Solving Intelligence Analysis Problems using Biclusters

Patrick O. Fiaux
ABSTRACT

Analysts must filter through an ever-growing amount of data to obtain information relevant to their
investigations. Looking at every piece of information individually is in many cases not feasible; there is
hence a growing need for new filtering tools and techniques to improve the analyst process with large
datasets. We present MineVis — an analytics system that integrates biclustering algorithms and visual
analytics tools in one seamless environment. The combination of biclusters and visual data glyphs in a
visual analytics spatial environment enables a novel type of filtering. This design allows for rapid
exploration and navigation across connected documents. Through a user study we conclude that our
system has the potential to help analysts filter data by allowing them to i) form hypotheses before
reading documents and subsequently ii) validating them by reading a reduced and focused set of

documents.
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INTRODUCTION

As facets of our world continue to become digital, the amount of information being created and gathered
increases. The task of analysing this growing amount of information in a limited amount of time
becomes more difficult. Analysts seek the help of visual analytic technology, combining the
computational benefits of statistical models and data mining with the innate cognitive abilities of
humans to support sensemaking [1, 2], as shown in Figure 1. The challenge then, is to tactfully design a
system that integrates these two areas, creating a usable workspace for analysts to perform sensemaking.
In this thesis, we present a prototype mixed-initiative system, MineVis, where data mining and
sensemaking are tightly integrated. We also discuss the findings of a user study investigating the

effectiveness of MineVis for text analytics.
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Figure 1: The sensemaking loop from [Pirolli and Card 2005]. Used under Fair Use, 2012.



MineVis enables users to explore textual datasets through biclusters in a spatial workspace. Intuitively,
biclusters can be viewed as visual glyphs in a matrix, indicating relationships between entities; see
Figure 2 for an example. Biclusters are explained in more detail later. Thus, biclusters represent
relational information between entities in the dataset.

Users can organize the biclusters in combination with the raw text documents in a spatial workspace
(see Figure 8 and Figure 10). Previous work has shown that the flexibility afforded by space provides a
rich medium for representing insights [3, 4, 5]. Manually organizing information into clusters or groups
does not require users to formalize explicit relationships between information until these relationships
are apparent to the user, a concept referred to as “incremental formalism” [4]. Endert et al. have shown
that while detectable structure may exist within these clusters, the fundamental “structure” upon which
users generate these clusters is often at a meta-level, where the semantics of the text is critical [S]. Thus,
we are interested in how the highly structured relational information of biclusters can be used in

conjunction with the documents in a flexible spatial workspace.

Students

.
GGG
S1
52
> 53

Figure 2: Example bicluster extracted from a student to classes relationship. Dark cells represent relationships,
orange cells represent relationships part of this specific bicluster.

The results of our study suggest that MineVis can provide helpful support for the sensemaking process.
Biclusters proved to be a rich visual encoding for information both during the analysis, as well as during

the reporting of the findings after the study. They were widely used during the analysis, ranging from a



quick overview of relationships between entities (or groups of entities), to being the focal point of entire

hypotheses in the dataset.



I RELATED WORK

MineVis draws heavily from both data mining and visual analytics in its design and construction. The
first subsection below looks at how MineVis builds upon prior research but also brings in new concepts.
The second subsection discusses some of the algorithms that are integrated into MineVis and defines

key concepts of compositional data mining we used in system design.

1.1 Information Visualization Systems

Information Visualization plays a major role in the design of MineVis. This section reviews other
works in this space and how MineVis is inspired from them or differentiates itself.

MineVis is not the first web service-based analytics system. The Scalable Reasoning System (SRS) by
Pike et al. already demonstrated many of the advantages of web service-based systems [6]. A main focus
of SRS is to support distributed analytics across many devices in real time. MineVis also takes
advantages of the web architecture to allow for anywhere access; however it focuses more on
performing heavy computations on the server and offering a scalable browser interface to the user and
only has limited distributed analytics capabilities.

Many systems have focused on assisting the text analytics process for document-based datasets. Tiara
by Wei et al. aids users in exploring a data set through a responsive keyword visualization linked to the
source documents [7]. Jigsaw allows users to explore textual datasets by exposing relationships between
entities through a collection of views [8].

MineVis has been heavily influenced by special layout visual analytics tools such as Analyst’s
Workspace (AW) [9] and ForceSPIRE by Endert et al. [10, 11]; both of these systems have a heavy
focus on spatially arranging documents across the display space. ForceSPIRE focuses on creating a
dynamic workspace based on semantic interaction where the users input is integrated with the source

data to update the layout in real time based on the user’s actions[10, 11]. AW’s goal is to “provide an



environment that unifies the activities of foraging and synthesis into a single investigative thread” [9].
MineVis aims to harness the power of data mining techniques to improve the ability to work with large
data sets by incorporating biclusters.

Hybrid matrices and node-link diagrams are similar to the linked biclusters in MineVis. NodeTrix, the
work of Henry N. et al. allows exploration of social networks through a hybrid visualization of
adjacency matrices and node-link diagrams [12]. This enables clustering and linking clusters to explore
a singled relationship, such as co-authorship between authors. NodeTrix generates initial clusters for the
user and then allows them to group or ungroup nodes at will as they interact with the layout. OntoTrix
by Bach et al. extended this technique to work with ontologies with multiple types of relationships
[13]Thus allowing clustering and linking nodes of different types on the same graph. MineVis is
different in that all the clusters are generated and linked by compositional mining algorithms and that the
user cannot edit them, only links between them. Another important difference is that documents used to
generate these clusters are also included and linked allowing for the user to not only explore the
relationships and see the big picture but dig into the details and get back to the source of the

relationships in a seamless environment.

1.2 Entity Extraction & Co-Occurrence Modeling

Entity extraction can be a difficult task depending on the requirements. MineVis tasks require more
than just a list of entities for a dataset; the type of the entity and co-occurrence within a document were
also very important. Jigsaw has an extensive entity parsing utility for text documents that we used to
extract the entities for out datasets [8]. Jigsaw generates an xml-based file with per document entity lists
of several types including people, locations, organizations, dates, and money. MineVis loads the Jigsaw
export file into a database by conversion the entities, the types and the co-occurrence into a relational

format. This allows MineVis to retrieve document, entity or references quickly with simple queries.



1.3 Compositional Data Mining

“Compositional data mining (CDM) is used to identify relationships among sets of entities across the
database schema, where these sets are mined automatically and not defined a priori”. [14] CDM has
been successful in providing insight to massive datasets in the domain of functional genomics [14, 15,
16]. MineVis exploits concepts from CDM to provide insight into a document based dataset.

The key data structure at the heart of MineVis is the bicluster. Biclusters can be generated using a set
of relationships between two domains. Each bicluster “is a subset of rows along with a subset of
columns with the property that each row element is related to each column element” [16]. For example
consider a relationship between students and classes as shown in Figure 2. We could extract several
biclusters from it; one is shown in orange on the image as a subset of 3 rows and 4 columns. This
bicluster groups a set of students and the classes they take; inferences can then be made about its
content. For instance, perhaps these students are in the same research group due to their commonality in
taking a required set of courses.

In MineVis source documents are used to generate entities and can be inherently related to biclusters. As
described in Section 1.2, the entities are extracted from documents and sorted into several predefined
domains. Using co-occurrence within documents we then build pairs of entities in different domains or
relationships; each document can then be represented as a set of relationships involving two or more
domains.

Consider an example scenario: a document gives an account of five individuals meeting in one location
to plan their trip to travel another location. Then consider we have a second document accounting for
how these five individuals leave for their trip from a third location. From these two aspects, we can
generate five people and three places as well as a relationship from each person to each place in the
second domain even though they were not from the same documents. Using this representation of

documents we can relate them to biclusters that share common entities. Since biclusters are sets of



relationships across one of more documents they form indirect connections between documents. Since
the relationships in a bicluster are only from two domains, they allow grouping of documents through
the set of relations of those two domains. Going back to our example we would have a bicluster of those
five people and those three locations which links to two distinct documents. We therefore have the
ability to go from a bicluster to a set of documents, or from a document to a set of biclusters by using

these relationships as links.

Organizations Places

9|doad
9|doad

saleq

Places
Figure 3: Realizing compositional data mining using biclusters on multiple domains.

Now let us illustrate CDM using the previous scenario. We had a set of documents and relationships
between people and places. Imagine that we had more documents and extracted two more domains
(dates and organizations), and generated the resulting relationships with the other domains. We can then
model the scenario with three biclusters: one between organizations and people, the second between
people and places and the third between places and dates.

We can connect the people side of the first bicluster to the people side of the second using a
redescription. Then we can connect the places side of the second to the places side of the third bicluster.

This creates a link between organizations and dates illustrated in Figure 3; in this example perhaps all



the people belong to the same organization and they are taking a trip to on a specific date. The results of
such compositions can be read sequentially from one end to the other, not unlike a story. For instance in
the scenario above, we might find that ‘research members of the CS department are planning a trip to
Austin Texas in May 2012° which might lead us to infer ‘their work got accepted to CHI 2012 and they
will attend the conference to present it’. We can then look for the documents related to these
relationships and use them to look for evidence of our theory. By making use of CDM across multiple
domains we become able to generate hypothesis about relationships that can originate from multiple

documents without the need to open them.

1.3.1 Algorithms
This section describes the algorithms that can be used to generate data such as biclusters and chains of

biclusters described above.

Closed item set mining algorithms are used to generate biclusters. We used two available
implementations of these algorithms: Charm [17, 18, 19] and LCM [20, 21, 22, 23].
Chaining of biclusters side by side can be achieved through a combination of methods. MineVis handles
the pre-processing tasks of grouping biclusters by common sides. The next step is to generate a look up
table for similarity between biclusters and store its results into the database. We used a Cover Tree, an
efficient data structure for calculating nearest neighbours [24], to load all the biclusters and then find the
nearest neighbours of each distinct bicluster. We used WEKA'’s Java implementation of the Cover Tree
[25] and wrote a customized distance function to measure the similarity of two biclusters. We used the
Soergel distance metric as shown in Figure 4, to calculate the distance between two biclusters. It allowed
use to compare the ids of the entities in the common sides and generate a normalized measure [26].
MineVis generates a Cover Tree with the biclusters on each domain. For each it generates a look up

table to allow constant time access to lookup the nearest neighbours of any bicluster.



(b +c)
(b+c+d)

Figure 4: Soergel distance: a = in both samples, b = only in one sample, ¢ = only in the other sample, d = in none
of the samples.




2 DESIGN & IMPLEMENTATION OF MINEVIS

2.1 System Overview

MineVis takes the user from a raw data set through data mining to a visual analytics interface. The
workflow or pipeline consists of four main steps; project configuration, mining, chaining and
visualization as shown in Figure 5. The following sections will explains the four steps as well as how

they were connected into a seamless analytics environment as well as some design considerations.

Database Import

Mining Algorithm

Chaining Algorithm

Visual Analytics

Figure 5: MineVis projects pipeline.

2.2  Design Considerations

We designed the system as a web service-based application. This design choice was driven by two main
concerns. First data mining can be quite computation heavy, requiring a lot of time and resources; the
client & server architecture of the web enables us to run the expensive computations on the server side
and keep the load on the client light.

Doing so has several advantages: it allows the user to access the system with a light client such as
laptops, tablets or mobile devices. With a responsive web design the system can also scale the elements
on screen to adjust to any display from a mobile phone to a large high-resolution display. And since the
process is running remotely the user needs not worry about losing progress due to power loss.

Security concerns can also be addressed through different configurations. The benefit of 24 hour access

from anywhere in the world might be out-weighed by the sensitive nature of the data used. In such a
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case MineVis can be hosted on an internal server or even on a network physically separated from the
web, all the while retaining the ability to use powerful servers for computation.

Another important advantage is modularity. MineVis is built as a modular system in more than one way
so that components can be replaced without affecting the overall goal. This is to add flexibility for three
different purposes.

The first is scalability. Since the server, and not the user, is in control of the data mining it can make
decisions about how to handle incoming jobs. Currently the server hosts the database, the web service
and the data mining. However it can be extended, so that the server might be the head node of a cluster
or have access to a cluster, cloud or super computer allowing it to offload jobs to different machines or
run them simultaneously. This can be done without the need for user input.

The second is customization. The pipeline is a set of modules, and each step can be made of multiple
alternative modules. Currently MineVis already supports two mining algorithms, with the possibility for
more. Although it only has one chaining algorithm again there is the possibility for more and the same
holds true for visualization workspaces. The project configuration can be extended to support multiple
databases and the visualization step can also implement multiple views. This allows the system to be
tailored for the task or data at hand.

The third is the ability to work with multiple datasets and databases. This will be discussed in more
detail in the next section, Project Configuration.

The implementation was done using open source technologies and frameworks both on the server side
and user side [27, 28, 29]. This allowed for rapid development of a large complex system while also

insuring deployment options on common web servers and easy of update.

2.3 Project Configuration

This step consists of setting up MineVis with a dataset (relational database). MineVis has a central

database, which is used for configuration, data mining and result storage. The datasets to be analysed are

11



stored in separate databases. This allows for the possibility to host them anywhere or for users to use
their own database as source data on the system. However this means that each project needs a database
to connect to as well as some knowledge of what tables to use. The configuration allows the user to
select and configure how tables are related and through which fields. This step enables MineVis to do
two key things, first use the database to generate input for mining algorithms, second to load the right

labels, names and texts when displaying the mining results.

24 Mining

Mining in MineVis is the step where the biclusters are generated for a given project. Multiple minings
can be created for each project to accommodate different settings or algorithms. Once a mining is
created is allows for selecting an algorithm and then configuring parameters.

Once configured all a user has to do is hit “run”; after that the server takes over and displays a status.
Figure 6 shows the status display of a mining under process; the progress bar displays how many
relationships have been mined. Each unique pair of entity types is considered a relationship and has to
be mined separately to generate complete results. These mining jobs are used to display the status for the
user. Input data is generated for each job and then the selected algorithm LCM or Charm runs the

algorithm and the results are then parsed into the database.

Status

Started
Process ID: 24097 (running)

Details

Relationships Mined: 14/28
Details:

( ShowDetails )
p v

Figure 6: Status of mining algorithm in MineVis.
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2.5 Chaining
The third step is to build a set of possible links between the biclusters generated in the Mining step.

The configuration process is similar to Mining except for different parameters. The Chaining process
itself is also broken down into subjobs, one for each entity type. For each of those types a list of all the
biclusters containing it in either its rows or columns is generated. That list in then used to build the input
file for the algorithms discussed in Section 1.3.1 to generate the mappings between similar biclusters

and the results are stored back into the database.

2.6 Visual Analytics

The last part of the MineVis pipeline is the analytics workspace where the user can make use of all the
imported and generated data. The workspace consists of three main areas; the data-browser, the preview

pane, and the graph workspace. Each area and its features will be described in the following sections.

2.6.1 Data Browser & Preview
The data-browser allows access to the various data structures generated in the MineVis system as well as

the source data. It consists of five different tabs; search, entity frequency list, bicluster list, document
list, links list.

The search tab supports two different types of search operations. The first would be a plain text search
on the documents of the dataset. The second as shown in Figure 7, is the entity search. The entity search
is different from the plain text, as it will return biclusters containing that entity in the results as well. The
search bar also features an auto complete function that shows the users a set of possible entities after 3
or more letters are typed. These two search features allow for look up and retrieval of specific
information.

The frequency data holds a list of the entities in the dataset ranked by the one appearing in the most
biclusters to the least. This tab was typically suggested to the user as a starting point. If they noticed
something odd they were able to investigate it further. A single click on a frequency list entry would

take the user to the search results for that entry.
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The Browse Biclusters tab allowed access to all of the Biclusters manually. They were grouped by
domain relationships. This allowed user to browse through a certain category of biclusters like ‘people
to money’.

The Browse Documents tab previews a list of all the documents, listed by title and a click would bring
the content into the preview window.

The last tab is the Browse Links tab. Its content is similar to that of the bicluster tab as it lists biclusters,
and only upon preview can the user see the links between a specific bicluster and others. However the
grouping in this tab is done by domain only and not domain relationship. This tab like the previews two
was included for completeness sake to allow manual access to the date should the other features break or
the users not want to use them.

The preview pane has two main uses: first as its name indicates it allows a previewed of search results.
Second it allows adding the currently previewed item into the graph workspace. Thus a user can preview
search results and quickly skim them, once they find something of interest they can add it to the graph

where they will be able to explore that item and its connections in detail.

Frequency List | Browse Bics | Browse Docs | Browse Links Preview
: ( Add to workspace )
Simple Search: A8 J
Bicluster 109:
( \ Y
( )
| Hans Pakes | (_search ) o
LA
w® Biclusters AN
@Bicluster 84 (person_location) 01120767073 MMM
) . 703-650-2317 [N
8Bicluster 85 (person_location) 718-352-8470 [ I
) . 804-750-6302 [N
®Bicluster 92 (person_location) 804-774-8020 [

8Bicluster 93 (person_location)
®Bicluster 94 (person_location)
8Bicluster 95 (person_location)
®Bicluster 96 (person_location)
8Bicluster 99 (person_location)
®Bicluster 102 (person_location)
8Bicluster 109 (phone person)

& Documents
Dse3
Bcial0

Figure 7: Data-browser showing an entity search and preview window with one of the results loaded.
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2.6.2 Graph Workspace
The graph is where the bulk of the investigation happens and also the place where the key MineVis

functions are implemented. After creating a new visualization the graph is empty, so the user must go
through the data browser and preview at least once to bring data into the graph. Once there is at least one
data item, document or bicluster, in the graph it is possible to load more data items without using the
data-browser by using the various actions provided via context menus described below.

Some features were available globally across the graph regard less of element type. Biclusters and
documents can be dragged for example. The ‘Link to...” function from the context menu also works on
both, it allows for creation of a user link between elements. User links were blue instead of white to
reflect a connection based on analyst insight rather than mining data. Same for the ‘Close’ menu item,
that however works on the links as well. Other features were specific to some elements.

Biclusters have two special actions. The first was ‘show documents’. It looks up all the documents
containing relationships part of this bicluster and adds them to the workspace; this allows the user to
‘dig into the details’. For example in Figure 8 the three documents (in grey) are the result of ‘show
documents’ on the trop right bicluster. The second ‘show bicluster links’ would load the link data
described in the browse link tab for that bicluster directly in the workspace and link it entity by entity to
this bicluster. An example of this entity-to-entity link can be seen in Figure 8. It allowed the user to
explore indirect relationships between entities.

Documents only have special action, ‘show biclusters’. This would load the first fifteen biclusters that
contained one or more of the relationships in this document within their cells. Originally this action
would load all related biclusters however this caused problems, generic entities such as ‘USA’ were in
many document biclusters, loading up hundreds of biclusters into the workspace.

The last special action is highlight link. This was available for user to make links wider and green to

differentiate them from other links on the workspace if they were of particular significance to them.
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April 30 1207670734 The same brief voice message was given
21 April, 2003 in Arabic in each call. A translation of this message
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to be on time".
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703-659-2317 se3
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[Amsterdam, The Netherlands, listed in the name Hans Pakes)].

fbi17
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703-859-2317 | [804-759-6302) is in fact a Sprint cell phone registered
7189528479 in the name Faysal Goba.
804-759-6302
804-774-8920

Figure 8: Sample area of graph workspace with biclusters and documents connected.

16



3 METHODOLOGY

The purpose of this study is to evaluate MineVis for sensemaking of text data. In this study, we ask each
user to analyze a set of text documents containing a fictitious terrorist plot. We are directly interested in
the following research questions:

Q1: How does the use of biclusters integrate into the story telling and analytics process? Specifically,
how are biclusters and documents used in combination during the analytic process?

H1: We hypothesize that users will be able to combine the computed, highly structured relationships
between entities (i.e., the biclusters) with the documents in the spatial workspace in order to complete
their task. The users may find it helpful to relate across different types of information.

Q2: What insights are grained from biclusters compared to those gained from documents?

H2: Since a bicluster is made of many documents we hypothesize that they will show and highlight the
connections between multiple documents. In addition, they can help gain rapid insight compared to
reading multiple documents. However we do not expect biclusters to help in gathering evidence as they

lack the detail to make compelling arguments.

3.1 Study Setup

We used two Mac Pros to run the system for the users. The first Mac Pro, the server, ran the webserver
and MineVis system. The second, the client, was the users machine.

The Client machine was set up as a Large High-Resolution Display outfitted with an array of eight 30’
LCD monitors. This gave the user a workspace of 10°240 pixels by 3’200 pixels to work with. Almost
no virtual navigation (scroll bars) was required to navigate the workspace with the exception of the data-

browser, which can require scrolling for searches with many results.
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Figure 9: MineVis running on the setup used for the study.

The MineVis workspace components were sized to take advantage of large display space (see Figure
10). The Data-browser and Preview were assigned to the screens on the top and bottom left. The data-
browser was on the left and the preview to the right of it at the top of the first screen. The other six
screens were reserved for the graph workspace giving the user plenty of space to organize and grow

their story graph.

Figure 10: The user workspace with each of the three main components highlighted in colors. Listed from left to
right: data browser, preview, and graph workspace.
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We used the Atlantic Storm dataset for this study [30]. It consists of 111 documents. The study
focused on the analysis and 4" step in the MineVis pipeline; the configuration, mining and chaining
algorithms were pre-run for the user. The mining was done with a support of 3 using LCM. This
generated biclusters of at least 3 rows and 3 columns. These settings were selected because the
individuals planning an attack in the data set rarely meet in large numbers, and hence using a larger
support could result in many missing connection. This generated 1001 different biclusters. The Chaining
was run with the default settings.

The study procedure consisted of three parts. First we explained the data structures and nature of the
dataset and trained them in the use of MineVis on a training dataset. Second in the investigation, the user
was asked to assume the role of an analyst and investigate the dataset for any threats of attacks being
planned. They were given two hours to investigate and told to be ready to report at the end. The third
part was the report and interview session, where we went over their results and recommendations for
future actions. Then we interviewed them on their use of MineVis to obtain information on how

biclusters affected their analysis.

3.2 User Demographics

The study included five male users between the ages of 25 and 27; each were compensated for
participation due to the three hours commitment. Four of the participants were graduate students
studying for either a Doctorate or Masters; one had a Bachelors degree but was not currently attending
graduate school. Four of them were computer science majors and one was a humanities major. Only two
had prior experience with visual analytics tools. Three of the participants wore spectacles and found the

text in the graph to be small (for one of them it was actually too small).
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4 RESULTS

4.1 Investigation Results

The main goal of the study was to evaluate the use of biclusters within the analytics process, therefore
we do not consider that there are right or wrong answers from the users. That said, we give a short
description of the plot and talk about what the users found within the allotted time. As aforesaid, the
participants were not expected to solve the data set in the two hours of the study. We were however
hoping they would have enough time to form some hypothesis about what might be planned and
describe the next steps to be taken to validate or further investigate their options.

The dataset consists of documents related to the main plot as well as many unrelated reports. The main
plot involves many people and most of which are not aware of the whole plan or what others are doing.
The main plot is supplemented by a “distraction” plot, planted by the same individuals in the hope to
stray authorities away from their real plan. Many users also found a third plot unrelated to the
individuals in the first. The second and third plots might seem compelling however there is no complete
solution to them in the documents of the dataset, in a way they are dead ends. Next we look at how the
subject fared on their investigations.

Subject 1 found most of the key players in the dataset during the two hours; he was investigating their
connection to find their plan. He started with the frequency list on a specific date that seems too
frequent. From there he loaded a bicluster and navigated the data set through a combination of show
documents and show biclusters within the workspace. Early on he found one man who seemed to be
funding an operation and some of the men he was meeting with. The subject did find the distraction plot
but he didn’t dig into it too much and continued investigating other options. At the end his
recommendation were to look into the connections of the man who seemed to fund others: a key figure

in the main plot as well as investigate a man who left London, part of the third plot. The subject had
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many of the major players in the main plot on his final layout, (see Figure 11) and he also knew they

were connected, but only needed to find out how.

Figure 11: Graph workspace of subject 1 at the end of the study.

Subject 2’s main strategy was to follow the moneys; this in turn led him to most of the main players. At
the end the subject was only missing some documents required to connect all the individuals. He started
by browsing biclusters with the money type, loaded one, and then displayed its documents to start his
investigation. This strategy led him to search for new leads, add biclusters and show documents several
times. He was aware of the distraction plot although didn’t obtain all the data on it; he investigated the
third plot until he hit a dead end. After that he back tracked to the funding and investigated the actions of
many of the players. He knew they had supplies but not what, he knew they could ship them and he
knew they were planning and meeting but not to what end. His final workspace can be seen in Figure 12;
his final recommendations included watching the actors of the distraction and third plot closely, but also

investigating the connection between the actors of the main plot.
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Figure 12: Graph workspace of subject 2 at the end of the study.

Subject 3 started broad and then focused in on leads one at a time. At first he looked up a known
terrorist mentioned in FBI reports (see top left of Figure 13). He found that his strategy was too broad
and loaded biclusters with Al-Qaeda in them and investigated terrorists with this affiliation (the
biclusters on the bottom middle section of the graph); as soon as he found a possible threat he looked
into the details. This led him to investigate the third plot until he hit a dead end; these are the documents
to the right of the previous group of biclusters. He then back tracked to other Al-Qaeda leads and
identified several people as key players of the main plot; see documents in the right third of the layout.
From their specialization (doctor, chemist, etc.) he was able to assume that they might be planning a bio
weapons attack. He spent the rest of his time trying to connect them and find out how they would attack,
you can see several biclusters in the far right of the graph. His final recommendation included the third
plot but also a specific list of leads to investigate regarding the main plot. Subject 3 was only missing a

few documents in order to piece the whole answer together.
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Figure 13: Graph workspace of subject 3 at the end of the study.

Subject 4 found the graph too small & slow; he instead preferred the data browser and used a
combination of search and preview to investigate. At first he attempted to use the workspace, but he
found the text and also grew frustrated by the amount of data the results of the ‘show biclusters’ and
‘show documents’ features returned. This can be seen in Figure 14, where he arranged some data on the
left side but then gave up and never used the rest of the space. He found the data-browser to have better
font size and to work faster from, and described his approach as brute force going from document to
document. He did however still use biclusters in the search results to go from document to document
through search terms. He found the distraction plot as well as the third plot. However when looking at
documents on the main players he often dismissed them as minor or unimportant, they might be
connected but did not seem to pose a threat. His recommendations included close watch of the
individuals of the second and third plot as well as further investigation of one of the individuals of the

main plot and his activities.
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Figure 14: Graph workspace of subject 4 at the end of the study.

Subject 5 quickly developed a strategy to investigate the dataset using a combination of biclusters and
documents. He started with people biclusters to obtain an idea of some people to look into and read the
documents for these biclusters, then from the interesting ones he went back to biclusters. You can see
this looking at the top left of his layout; the four initial documents are laid out vertically. Then he
opened related biclusters scanned them, opened linked biclusters for a few of these directly to the right
of these documents and quickly scanned them for interesting biclusters as well. He then repeated this
process of looking at documents from biclusters with relationships of interest and then going back to
biclusters. This can be seen on this workspace in Figure 15, with columns of biclusters followed by
columns of documents. He described his workspace as a storyboard for his thoughts from start to finish.
He tracked down the third plot to the arrest of it’s main actors, considered the distraction plot as a

possible plan and recommended investigating the students taking cruises further.
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Figure 15: Graph workspace of subject 5 at the end of the study.

4.2 Feature Use

Through their investigation as each user became more familiar with the tool they each developed their
own strategies. Here we look at the main features of MineVis and how the different subjects used them.
The data browser will be considered a feature although we will explore in more detail how each tab was

used.

4.2.1 Data Browser
The Search tab was the most heavily used tab in the data browser. Due to its versatility in returning

search results as both biclusters and documents it made the subsequent tabs almost useless. The search
was often used in conjunction with the frequency list to search for one of the entities. It was also used to
get new leads when the user ran out of leads in the graph workspace, for instance they wanted to
investigate a specific person related to a document that might not have showed up in nearby biclusters.
We also noticed that of the results they previewed users would skim documents and only add them if
pertinent to their train of though. The same is true of biclusters, however it is important to note that it
was actually more often biclusters rather than documents that were added to the workspace from the

search results. As one user said “I only manually added documents when I knew exactly what I wanted”.
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Overall the search was a key feature of the system helping as both a starting point and for getting new
leads.

The Frequency list tab was suggested to the users as a starting point. This was done to avoid them
being overwhelmed by the size of a data set they did not know much about. Most of them used it as a
starting point by looking through it until they found something that picked their interest.

The Browse Biclusters tab was used when the subject had a more specific strategy in mind. One
example is subject 2’s “follow the money” strategy; he simple browsed for biclusters involving money
rather than use the frequency list as a starting point.

The Browse Documents tab was included mostly for completeness and due to the efficient search it did
not see much use. It was used in some cases for example some biclusters had document title as a type
and the document list provided a quick and easy look up.

The Browse Links tab was barely used other than in the training phase. However the in-graph version of
the feature “Show Bicluster Links” was used more frequently (see the Graph Workspace section for

more details).

422 Preview
Every subject used the preview at least once since it is the only way to get data into the workspace

when it is empty. They also used it to add data from subsequent queries into the workspace. Users with
spectacles also seemed to have a preference for reading documents in the preview rather than adding it
to the graph to read it, most likely due to the larger font used in the preview.

Subject 4 was the only one who used primarily in the data browser and preview. He read all his
documents in the preview and kept a network of names on in his notes on paper. His method came down
to alternate search strategies: he would search for an entity usually a place or person, read the documents
then search for another entity and this time preview biclusters to find a connected entity with which he

would start this process over. He was aware of the “show documents” feature implemented in the graph
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but disliked the graph too much to use it. He agreed however that if given the ability to use it in the data-
browser by selecting show documents instead of add to workspace it would have been useful with his

strategy.

423 Graph Workspace
With the exception of subject 4 all the subjects did the bulk of their investigations in the graph space

using the various context actions provided.

All of the participants used a relatively small number of elements in the graph compared to the data
available to them. Table 1 shows the numbers of biclusters, documents, user links and highlights in the
final state of the workspace for each participant. Out of 1001 biclusters none used more than 100, and
perhaps more meaningfully, out of 111 documents none of the users inspected more than 50 documents.
This suggests MineVis might be effectively helping users to filter down the documents and read only

documents relevant to their investigation. We can also see that user links and highlights were barely

used at all.
Biclusters used | Documents used | User links used | Highlights used
Subject 1 36 29 0 1
Subject 2 34 24 3 0
Subject 3 77 47 0 5
Subject 4 45 31 1 0
Subject 5 87 29 6 1

Table 1: Element statistics for users final graph workspace.

Each of the participants had different strategies to navigate within the workspace. Table 2 shows the
types of links in use in each workspace at the end. ‘Bic/Bic’ stands for bicluster-to-bicluster links
obtained by using the ‘Add link to workspace’ feature or the ‘Show Bicluster Links’ feature. ‘Doc/Doc’

stands for document-to-document links that could only be created manually by the user. In fact they
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links account for almost all the user created links in Table 1. ‘Bic/Doc’ and ‘Doc/Bic’ represent the
bicluster-to-document links and document-to-biclusters links respectively, the first is created using
‘Show Bicluster Documents’ whereas the second is created using ‘Show Document Biclusters’. We can
see that in overall the participants preferred to see the documents linked to biclusters (show bicluster
documents) rather than the other way around with the exception of subject 5 who even said he found

them “equally useful”. Also keep in mind that subject 4 stopped using the workspace early in his

investigation.
Total Links in graph | Bic/Bic links | Doc/Doc links | Bic/Doc links | Doc/Bic links
Subject 1 84 11 0 52 21
Subject 2 71 9 3 34 25
Subject 3 169 12 0 101 56
Subject 4 61 4 1 26 30
Subject 5 130 21 6 31 72

Table 2: Detailed statistics on the types of links used.

Users used the close feature in two circumstances: the “read a document” or “bicluster” and
determined it was useful to their investigation. Or after using ‘show documents’ or ‘show biclusters’
they were overwhelmed with the amount of information and decided to explore another option but due
to the lack of an undo feature they had to close all the newly opened biclusters or documents. In one
case before the number of biclusters returned by ‘show document biclusters’ one of the subject spent 30
minutes closing all of the biclusters that opened as he did not want them to clutter his workspace.

Subject 5 made use of ‘user links’ than other users. He used biclusters and documents heavily
throughout his investigation and towards the end he explained that there was a series of names he

needed to investigate individually. He manually opened the documents to reach about each of the
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individuals in his notes and then once done synthetizing the information he proceeded to manually link

all the recently added documents together to represent he connections he learned about.
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5 DISCUSSION & FUTURE WORK

In this section we explore some of the various behaviours observed during the study. The results show
that all of the users integrated the biclusters in their strategies and used them to either reduce the amount
of documents to read or to target which documents to read. We also gathered a lot of insight on how
users conducted their investigation and how biclusters were used during the interview. The discussion
will be structured in four sub sections first a general discussion of the results relating to visual analytics,
then more specifically data mining concepts and information visualization concepts and last a short

discussion of framework possibilities.

5.1 Visual Analytics

Biclusters were used by all of the users, even the one that did not use the workspace; this shows that
they users were able to integrate them in their mental process to some extent even with limited training.
Most of the users also believed their progress would have been slower without having documents. The
answers they gave during the interviews also lead us to believe that biclusters almost function as a small
hypothesis. The hypothesis consists of the relationship the bicluster is made off, when this spiked the
interest of the users they usually investigated by using ‘show documents’. They already knew the
presence of the relationship but this allowed them to understand the nature of it and confirm or deny
they bicluster hypothesis, one user even said that ‘the documents are the evidence’ when describing the
differences between documents and biclusters. The way subjects used biclusters to connect documents
and navigate the dataset confirms our first hypothesis, viz. that biclusters can be integrated in the
analytic process and used in combination with source data. The bicluster as hypothesis and documents as
evidence mental model confirms our second hypothesis, viz. that biclusters provide different insight

from documents but do not replace them.
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Investigating the hypothesis by looking into the related documents was part of the strategy of many
users. This can explain why as shown in Table 2 there are more links from biclusters to documents than
documents to biclusters. However we believe it can be due to the fact that the result of show documents
was usually on par with their expectations of what it would be. The opposite action, show biclusters for
a document, did not usually meet their expectations and, worse, overwhelmed them with a long list of
biclusters (even after the results were limited to 15 entries). One possible cause for this is since there are
more biclusters than documents, the number of results will naturally increase and due to the lack of a
technique to rank biclusters the results are returned in a random fashion and arbitrarily limited to 15.
This lack of consistency likely keeps the users from being able to build expectations as to the results and
can be the reason for the poor adoption of this feature.

We also found that training plays an important role in the users efficiency at using the system. Users
can be trained in different aspects separately and some of our users had different backgrounds. First a
user can be trained as an analyst in investigation techniques, second a user can be trained in using visual
analytics software and third a user can be trained to use and understand biclusters. We believe these are
the main three types of training that apply to using MineVis and will explore each in more detail.

None of our users are analysts. While some have taken courses that covered visual analytics they still
cannot be considered to be analysts. It is important to make that distinction when considering their
performance or their investigation strategies.

Two of our users had previews experience with visual analytics tool. Since the graph workspace in
MineVis is very similar to other analytics tool with a layout component it is possible that these users
were able to reuse some part of previously developed strategies. When asked, one subject said that in the
graph he reused his previous strategies and it enabled him to organize it better. Both the users who had
previously used visual analytics tools seemed to be able to recall specific items in their layout better and

quickly give an explanation of what they did.
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None of our users were previously familiar with biclusters. Some of them were familiar with data
mining but not biclusters. While the concepts were explained to them in training it might not have been
sufficient to allow them to master the concept of biclusters. Three of the users believed that if given
more time they would be able to make better use of the biclusters in their investigations. Our findings
confirm that as we expected although users had difficulty understanding biclusters, the combination of
limited training and hands on use still allowed them to find ways to make use of biclusters in their
strategies and solutions.

Another pertinent topic to intelligence analysis is finding a starting point when investigating a new
dataset. This “where to start” problem becomes more important as the size of datasets increases. In
MineVis all the subjects were able to get started with relative ease; here we attempt to discuss the
features that were helpful and how they helped attenuate the “where to start” problem. We
recommended the frequency list from the data-browser as a starting point to all of the subjects, however
as mentioned in the results section not all of them used it. We believe the key factor is that the MineVis
system allowed the subjects to start with more concrete information on the dataset, entities and
relationships as opposed to more abstract information like a list of documents with abstract titles. This
allows users to focus more on their strategy for solving the problem at hand rather than their strategy for
exploring the data, for example one subject decided to investigate the people in FBI reports, and then
revised his strategy to investigating known Al-Qaeda associates. Another subject as mentioned before
focused directly on following the money and then used the systems features to accomplish this task.
Also note that MineVis is different from other visual analytics system in that it not only offers entities
and relationships from entities to entities, but also groups the relationships into biclusters. Biclusters
played a key role in allowing users to focus on their strategy to solve the problem and sensemaking
rather than foraging. Users relied on biclusters to explore groups of relationships and then decided which

of these should be further investigated. Without biclusters the users would have had to read the
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documents in order to build these connections, and hence biclusters allow them to focus the strategy on
the solution desired rather than the type of dataset. In MineVis the use of biclusters as connectors allows
a user strategize about “how to start” rather than “where to start”, shifting the starting point problem
away from foraging and closer to sensemaking.

In this study of MineVis we focused on evaluating document-based intelligence datasets but other
databases can be used with MineVis. The project configuration of MineVis was designed to be flexible
and allows for configuration on many different types of data. With a few changes to the visualization
workspace MineVis can be used on non document-based relational datasets. For example the IMDB
database could be mined and used to explore connections and patterns between actors, producers,
genres, or ratings in MineVis. Databases can be imported by either conversion to the MineVis project
database format or upgrading the MineVis project configuration to be even more flexible. This provides

opportunities for evaluating many new types of datasets.

5.2 Compositional Data Mining

The current implementation of MineVis has limitations on the data generated from the source dataset
as well as the ways in which can be used. In this subsection, we discuss our findings and explore future
possibilities regarding the data mining aspects of MineVis. First we will discuss issues related to
biclusters (how they were used, alternative types of biclusters that could be used, as well as additional
data that can be generated to measure biclusters). Second we will discuss the concepts of chaining
multiple biclusters in MineVis, again from both usage and perspectives of future possibilities.

Biclusters were aimed at information reduction, but with almost ten times more biclusters than
documents the risk of information explosion is real. Yet from the numbers in Table 1 we see that users
where not overwhelmed by the sheer numbers. We can say that biclusters generate more data but it
would be more accurate to say that biclusters generate more meta-data, as they do not add new entities

they only group entities together. So to the user the many different biclusters offer many different ways
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to look at the data but not more data. The users did not spend much time skimming lists of biclusters,
instead they used them in the context of their current train of through. The result is that in most
situations the number of biclusters the user looks at has already been filtered down using context.
Biclusters clearly outnumber documents but when used efficiently in the system that number is hidden
from the end user so that they see the benefits instead of being overwhelmed.

Information reduction is seen when biclusters are used in combination with documents, a key feature
for most subjects was the ability to go from bicluster to documents. Once they knew what they wanted
to find evidence, this feature allowed them to look at a reduced set of documents most of which would
be relevant. It is important then to discuss which biclusters were most useful to the user and the meaning
that they had. We identified three key attributes to biclusters: the size of a bicluster, the different kinds
of biclusters (domains on each sides) and the content of biclusters (generic or specific) and we will
discuss the meaning of each to the subjects. First it is important to look at how documents are related to
biclusters in more details. For example, as shown in Figure 16 below, we have a set of four documents:
for each we re-described the content as a list of relations from people to places and the bicluster
generated from those documents. Each cell in the bicluster is color coded to match the document it
originally came from. This not only shows how biclusters are related to documents but how the meaning
of the relationship between biclusters and documents to the user will depend on the context. A user
interested in the death star investigating this bicluster might find that 3 out of the 4 documents are
irrelevant; a user interested in Tatooine only on the other hand will find that only half of them are
irrelevant; and a user interested in Luke only will find that 3 out 4 contain information relevant to him.
This shows how a bicluster can have a different meaning and usefulness depending on the intent of the
analyst. Also note that sometimes information not directly relevant can prove useful as well, the last user
above might find that in fact the document not mentioning Luke actually talk about him anonymously so

the bicluster in this case would help him pick up on this less obvious fact. Last note that unlike in the
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example, documents are not limited to representing columns but can represent parts or rows or even

non-contiguous areas of a bicluster.

» Luke & Tatooine
» Obiwan & Tatooine
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O ’9(;} 5
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» Chewie & Tatooine (o

’)0 7
»Han Solo & Tatooine Obiwan . . .
w B0
» Luke & Death Star .
» Obiwan & Death Star Chewie . . -
»Han Solo & Death Star
» Chewie & Death Star Han Solo . . .

» Luke & Yarvin IV

» Obiwan & Yarvin IV
»Han Solo & Yarvin IV
» Chewie & Yarvin IV

Figure 16 Documents and list of relations in each on the left and bicluster generated on right. Color coded by
original document. Fictional data used.

We can now relate the concepts above to the size of the biclusters in the dataset. The example above
had 3 columns and 3 rows; in our study each bicluster had a minimum of 3 rows and 3 columns but
some were much larger (3 rows by 8 columns, 3 columns by 7 rows or 5 rows by 5 columns). When
asked on their preferred bicluster size, three of the subjects had no preference, and the other two
however noted that they preferred the smaller biclusters but made sure to note that they still found the
larger one useful. One explained that it was because when using ‘show documents’ on a smaller
bicluster the set of documents loaded would include more relevant documents, while larger biclusters
returned more documents and sometimes several of them were irrelevant to the subject’s current context
of investigation. We believe it is not the size of the bicluster itself but the relevance of the entities in it

that dictate how meaningful it is to the user.
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The entities in biclusters can be considered generic or specific, the more generic entities in one the
more generic the bicluster. Users skimmed biclusters to look for interesting relationships: if something
piqued their interest they would investigate it further; this could happen even for a single specific
relationship even if the rest of the relationships were more generic. Several of the users inquired about a
way to hide rows or columns from a biclusters to hide generic information. Information considered
generic were high occurrence entities such as countries or states, for example US or Virginia appeared in
so many biclusters it was not very meaningful to the users; other information such as an individual’s
name or a specific place like a shop is considered more specific. The more specific entities a bicluster
contained, the more meaningful the user found it. In one case a subject mentioned that he was looking
for specific term in a certain area of his layout and others in a different area of the layout, suggesting
that entities can be generic on a global level as well as on a local level. Trimming the dataset from some
of the generic entities could yield more specific biclusters globally but might not improve at a more
local level.

The last characteristic of biclusters we need to discuss is the type of relationships and the domains on
its sides. All subjects expressed that they found biclusters between people and location most useful.
Money was useful to two of the users who at least at some point attempted to “follow the money” as a
strategy. Of all the entity domains it appeared that dates was the least useful. Some subjects found that it
was simple not useful; others noted that skimming such biclusters was helpful but they generally did not
feel like digging deeper into it as opposed to the other more domains they found more useful.

These results suggest that the various characteristics of biclusters or their values cannot be sorted into
useful and non-useful at a glance. Context played a heavy role for users to decide how meaningful
different pieces of information were. Also the users often depended on documents since they can only
see relationships and not context in biclusters; but after reading documents they went back to the

bicluster knowing what was meaningful and what was not. However when a user did know an entity in a
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row or column of a bicluster there was no feature available for them to act on it; in some cases the other
entities seemed interesting enough for the user to investigate; in other cases they would give up on
investigating that bicluster further if they felt it had too many generic entities for the reasons mentioned
above. This suggests that a dynamic filtering on a biclusters could alleviate these problems, for example
in Figure 16 a user not interested in ‘Death Star’ might be able to filter or hide that row from the
bicluster.

MineVis currently only uses complete biclusters, biclusters where all of the cells of the matrix are
required, for example see Figure 17. Using an algorithm that can generate partial biclusters can present
benefits through non-constant rows and columns [31, 32]. Integrating such an algorithm into the
MineVis pipeline might offer benefits at the analysis stage. Currently if three people are related to four
locations, but two of the people are also related to a fifth location, the fact that the third person is not
related to that location will essentially truncate that information from the bicluster and possibly hide
something that could be relevant to one’s investigation. The potential of such biclusters should be

investigated.

Student |
Student 2
Student 3

Figure 17 Example of a partial bicluster.

Another similar possible extension of the mining done in MineVis is to use non-binary relationships.
Again coherent values might help just as in the non-binary case above [31, 32]. Currently the mining
algorithm only preforms mining on binary relationships. For example to the current algorithm two

entities are related to each other in 7 documents is just the same as two other entities that are only related
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in 1 document. Using a threshold we can then determine what is valuable enough to be considered a
bicluster: for example more than 5 only on a numeric scale (see Figure 18). This data could be used as
the intensity of the relationship and provide better options for linking, filtering or even ranking biclusters

and potentially again improve the investigation for the user.
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Figure 18 Example of a bicluster highlighted in a non-binary matrix.

Another possible feature that was not implemented in the system is a bicluster ranking feature.
Biclusters are used in search results, browsers and listed from either documents or other biclusters
through links, however they currently a way to sensibly order them. Various measures could be
automatically generated for biclusters such as interestingness or statistical significance and then used to
rank biclusters. Statistical significance could prove useful when loading a list of biclusters linked to a
document. Currently the first 15 query results of that feature are returned in an arbitrary order and
subjects mentioned that they sometimes found the results either too similar or not relevant, statistical
significance can alleviate this. Generating an interestingness value could improve the data-browser,
rather than just listing the biclusters by their ids the interestingness would be displayed and could help
users in selecting results to preview. The ability to rank bicluster offers the possibility to improve many

of the features in MineVis and in turns further assist the analyst in their tasks.
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Another important features of biclusters was chaining, i.e., the act of putting biclusters with matching
entities side by side. Study subjects did not use the chaining features as much as the bicluster and
document features; our expectations were that the users would be able to build long chains of multiple
biclusters as described in Figure 3 or even longer. These chains would act as stories from the start to the
end of their investigations, with documents branching of to the sides as evidence. In Table 2 we can see
the number of actual links from bicluster to bicluster resulting from using the show bicluster link
function, subjects 3 and 5 used it the most. However they did not use it as we had hypothesized. Their
strategies consisted of looking at biclusters for interesting relationships and to then investigate the
evidence by reading related documents. Then when a document warranted further investigation they
opened related biclusters. It was then that they would use the chaining link function; if the biclusters
related to the document did not show them information they were interested in they opened more
biclusters and looked again. The bicluster as hypothesis and documents as evidence mental model most
subjects used shows us that both are best in combinations. We can see on the graph layouts of subject 3
in Figure 13 and subject 5 in Figure 15 almost every single element has at least one connection creating
a large network. A chain containing only biclusters would offer little evidence for the hypothesis it
represents. This suggests our initial concept, using compositional data mining to build chains of
biclusters only, did not make for useful features for the user. Instead our findings indicate that to build a
good chain documents need to be included as well as bicluster in order to include not only the
hypothesis, gained by skimming biclusters, but also the evidence found in the documents.

Currently the chaining data in MineVis is only used to show bicluster links manually. However queries
could be used to build links between two items (entities, documents or biclusters). Given a start point
and an end point links could be created by linking several biclusters to each other. Note that unlike our
initial assumptions, as mentioned in the previous paragraph, chains should be made of both biclusters

and documents, used alternatively if possible. This would enable a user to explore direct as well as less
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obvious indirect connections between two items and the ability to automatically build long chains
compared to the current manual option using the graph layout. It presents several technical issues
however such as ranking the resulting chains. The similarity between two biclusters can be used to
choose a tighter match, but whether it is sufficient to rank the results of search results containing many
elements of different types has yet to be determined. Unlike a map where a user can easily chose
between a preference for the shortest route or a route avoiding tolls, the usefulness of a route from an
item to another through entities or document amongst others must be ranked by new preferences and
measures such as the ones discussed above. We can use what was learned about the way biclusters and
documents are used in combination to design ways to build chains automatically or interactively to

support the user with what they need.

5.3 Information Visualization

This section focuses on information visualization specific concepts, however many of them were
already addressed along with other concepts in the previous two subsections. Two important concepts
not yet discussed are the integration of semantic interaction and the concept of a clean or neat workspace
and what that can mean. First we will discuss how semantic interaction can help to avoid overwhelming
users and second we will look at the idea of a neat workspace.

Semantic interaction [11] could be used to address some of the issues raised in section 5.1. For
example if we added a feature to allow the user to highlight text and entities within a document, this
information could be used by an algorithm on the server side when loading the biclusters for that
document to filter out the ones not relevant to what the user through their highlight has indicated as
relevant. This can be done without the need for complicated input parameters that would increase the
mental load on the user. This technique could also be applied to the ‘show document’ action of the
biclusters to further improve it by letting the user mark the rows or columns of a bicluster as important

or not important. Many users actually expressed their wish for a way to ‘hide’ rows in a biclusters
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during both the investigation and the interview. They saw it as a way to hide irrelevant entities but their
willingness to perform such actions shows potential for semantic interaction. Links also present potential
for semantic interaction. Most users did not use highlight but one user mentioned that he would have
rather used arrows to show the direction of the connection. This suggests that the direction could be used
as soft data. Perhaps using features such as show document and show link should indicate that direction
automatically. Including these types of dynamic user interaction based fillers could allow the users to
deal with even larger dataset by keeping the mental load low.

Supporting an analyst’s desire for a neat/clean workspace offers an alternative way to look at
information overload issues. The users really wanted an undo or function or a delete multiple item
selection feature in the system especially when an action opened many new biclusters or documents.
They expressed a concern for keeping their workspace neat and organized. We believe there might be
more than just a usability need as they all asked for this in similar situation where they became
overwhelmed with the data. This suggests that perhaps there is a two types of workspaces a long term
workspace where data is neatly organized and approved to stay and a more short term workspace where
new ideas and data is added, filtered and evaluated for admission into the long term workspace similar to
the way long and short term memory works. It seemed to us as if the information could be displayed in
multiple layers as shown on Figure 19. The bottom layer would represent long-term information,
reviewed and accepted, while recent actions such as listing biclusters for a document would be on a
separate layer, short-term layout, on top of the long-term one. Sharing the same view port the two layers
would appear as one when viewed on the screen, however the separation would allow for discarding and
hiding the short-term layout to pursue a different avenue while maintaining the long-term layout or to

push specific elements to the long-term layout.
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Figure 19 MineVis on 2 layers displayed at an angle for better paper representation. The Long-term info is on the
bottom layout and the recently added list of biclusters is on a top ‘temporary’ or short-term layout.

54 MineVis as a Framework

The MineVis system provides a tight integration of data mining algorithm and visualisations through a
common database storage type. The system was designed to allow multiple algorithms or visualizations
at each stage of the pipeline. This however is limited to the current pipeline, refactoring MineVis as a
framework rather than a system would enable for a wider range of data types, data mining algorithms as
well as visualizations and analytics tools. There are many toolkits and frameworks available such as
visualization toolkits like D3 or the InfoVis Toolkit [33, 34] and focus on easing development of
visualizations. Or data mining frameworks like WEKA from the University of Waikato [25] focus on

providing tools for data processing and mining. A MineVis framework would not focus on either
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specifically instead it would focus on improving the integration of both. The MineVis system showed
the viability of the integration of biclusters into visual analytics for intelligence analysis datasets.
MineVis as a framework could enable many combinations datasets, data mining and information

visualization technique, including integration of currently existing frameworks to be evaluated.
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6 CONCLUSION

We have designed a system, MineVis, that combines the power of data mining and visual analytics in
a seamless environment. It uses biclusters to improve the visual analytics workspace by allowing use of
a new rich metaphor combining relationships.

Through a user study we found that while training was required to integrate biclusters into the user’s
mental model, the results showed great potential. All of our users were able to integrate biclusters in
their strategies. This allowed them to explore relationships and links across the workspace, affording
better non-linear investigation. Users were able to explore relationships between entities across separate
documents and form hypothesis and then read the related documents to confirm or deny it. They were
able to effectively focus on the connections and read documents in context as opposed to linearly or
randomly.

MineVis successfully integrates compositional data mining and visual analytics. As the study results
show, biclusters can be integrated into one’s strategies and provide new interactions with text based
datasets. We have also raised a lot of questions about the possibilities that this created. As the amount of
data we deal with every day keeps increasing, systems like MineVis allowing higher level views of the

data will become more and more essential for analysis tasks.
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