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Abstract 

                                                                                    

The research described in this thesis concerns with the visual exploration of gene expression 

in bio-molecular networks. Our focus is on investigating the merits of different visualizations 

as visual analysis methods with the eventual objective of hypotheses deduction. When 

designing each visualization, we focused on concept model visualization, i.e. each 

visualization is designed to capture a perspective of the biologist‟s understanding in 

molecular biology. 

Our contributions span four areas: visual analysis, visualization methods, user evaluation, 

and analysis of hepatocellular carcinoma biology. In visual analysis, we contributed a visual 

analysis framework which captures the biologist‟s practice of incremental investigation (see 

Chapter 1). We demonstrate that the approach of “filter first, zoom and details, overview if 

necessary” can support hypotheses deduction in biology. As such, our visual analysis 

framework can provide an engineering framework for bioinformatics software designers in 

future. 

In visualization methods, we designed the clustered circular layout for capturing the 

„network within network‟ organization of a GO_Process-defined Protein Interaction Network 

(see Chapter 4). We also designed the three-parallel plane layout as a novel method for 

visualizing the two-overlapping network (see Chapter 5). The uniqueness of our design is 

that, apart from the two heterogeneous bio-molecular networks G1 and G2, the overlap layer 

G3 is explicitly visualized in the middle plane. The node set V3 of G3 is commonly shared by 

the node sets of G1 and G2, i.e. V1 ∩ V2. Finally, we designed the circular plane layout as a 

novel method for visualizing the three-overlapping network (see Chapter 6). The uniqueness 

of our design is that the mappings between the three heterogeneous bio-molecular networks 

G1, G2, and G3 are being explicitly visualized as inter-plane edges. 

In user evaluation methods, we brought to the bioinformatics community the first set of 

benchmark tasks for evaluating usability of visualizations that display gene_cluster-GO 

relationships (see Chapter 3). These tasks define usability in terms readability and 

effectiveness in assisting analytical reasoning. They can be modified for evaluating data 

object-to-ontology relationships in any clustering pattern visualizations. 

In cancer biology, we proposed a tentative explanation on how the protein-based gene 

regulatory interactions may co-operate with RNA-based gene silencing interactions and the 

TGFB1 (transforming growth factor beta)-signaling interactions in promoting cancer growth 

(see Chapter 6). Our hypothesis can provide a direction to the cancer research community for 

future laboratory-based investigations. 



 

 vi 

In conclusion, we hope that this thesis will provide interested experts from the fields of 

bioinformatics, information visualization, and visual analytics, with a starting point for 

investigating visualization-related problems in molecular biology. 
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CHAPTER 1 

Introduction 

                                                                                    

“A Picture means A Thousand Words”─ OLD CHINESE SAYING 

1.1. Motivation 

One great advancement brought forward by the Human Genome Project in the last decade 

has been the increasingly routine application of high throughput technologies, e.g. DNA 

microarrays [97], protein-protein affinity microarray [115], CHiP-Chip array [13] and high-

throughput mass spectrometry [165], in biological research. Their extensive application turns 

molecular cell biology from a data-poor to a data-intensive science within a decade. The 

copious amount of data generated continues to challenge the biologist‟s cognitive capacity to 

gain a holistic understanding on its biological meaning. The problem is two-folded. 

The first has to do with the general conceptual view assumed by most biologists. Most of 

them have been trained in the reductionist approach towards biology. The term „biologist‟ 

used in this thesis is defined as experts who research and study biology at the molecular and 

cellular level. They are often known as molecular biologists and cell biologists respectively. 

This view assumes that we can understand the biological meaning of a complete single-cell 

network by having it dissected down to its individual components. In other words, we can 

understand the whole if we know how many molecules there are and more importantly, the 

supposed biological function of each molecule. Such an assumption leads to the emphasis on 

the choice of data mining methods available to biologists. The rationale has been that the 

biological meaning of a large-scale gene expression dataset can largely be explained by a 

handful of differentially expressed genes. However, recent discoveries that many low-copy 

expressed genes are functionally important to cancer progression show the fallacy of this 

rationale [94]. 

The second reason has to do with the multi-disciplinary approach required. Each of the 

disciplines, i.e. statistics, data mining, information visualization, and molecular biology, 

contributes to parts of the solution in the process of biological research (see FIGURE 1.1). Yet 

very few professionals in any of these disciplines are practitioners of adjacent disciplines. 

For example, researchers in bioinformatics visualization often focus on designing new 

visualizations of data generated by statistical or data mining algorithms, rather than capturing 

one or more concept models in biology. To achieve the latter will require a background in 

biology. 
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FIGURE 1.1. Key steps in a typical molecular biology research project in the post Human Genome 
Project era. A biologist represented by the ball-and-stick model needs to participate in a research 
process of four broad steps, i.e. (1) Laboratory experimentation, (2) Data curation, (3) Data and bio-
informatics visualization, and (4) Data analysis. Computing supports every step in this process, and 
visualization serves as the medium for the biologist to proceed from data curation to data analysis. 

Some visualization systems address the above problem partially by allowing the biologists to 

overlay gene expression values or expression correlation scores onto the nodes of a 

molecular network as colour hues. The protein interaction network (PIN) and metabolic- 

network (MN) are the two most commonly used. The assumption behind has been that such 

an integration should provide a glimpse on the systems-level interaction dynamics within a 

single cell. The molecular network is then generated as a node-edge network visualization in 

a variety of layouts, e.g. force-directed layout, circular layout, or grid layout. The same 

visualization also allows the biologist to integrate biological ontologies with the network in 

order to give it a functional context [104]. Without which, biologists will have difficulty 

deducing the meaning of the data, let alone hypothesis formulation. The latter is central to 

knowledge discovery [117].  

While it is true that network visualization has indeed facilitated the conceptual shift from 

reductionist to systems biology, the current network visualizations have two limitations. The 

first is that most visualization systems provide a whole-cell molecular network as the first 

step in network exploration. This idea is deeply rooted in the information visualization 

mantra of “overview, zoom and filter, details on demand” [141] rather than the biologist‟s 

work practice of incremental investigation. Furthermore, the network visualizations are 

generated using generic layout algorithms commonly used for addressing the issue of 

scalability. Yet the layout algorithm does not account for any biological context such as 

biological processes, molecular function, intracellular distribution, pathways, and disease 

association. 
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FIGURE 1.2. A computer-generated visualization of a human protein interaction network (PIN) 
superimposed on a cellular organization plan. Reproduced from Kojima et al. 2007 [87]. 

The result is often an unreadable network visualization that contains substantial edge 

crossings and node overlaps. The second is that most network visualizations can handle only 

one type of molecular interaction. The expanding variety of interaction types raises many 

practical and theoretical problems related to how these datasets should be integrated into the 

network representations (or models), how best to visualize the integrated network and how 

the network should be explored [148]. 

Using an integrated network of gene regulatory and protein-protein interactions as an 

example, the fact that the latter occur between proteins which are at least transiently co-

localized in a particular cellular component may favour an approach that seeks to generate a 

visualization that mimics sub-cellular components (see FIGURE 1.2). However the same 

approach may be unsuitable for gene regulatory interactions where the interacting proteins 

may be involved in multiple distinct and distally located biological processes [148]. One can 

argue that this can be resolved by simply changing layouts. Yet there is very little 

understanding on how different network layouts influence biological reasoning. 

The limitations discussed above impose a steep learning curve on bench biologists. They 

also expose the misalignment between the designer‟s intention and the biologist‟s analytical 
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thinking. Amar and Stasko [4] called this the worldview gap. This is reflected in some 

biologists‟ comments given during a heuristic evaluation [134] that the network 

visualizations provided by Cytoscape [104] and similar systems are the computer scientist‟s 

view on molecular networks. As a result, network visualizations are mostly used by bio-

informaticians who already have a background in data mining or statistics, rather than bench 

biologists. 

In summary, we identify significant challenges in molecular network visualization and 

visual analysis that further contributions are needed to overcome them. These limitations are:  

1. Current visualizations are mainly designed for representing data patterns in graphical 

form rather than representing concept models. Yet it is the latter that is more attuned to 

the biologist‟s analytical thinking. 

2. The visualization of molecular networks on a very large scale is cognitively challenging 

to the biologists and discourages the use of networks in data exploration.  

3. The lack of visualizations that integrate heterogeneous molecular interactions and allow 

the biologist to explore each of them simultaneously or in parallel.  

If there are limitations with the existing network visualizations, what are the challenges in 

designing visualizations or determining which visualization to use for analyzing gene 

expression?  There are at least four challenges to answer.  

1. The first challenge is the “curse of scale”.  While molecular interactions can be mapped 

to network representations, network visualizations worked well for small networks. As 

the molecular network approaches a few thousand nodes, node overlaps, node label 

overlaps, and edge crossings make the network visualization confusing and unreadable 

[61]. Protein interaction network (PIN) is the case to the point. Though it can be 

represented by a simple node-edge graph, the scale of even a bacterial PIN 

( 6000,5000 EV ) is beyond the human cognitive capacity to comprehend and 

therefore presents a steep challenge to layout design and interactivity design. 

2. Filtering is often used as a solution for reducing scale. Network reduction inevitably 

leads to the loss of information but will also reduce visual complexity. The challenge is 

to find a trade off between information loss and visual complexity, that is acceptable to 

biologists with diverse motivations.  

3. Biologists like to cluster data according to their ontological classification, e.g. Gene 

Ontology (GO). However, explicit visualization of the original network as inter-

connected clusters of molecules demands a change in network layout, which may affect 

the biologist‟s analytical reasoning. 
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4. There can be more than one concept model for interpreting the same integrated 

network. An integrated molecular network is one that integrates different interaction 

types, e.g. signaling interactions, metabolic reactions, and gene regulatory interactions, 

into one network. For example, bench biologists conventionally use the cascade model 

for depicting the integrated signal transduction (or signaling) and the gene regulatory 

network. This model depicts the two sets of interactions as two inter-connected sub-

networks, with the signal transduction sub-network being the input layer and the gene 

regulatory sub-network being the output layer. The emerging concept model is the 

systems model in which the two sets of interactions are considered to be one integrated 

network. It is not a straightforward decision to determine which concept model is 

„better‟ and should be visualized. As such, there is often a need to present both. 

Furthermore, each model may require a different network layout or even visual design. 

Knowing that more than one visualization are needed to assist biologists in analyzing gene 

expression data to a depth that can lead to hypothesis formulation, this thesis focuses on 

using a series of different visualizations to meet the above challenges. We attempt to answer 

these challenges in four research problems and conduct our research in a coherent manner 

using a visual analysis framework as introduced in the next section. 

1.2. A Visual Analysis Framework for Molecular Biology 

Nowadays, biologists perform microarray experiments for measuring gene expression on the 

genome-wide scale. He/she will then perform the two pre-processing steps, i.e. normalization 

and filtering to extract a set of quality data amendable to data mining or statistical analysis 

[145]. Following that, the biologist may want to extract a set of co-expressed genes. Then 

he/she will apply pairwise correlation coefficients such as Pearson or Spearman correlations 

to the dataset. Our framework is designed to mimic a series of visual analysis tasks with the 

assumption that a bench biologist would like to investigate gene co-expression as the first 

step (see FIGURE 1.3). 

The objective of our proposed framework is to assist biologists in deducing biological 

hypotheses incrementally using visual analysis. The motivation behind is to provide a 

framework that is based on modeling the biologist‟s work practice, i.e. filter first, zoom and 

details, and overview if necessary. The visual analysis framework consists of three steps, 

with each step focusing on a different type of network visualization, i.e.  

1. visual analysis of co-expressed gene clusters; 

2. visual analysis of protein interaction networks; 

3. visual analysis of integrated network.  
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FIGURE 1.3. A schematic representation of our proposed three-step visual analysis framework in 
relation to the biological concept models and the visualizations studied in each step. The 
visualizations used in each visual analysis step decrease in their level of abstraction but increase in 
scale and visual complexity. 
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Each step is a visual analysis task that employs one or more computer-generated 

visualizations. The purpose of each task is to support biological deductions through visual 

analyses. The level of abstraction represented by the visualization decreases with each step 

but increases in scale and visual complexity (see FIGURE 1.3). Therefore, the biologist uses 

increasingly informative but complex network visualization to extract biological meaning 

from the dataset on hand. In this way, any deductions made in one visual analysis step 

should assist the visual analysis in next step and so forth. This should reduce the cognitive 

challenge that the biologist has to face when analyzing a large gene expression dataset, while 

at the same time, allow them to perform progressively in-depth biological analysis. In this 

way, hypothesis formulation is achieved by the collaborative use of multiple visualizations. 

In the following sub-sections, the objective that each visual analysis step can achieve for the 

biologist and its role in the entire framework will be explained. During our elaboration, the 

various research problems will also be brought out followed with our proposed solutions. 

1.2.1. Research Objectives and Rationale 

1.2.1.1. Visualization and Analysis of Gene Ontology-annotated Co-expressed Gene Clusters 

Co-expression analysis is often performed on gene expression data as the first step, simply 

because it implies synchronized expression of genes. Furthermore, the selection of co-

expressed genes using correlation coefficients has the side benefit of filtering down a large 

dataset by 90%. When clustered in groups using shared GO Process category as the criterion, 

the resulting set of clusters informs the biologist on the set of co-regulated biological 

processes. This provides an abstraction on the functional organization of a cell at a level 

higher than any bio-molecular network visualizations. In other words, GO-annotated co-

expressed gene clusters is to give the biologist a glimpse of the functional organization 

within a single cell without having to examine the underlying molecular network. The 

significance of this step is that it assists the biologist to prioritize the biological processes for 

further investigation in the next visual analysis step because the clustering pattern when 

visualized will inform the biologist on the relative activity between different biological 

processes. Therefore, any visualization applied in this step must effectively display the gene-

to-gene co-expression and the gene_cluster-biological_process relationships. 

The issue of contention, however, is that the same set of gene clusters can be viewed in 

two different presumed biological concept models. The first is the gene-centric model. 

Simply speaking, this model assumes that knowing the biological process(es) a particular 

cluster of genes belongs to is adequate for making biological deductions. The second is the 

network model which assumes that the biological processes are inter-connected and are held 

together by the co-expressed gene clusters. These diverse views call for two different 

representations to be visualized. We introduce a non-graph matrix-like representation for 
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capturing the first concept model and a clustered bipartite graph for capturing the second 

model. As a consequence, a few questions arise. 

How do different representations affect biological reasoning? Which representation when 

visualized is better in assisting biological deduction? What analytical tasks does each 

visualization analysis support? The last two questions define the meaning of usability in the 

context of biological analysis. Answering these questions is crucial as the outcome will 

either validate the currently popular approach of color matrix visualization or the alternative 

approach of network visualization. As such, the outcome will either support or challenge the 

use of network visualizations in the last two steps of our framework (see FIGURE 1.3). In the 

light of this, we attempt to answer the posed questions using a case study and a task-oriented 

user evaluation. In the case study, visual analysis will be conducted using a published set of 

co-expressed genes which came in two sample sets, hepatocellular carcinoma (HCC) and 

normal hepatocytes [58]. In the user evaluation, we evaluate the usability of each 

representation by measuring user performance in three different variables, task completion 

time, accuracy and user satisfaction score. The user evaluation studies published to date are 

limited to visualizations in microarray analytical software [134, 135]. This is the first time 

that a comparative evaluation on concept-based visualizations has been conducted. 

1.2.1.2. Visualization and Analysis of GO-defined Protein Interaction Networks 

Since biological processes are largely driven by protein-protein interactions, the next step is 

to examine the protein interaction network (PIN) that drives each of the biological processes 

identified in the previous step. The rationale behind visualizing gene co-expression in the 

context of a protein interaction network (PIN) is to provide a more detailed view on the 

protein-protein interactions required for the functioning of co-regulated biological processes. 

More importantly, the biologist wants to identify proteins that are coded by co-expressed 

genes. Co-expressed genes often imply comparable molecular abundance of their respective 

proteins. If a pair of co-expressed genes is shown to interact with each other in the PIN, that 

implies their protein-protein interaction is active and the proteins are co-regulated. 

Another important piece of information is the intracellular distribution of the proteins, i.e. 

the spatial information for a biological process-defined PIN. For many biological processes 

to occur, their protein-protein interactions have to be co-localized in certain cell components, 

e.g. nucleus, cytoplasm, mitochondrion, and etc. When clustered in groups using the GO Cell 

Component ontology, the resulting clusters inform the biologists on the spatial organization 

of a particular biological process. Therefore, visualizations used in this step must display not 

only the protein-protein interactions and the gene-gene co-expression relationship but also 

the gene_cluster-cell_component relationship. 
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The significance of this step is to provide the biologist with the first glimpse on the 

network dynamics of each biological process. If the biologist examines a set of related 

process-specific PINs, he/she will be able to deduce the intersecting subset of protein-protein 

interactions that connects the set of biological processes of interest. Any co-expression 

between interacting proteins will suggest that they are co-regulated such that the processes 

can be co-activated. The intracellular distribution of co-expressed genes in multiple cell 

components often raises questions about protein transportation which is often used for 

regulating the activity of biological processes. The limitation of this approach is that the 

biologist is viewing a canonical PIN with a gene expression correlation score overlay rather 

than a real time PIN because the latter cannot be detected by microarray technology. 

There are currently two challenges in PIN visualizations. The first challenge is the 

network scale that needs to be visualized. Current solutions can be categorized to two 

approaches. One approach employs layouts that took biological knowledge into account [71, 

148]. Another approach uses data filtering [178]. The second challenge is to integrate the GO 

annotations with the PIN visualization, in especially for capturing the functional 

modularization of the PIN. Proteins belonging to a functional module can be defined by their 

membership in a biological process. Such a functional module can itself be subdivided into 

smaller modules (or sub-networks) if its proteins co-exist in multiple cellular components. 

This type of modularization is known as „network within network‟ or „module within 

module‟. The use of colour coding in correspondence to GO category membership has been 

the most common solution. If a protein is annotated with terms from multiple GO categories, 

the node will be coloured as a pie chart [178]. However, this approach faces the challenges 

of readability and colourability. Another solution is to partition the PIN according to GO 

category membership [7]. However, this approach can only present partitioning according to 

a single GO category and is suitable only for visualizing a PIN with only a few hundred 

nodes. 

To answer the first challenge, we will filter the human PIN using the GO Biological 

Process ontology. We called the filtered PIN a GO_Process-defined PIN. We then visualized 

the same GO_Process-defined PIN using two different methods, i.e. non-clustered PIN and 

clustered PIN visualizations. The first method is to visualize the GO_Process-defined PIN in 

a force-directed layout. This is the layout generally used for PIN visualizations. As the 

second method for visualizing the GO_Process-defined PIN, we design and implement the 

clustered circular layout as a new layout. On the one hand, the non-clustered PIN 

visualization uses a generic layout that does not take into account any further partitioning by 

biological knowledge. On the other hand, the clustered PIN visualization uses a clustered 

layout that represents the distribution of proteins in a variety of cellular components. Each 
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cellular component is represented by a cluster node label derived from the GO Cell 

Component ontology. By this method, we can present the physical localization of the 

protein-protein interactions for every known GO_Process in a human cell. The result will be 

a visualization that models closely to the „network within network‟ property of PIN. This will 

be a crucial feature for expanding the biologist‟s cognitive ability. 

The availability of two different visualizations for the same GO_Process-defined PIN 

brought to our attention a few questions. How do different visualizations affect biological 

reasoning? Which visualization is better in assisting biological deduction? What analytical 

tasks can each visualization support? What biological insights can be generated out of PIN 

visualizations with gene expression overlay? To investigate these questions, we conduct a 

case study on HCC again and also a domain expert evaluation on the non-clustered PIN and 

the clustered PIN visualizations. In the case study, the co-expressed genes of the HCC 

sample set are overlaid onto the full-scale human PIN. We then select seven GO Process-

defined PINs and perform a visual analysis on each using both the non-clustered and the 

clustered PIN. These GO Processes are biological processes underlying the characteristics 

defined by the current cancer model [68]. 

1.2.1.3. Visualization and Analysis of Two-Overlapping Integrated Networks 

PIN visualization allows the biologist to make deductions based on physical interactions 

between proteins. However, it is not a complete view of the cellular molecular network for 

two reasons. The first reason is that protein-protein interactions have specialized molecular 

functions. Some are signaling proteins which relay an activation/de-activation signal from 

protein to protein. Others are metabolic enzymes which catalyze the conversion of 

metabolites. The second reason is that there are other interaction types besides protein-

protein interactions. For example gene regulation requires protein-DNA interactions. With 

the discovery of non-coding genes (also known as RNA genes), RNA-RNA interactions 

become the latest addition to the full-scale molecular network. 

To provide the biologist with a more complete view of the molecular network, a 

visualization which integrates the variety of interaction types becomes necessary.  We 

called such a network an integrated network. The significance of this step is to provide the 

biologist with an overview of the molecular network so that he/she can add further details to 

the deductions made in the previous steps. This should assist the biologist in finalizing 

hypotheses formulation. 

When trying to visualize an integrated network, the issues of scale and scalability will 

arise. If all the interaction types are visualized in a single large network, the biologist will be 

faced with a myriad of edges in a variety of visual encoding. The other problem is how to 



Introduction 
   
 

11 

visualize proteins that have multiple molecular functions and are expected to participate in 

multiple interaction types. For example, a certain bacterial protein can be both a metabolic 

enzyme and a gene regulator. In this case, the protein has to be visually represented as 

separate nodes, each in a distinct colour hue or in a unique shape. In addition, an undirected 

edge, also distinctly coloured, has to be included to show that the two nodes are in fact 

representations of the same protein. Even more problematic is trying to identify such 

proteins in a large and complex network visualization. 

In view of these problems, we introduce the 2.5-dimensional two-overlapping network 

visualization in which each of the heterogeneous networks is drawn on a separate plane. 

Each heterogeneous network is of a distinct interaction type. The nodes and edges of each 

network are distinctly coloured. The planes are stacked in parallel in the 2.5-dimension. The 

two-overlapping network can also come in the two-plane and the three-plane representations. 

The difference between them lies in the additional overlap layer in the latter representation. 

The two-plane representation requires the two-parallel plane layout. The three-plane 

representation requires the three-parallel plane layout. Both are new layouts designed and 

implemented for visualizing the two-overlapping network. 

Here again, we ask the questions: which of the two visualizations is better in assisting 

biological deduction? Which of them are more readable at different network sizes? What 

analytical tasks can each visualization support? In a more general scope, we also ask whether 

the two-overlapping network visualization, no matter which representation, is able to capture 

the current biological knowledge, i.e. as a visual knowledge representation. Furthermore, we 

ask whether it is effective for formulating new hypotheses, i.e. as a knowledge discovery 

method. 

To answer the above questions, we conduct two case studies to find anecdotal evidence 

for supporting our choice of using the two-overlapping network as a method for visualizing 

an integrated network. The first case study employs network data from E. coli. Since it has 

been very well studied, E. coli is an excellent case for testing the effectiveness of any 

visualization as a visual concept model. The second case study is an extension of the HCC 

study conducted with the GO Process-defined PINs. The intention is to make new deductions 

that should be complementary with the latter. In each case study, we also compare the two 

visualization methods for their usability. 

1.2.1.4. Visualization and Analysis of Three-Overlapping Integrated Networks 

The rationale behind visualizing the three-overlapping network is that the two-overlapping 

network visualization is still not a complete view of an integrated network. Like its two-

overlapping counterpart, each sub-network in the three-overlapping network is of a distinct 
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interaction type drawn on separate planes. However, the three-overlapping network can 

come in two different representations, a parallel plane representation and a circular plane 

representation. Each captures a different biological concept model. The parallel plane 

representation captures the cascade model. This model assumes that the three sub-networks 

have a linear functional order. In other words, the interactions within network G1 will 

influence interactions within network G2 which in turn will influence interactions within 

network G3 and vice versa. The circular plane representation captures the systems model 

which assumes that the three sub-networks function co-operatively. That means the 

interactions within each network will influence those in the other two networks. Each 

representation requires a different layout when visualized. The parallel plane representation 

requires the parallel plane layout much like the one seen in the two-overlapping network 

visualization. The circular plane representation requires the circular plane layout which has 

the three planes arranged in a triangular formation. 

With two different visualization methods capturing two different biological concept 

models, a number of questions arise. With more inter-connected networks to analyse, what 

combination of networks can help the biologist to initiate the analytical process? Which 

visualization is better in assisting biological deduction? What analytical tasks can each 

visualization support? Again, we investigate these questions using E. coli and human 

networks as case studies. It is noteworthy to state that our work on the two- and three-

overlapping networks is highly experimental. Although multi-plane (or level) biological 

networks have been investigated before [14], the use of heterogeneous networks as multi- 

layers has yet to be experimented. 

1.3. Research Methodology 

The research methodology followed the three-step process of design, implementation and 

evaluation. 

1.3.1. Design  

We first design a visual analysis framework that captures the biologist‟s practice of 

incremental investigation. We then design the visualization methods for each step of the 

visual analysis framework. The choice of visualization design is based on the concept 

models used by biologists in their analytical reasoning. Each design is intended to capture 

either a certain biological concept model or to capture two different perspectives of the same 

concept model (see FIGURE 1.3). In Chapter 3, we design the block matrix to capture the 

gene-centric view of the cell‟s functional organization, and the clustered bipartite graph to 

capture the network view of the same functional organization. In Chapter 4, we design the 

clustered circular layout for visualizing the GO_Process-defined PIN. The design is intended 
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to capture the nested modular organization of the PIN. In Chapter 5, we design two methods 

for visualizing the two-overlapping network, i.e. two-parallel and three-parallel layouts. The 

two-parallel layout captures the direct mapping between the two heterogeneous bio-

molecular networks using inter-plane edges. The three-parallel layout includes an overlap 

layer that explicitly represents the nodes commonly represented by the two heterogeneous 

bio-molecular networks. In Chapter 6, we designed two methods for visualizing the three-

overlapping network, i.e. three-parallel plane and circular plane layouts. The three-parallel 

plane is designed to capture three bio-molecular networks as a path whereas the circular 

plane layout is designed to capture the same networks as a cycle. 

1.3.2. Implementation 

The drawing algorithms are implemented as plug-ins to the network visualization tool 

GEOMI [2]. All the visualizations are implemented as prototypes. For the first step in our 

visual analysis framework (see FIGURE 1.3), the prototypic implementations of GO-

annotated gene clusters generate static visualizations. This is intentionally done to satisfy the 

design requirements of the user evaluation. However, the implementations in the subsequent 

visual analysis steps become more sophisticated. For the final step in the framework, 

navigation by rotation and zooming are provided with the overlapping network 

visualizations. Case studies are performed on the implemented visualizations to evaluate 

their effectiveness as visual analysis methods. Each study involves experimenting and 

analyzing a visualization with one or more publicly available biological datasets as the input. 

Each visual analysis relates the biological deductions to the design of the visualization used. 

The overall objective here is to evaluate the merits (strength and limitations) of each design 

as a visual analysis method. 

1.3.3. Evaluation 

Of the three visual analysis steps in our framework, we conduct user evaluations on the 

prototypic implementations for the first two steps. Since clustering gene expression data 

using GO Process as a criterion has been widely practiced, we have accumulated enough 

understanding on the biologist‟s analytical objectives in general. This allows us to design 

analytical tasks that closely mimic those in the real life scenario, and in addition able to 

recruit a pool of biologists for the evaluation
a
. All these allow us to collect user performance 

data and opinions useful for deducing design guidelines. We make an additional survey on 

the same group of biologists and find that none had experience in reading PIN visualizations. 

For this reason, we conduct an expert evaluation in which the biologist will be asked to 

evaluate a GO_Process-defined PIN visualization according to a set of evaluation criteria. 

                                            
a
 The Human Research Ethics Committee approval number 9418. 
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They are modified from the published heuristics originally designed for evaluating pathway 

visualizations [135]. Because the two- and the three-overlapping network visualizations are 

relatively new, there are no biologists experienced in applying them to visual analysis. 

Furthermore, they are intended for in-depth analysis. Any analytical task will require long 

hours to complete. Hence, it is not practical for us to conduct a user evaluation. Instead, we 

rely on the case studies to provide anecdotal evidence on the usability of the two-and the 

three-overlapping network visualization. 

1.4. Contributions 

The contributions of this thesis fall into four areas: visual analysis, visualization methods, 

user evaluation, and analysis of hepatocellular carcinoma biology. 

1.4.1. Visual Analysis 

We made two contributions to visual analysis as follows. 

 The visual analysis framework (see FIGURE 1.3) which models after the biologist‟s 

practice of incremental investigation. We changed the conventional information 

visualization mantra of “overview, zoom and filter, details on demand” [141] to “filter 

first, zoom and details, overview if necessary”. Using a series of visualizations with 

decreasing levels of abstraction, our framework has the advantage of guiding the 

biologist step-by-step into network exploration. Hypotheses deduced this way are more 

likely to be based on one or more biological concept models than on statistical scoring 

or data mining output alone. 

 The experimentation of different visualizations in each step of the visual analysis 

framework also provides an understanding on how „design influences reasoning‟ in 

biological analysis. 

1.4.2. Visualization Methods 

In regards to visualization, we contribute new methods for visualizing bio-molecular 

networks as follows: 

 We design the clustered circular layout for capturing the „network within network‟ 

organization of a GO_Process-defined PIN (see Chapter 4). Our algorithm 

automatically generates sub-networks enclosed within cluster nodes with each cluster 

node representing a sub-cellular component. 

 We design the three-parallel plane layout as a novel method for visualizing the two-

overlapping network (see Chapter 5). The uniqueness of our design is that, apart from 

the two heterogeneous bio-molecular networks G1 and G2, the overlap layer G3 is 
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explicitly visualized in the middle plane. The node set V3 of G3 is commonly shared by 

the node sets of G1 and G2, i.e. V1 ∩ V2. 

 We design the circular plane layout as a novel method for visualizing the three-

overlapping network (see Chapter 6). The uniqueness of our design is that the mapping 

between the three heterogeneous bio-molecular networks G1, G2, and G3 is being 

explicitly visualized as inter-plane edges. Two algorithms are designed for handling two 

possible cases. The first case is fixed-free-fixed where G1 and G3 are drawn in a given 

layout whereas is drawn using the force-directed layout [44]. The second case is free-

fixed-free where only G2 is drawn in a given layout whereas G1 and G3 drawn in the 

force-directed layout [44]. 

Our visualization methods on overlapping networks resolve the issue of scale and visual 

complexity that arise from integrating multiple interaction types and node types in a single 

network visualization. This contribution is not only applicable to molecular networks but 

also in other domains. 

1.4.3. User Evaluation 

We also make two contributions to user evaluation.  

 We bring to the bioinformatics community the first set of benchmark tasks for 

evaluating usability of visualizations that display gene_cluster-GO relationships. These 

tasks define usability in terms readability and effectiveness in assisting analytical 

reasoning. They are also designed with an understanding on how biologists interpret 

gene_cluster-GO relationships (see Chapter 3). 

 Our experience in conducting user evaluation may inform other practitioners what 

measurements are useful for assessing user performance when the tasks involve 

analytical reasoning in a knowledge-intensive domain like biology. 

1.4.4. Analysis of Hepatocellular Carcinoma Biology 

Our contribution to hepatocellular carcinoma (HCC) biology is the hypothesis generated 

from our visual analyses (see Chapters 4, 5 and 6). Our hypothesis provides a tentative 

explanation on how the protein-based gene regulatory interactions co-operate with RNA-

based gene silencing interactions and the TGFB1 (transforming growth factor beta)-signaling 

interactions in promoting cancer growth. This hypothesis should provide a direction to the 

cancer research community for future laboratory-based investigations. 
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1.5. Thesis Organization 

This thesis is organized in seven chapters. In Chapter 2, the general background knowledge 

on information visual analysis, molecular network visualization, user evaluation studies, and 

systems biology is given. 

In Chapter 3, the two visual representations of GO-annotated co-expressed gene clusters 

are described. The design criteria and the drawing algorithm of each representation are 

introduced and also the case study on HCC is presented. We also present the design and 

results of the task-oriented user evaluation. These results have been presented in a 

visualization conference [54]. 

In Chapter 4, the non-clustered and the clustered visualizations of the GO Process–

defined PIN are described. The drawing algorithm for the layout of each visualization is 

introduced. The concept model of cancer biology [68] is introduced in the case study which 

served as a guide for our visual analysis. The HCC dataset used in Chapter 3 is re-applied to 

the case study. This is followed with an elaboration on the results of a domain expert 

evaluation. 

Chapters 5 and 6 are where we introduce the visualization problem of overlapping 

network. In Chapter 5, the two representations of the two-overlapping network are 

elaborated. The drawing algorithm for visualizing each representation is introduced. Two 

case studies are presented. The first concerns with E. coli networks in two combinations and 

the second concerns with human cancer-related networks in two combinations. The result of 

the visual analysis conducted in each case study is also presented. This work has been 

published in a bioinformatics journal [55]. 

In Chapter 6, the two representations of the three-overlapping networks, the drawing 

algorithms and the two use cases are elaborated. The first use case concerns with the 

integration of three E. coli networks. The second concerns with the integration of three 

human cancer-related networks. This work has been accepted for oral presentation in a 

visualization conference paper [56]. 

Finally, general conclusions on the research results in Chapters 3 to 6 are presented in 

Chapter 7 and so are the directions for future work. 

 

{End of Chapter 1} 



CHAPTER 2 

Background 

                                                                 

“Graphics reveal Data”—EDWARD R. TUFTE 

2.1. Information Visualization 

Visualization is the translation of data or information into graphics whereas computer-generated 

visualization is a multidisciplinary science that involves computer science, psychology, graphics 

design, and human-computer interaction. The most concise definition of visualization was given 

by Card et al. [22]. 

„Visualization is the use of computer-supported, interactive, visual representations of data to 

amplify cognition.‟ 

Its purpose is to enhance the comprehension of data and/or information by exploiting the 

human cognitive capacity in rapid visual pattern recognition [159]. Effective visualization should 

enable us to observe, manipulate, search, navigate, explore, filter, discover, understand, and 

interact with large volumes of data more effectively to discover hidden patterns [61]. The 

mandate of visualization research is to search for new methods for encoding data in graphical 

forms so that the human user can comprehend, navigate and manipulate the data. 

Visualization is historically divided into two categories, i.e. scientific visualization and 

information visualization [22]. Their categorization is primarily based on three criteria: 

1. Domain: Is the domain scientific or non-scientific? 

2. Data: Is the data physically based? The primacy of scientific visualization is to impart a 

visual representation to data that are measurements of physical objects, e.g. wind tunnel 

vector data. In contrast, the primacy of information visualization is to impart a visual 

representation to data that are an abstraction of information, e.g. document collections. 

3. Spatialization: Is the spatialization given or chosen? In scientific visualization, the data is 

inherently spatial because of its physical nature. Therefore, the visual representation has a 

given spatialization. In information visualization, the data involved is not inherently spatial. 

For this reason, there is the need to design a spatial topology for the synthetic visual 

representation. In this case, the objective of spatialization is often to leverage the user‟s 

cognitive ability to unpack information out of the visual representation. In other words, the 

spatialization is chosen rather than given [127]. 
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(a)      (b) 

FIGURE 2.1. The earliest forms of visualization in biology. (a) Anatomy of the human arm drawn by 
Leonardo Da Vinci in the 16

th
 century (circa 1510). (b) The phylogenetic tree of the animal and plant 

kingdoms. 

In summary, scientific visualization focuses on visualizing physical data that are inherently 

spatial. On the other hand, information visualization focuses on information which is often 

abstract and in many cases does not automatically map to the physical world. 

2.2. Bioinformatics Visualization 

Visualization has been applied to biology and medicine for a long time. There are examples in 

scientific visualization and also examples in information visualization. The manual drawing of the 

human anatomy was the earliest form of scientific visualization (see FIGURE 2.1(a)) because it 

visually represents the physical and spatial structure of the human body. The drawing of the 

taxonomy in the animal and plant kingdoms is the earliest example of a combined scientific and 

information visualization (see FIGURE 2.1(b)). It is a scientific visualization because the plants 

and animals are physical objects. It is also information visualization because the evolutionary 

relationships between the objects are a human projection. 

In modern medicine, the most prominent examples of pure scientific visualization have been 

medical imaging. Technologies such as computerized tomographic (CT) scan, magnetic resonance 

imaging (MRI) and ultrasound scan render a visual representation of the tomographic volume data 

generated by electromagnetic emitting devices. 



Background 
    
 

19 

 
FIGURE 2.2. Visualization of microarray data in the context of the Gene Ontology hierarchy using Treemap. 
Reproduced from Baehrecke 2004 [5]. 

In molecular biology, the best example is the visualization of protein molecules constructed 

from X-ray diffraction data. In these examples, spatial information is crucial to the biologist‟s 

understanding of biology. There are a few if uncommon examples of pure information 

visualization in medicine and biology e.g. Gene Ontology visualized in Treemap [5] (see FIGURE 

2.2), and medical literature visualized in three-dimensional contour map [117] (see FIGURE 2.3).  

Rhyne [127] commented that information visualization is no less important than scientific 

visualization when it comes to genomics simply because of the qualitative and transient nature of 

the knowledge. Indeed, scientific visualization alone cannot enhance the user‟s understanding of 

the data generated by high-throughput technologies such as DNA microarray, protein array, and 

DNA sequencing because the spatial information inherent with the dataset has no biological 

meaning and the numerical or nominal values within the dataset are uninformative without some 

form of abstract (or contextual) data attached to it. That is because the abstract data assist the 

biologists in explaining the scientific data. In the view of this, we can give bioinformatics 

visualization a concise definition. 

„Bioinformatics visualization is scientific visualization that involves biological information 

visualization.‟ 

Because bioinformatics visualization contains both scientific and abstract data, it will serve as 

a tool for communicating a biological concept to the biologist and for exploring the data to the 

point where hypotheses can be formulated. Usually, the hypotheses are based on novel biological- 
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FIGURE 2.3. Parallel visualization of the therapeutic chemical clusters in (1) OmniViz Galaxy in relation to 
(2) pharmaceutical citation volume in the three-dimensional contour map. Reproduced from Saffer 2004 
[117]. 

relationships uncovered from the visualization. This is by far the most important pre-requisite to 

biological knowledge discovery [117]. Therefore the mandate in bioinformatics visualization is to 

search for new methods for capturing the biologist‟s concept model(s) in graphical forms so as to 

enable the visual analysis of biological data [106]. The biological data here means the scientific 

data generated from experimental data collected during biological research. 

2.3. Visual Information Analysis 

Proponents of visualization argued that by exploiting human visual perception, computer 

generated images can assist users to explore and comprehend data. Indeed, human vision is very 

adapted to pattern recognition in especially pattern anomaly. The emerging area of visual data 

mining aims at leveraging this perceptual capability by mapping data to different visual 

representations. The hope is that unexpected properties of the data set will get augmented by a 

particular visual representation thereby not only to enhance the user‟s understanding of the 

experimental data, but also to encourage one to explore the data to the point where hypotheses can 

be formulated. This exploratory aspect of visualization is often known as visual analysis [143]. 

Therefore, visualization is more than just a tool for communicating information about data to the 

users. It is also a tool for generating new knowledge from data. 

Put simply, visual information analysis is the application of information visualization on 

investigative or exploratory data analysis [143]. Visual analytics is the science of analytical 

reasoning supported by interactive visualizations as interfaces. The purpose is to highlight hidden 

patterns of the dataset so that the user can generate insights that would otherwise be impossible. 

In this sense, visual analytics can be seen as a data mining method because data mining is 

commonly defined as the extraction of patterns or concept models from experimental data [173].  

Concept model visualization is the process of using visualization methods to make the discovered 

knowledge understandable by the human user. Because the cognitive process of extracting high-
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level potentially useful knowledge from low-level data is crucial to knowledge discovery, visual 

data exploration plays an important role in this. Furthermore, visual data exploration is especially 

useful when little is known about the data and/or the analytical objective is vague. Hence, it is of 

value as a hypothesis generation method [174]. Visual data exploration in the form of concept 

model visualization is more intuitive than statistics-based data mining methods. For this reason, it 

suits domain experts whose lack background in statistics and mathematics. 

Several researchers have outlined visual analytical frameworks that describe how users apply 

information visualization to data analysis. These frameworks share the common characteristic of 

modeling a user‟s participation in the visual analytical process as an iterative sequence of steps. 

Each step has a different focus and a different the level of abstraction. 

The model proposed by Card et al. [22] put forward a high-level model of human analytical 

activity. They called it the knowledge crystallization cycle where the objective is to gain insights 

from data relative to some tasks. The analytical steps involved in this model range from „foraging 

for data‟ to „deciding or acting on the findings‟. Spence [144] extended Card et al.‟s model by 

specifically investigating the „foraging for data‟ step in terms of visual navigation. He related 

visual navigation to cognitive activities such as concept model formation and information 

interpretation, and argued that the way users navigate, explore, and visualize a dataset will 

influence how they think about the dataset. 

The cognitive process of visual analysis has also been investigated from a task-centric 

perspective. Shneiderman [141] proposed a two-step visual analysis framework, i.e. “overview 

then detail”. He further suggested that information visualization systems need to support seven 

tasks in order to facilitate the problem-solving process. These tasks are overview, zoom, filter, 

details on demand, relate, history, and extract. They are obviously an extension of his well known 

information visualization mantra of “overview, zoom, filter, and details-on-demand”. 

A more recently proposed framework [4] considered data analytical tasks as high-level 

knowledge-based analytical activities. Therefore, the Amar and Stasko‟s framework emphasized 

heavily on supporting decision making and domain learning by identifying useful relationships 

from data. It presented analytical steps that users of a visualization system would typically 

perform, e.g. complex decision making, domain learning, identifying, explaining, and predicting 

trends. However, visualization systems that employ Amar and Stasko‟s framework are yet to be 

seen. 

2.4. Graph Drawing and Network Visualization 

Network visualization has emerged in recent years as an actively research area in information 

visualization. In chemistry and biology, network visualization has been applied to evolutionary 

trees, phylogenetic trees, molecular interaction networks, genetic maps, and biochemical 
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pathways [175]. It is especially important to molecular biology since molecules that interact or 

regulate one another are readily visualized as a network (or graph) [32]. Therefore, one can argue 

that network visualization concerns mainly with graph drawing. 

At the simplest level, biological molecules within a single cell can be displayed as nodes (or 

vertices) and interactions can be represented as edges. The edges can be undirected or directed, 

i.e. specifying a source and a target. The biological molecules come in different types, i.e. genes 

(DNA sequences), gene products (proteins and RNA), and metabolites (glucose, pentose 

phosphates, and lipids). Thus the interactions among genes, gene products, and metabolites can be 

visualized as networks with directed or undirected edges. Directed edges are suitable for 

visualizing the flow of metabolites in a metabolic reaction or the flow of information from a gene 

regulator to the target gene which expression it regulates. Undirected edges are suitable for 

visualizing physical interactions between molecules such as protein-protein interactions. 

The visual encoding and topology of the graph can be presented in a variety of ways. Nodes 

can be represented by spheres, boxes, circles, squares, and a combination of these or none of the 

above but implicitly by their name labels.  Edges can be displayed as straight line, Bezier curves, 

and etc. Additional information on a node or an edge can be represented by using the properties of 

visual entities such as colour and size or using text labels positioned next to the node or the edge. 

A network can be drawn on a two-dimensional plane or in a three-dimensional space. A 

combination of these visual design elements forms the visual representation of a network [49]. 

After deciding on the visual representation needed, the next question to be resolved is how to 

automatically position the nodes and edges in a readable form (layout). The layout of a graph is 

the geometrical mapping of the nodes and edges onto a two-dimensional plane or three-

dimensional space.  The choice of layout often determines how comprehensible the graph is to 

human cognition.  Different applications may require different layouts and therefore different 

criteria for determining whether the layout is good or bad.  These criteria are appropriately called 

aesthetics criteria.  There have been a few general aesthetics criteria applicable to a wide range 

of graph drawing [176].  They are listed as follows: 

1. Crossing minimization 

2. Bend minimization 

3. Area minimization (2D layout) 

4. Volume minimization (3D layout) 

5. Good angular resolution 

6. Total edge length minimization 

7. Symmetries maximization 
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(a)      (b) 

FIGURE 2.4. Visualizations of the yeast protein interaction network using (a) two-level circular layout, and 

(b) hub-satellite spherical layout. Reproduced from Lee and Megeney 2005 [90]. 

Not all of these criteria are important to the layout of every biological network. For example, bend 

minimization will be more important than area minimization to the graph layout of metabolic 

network because the emphasis is on the flow of metabolites through a series of reactions. It is 

easier for the human eye to follow an edge with only a few or no bends than one with frequent 

zig-zags. 

In large scale graphs containing a few thousand nodes and edges, it is difficult to satisfy more 

than one criterion simultaneously because the criteria may contradict each other. More evaluation 

on the aesthetics criteria of graph drawing in the field of bio-information visualization is required. 

To date, most bioinformatics tools automatically draw static layouts of networks that roughly fall 

into three categories: circular layout, force-directed layout, and hierarchical layout. The fourth 

category known as the multi-plane 2.5D layout has not yet been widely used and is in an 

experimental stage for bioinformatics applications. 

2.4.1. Circular Layout 

In its simplest form, each node is placed on the circumference of a circle and edges are drawn as 

straight lines. The drawing algorithm consists of three basic steps: 

1. Crossing reduction: This step computes the ordering of the nodes such that the number of 

edge crossings is minimized [10]. 

2. Node positioning: This step assigns the x,y-coordinates to every node such the nodes are 

arranged in a circle. 

3. Edge drawing: This step draws the edges, usually straight lines, between nodes. 
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A more complex variation is the concentric layout [140]. Each concentric level contains nodes 

with a higher degree than those in the adjacent outer level. As a result, nodes with the lowest 

degree are being arranged in the innermost level and the ones with the highest degree are being 

placed on the outermost level (see FIGURE 2.4(a)). The purpose is to expose the highly connected 

nodes within the network while revealing their connection with the rest of the network. This 

approach is particularly suitable for representing scale-free networks, e.g. canonical proteome and 

metabolic networks. Its limitation is that substantial edge crossings may occur in large-scale 

networks and will make identifying k-neighbours per node difficult. 

The three-dimensional variation of the circular layout is the concentric hemispheres [90]. The 

nodes are being ranked by their node degrees and divided into three groups. Nodes within each 

group are being placed on the surface of three concentric hemispheres. The nodes with the highest 

range of node degrees are being placed on the outermost layer whereas those with the lowest 

range of node degrees are being placed on the innermost layer (see FIGURE 2.4(b)). This layout 

also has the advantage of separating the high degree nodes from the low degree ones while 

reducing edge crossings. Its limitation is the occlusion formed by the aggregation of high degree 

hubs. 

2.4.2. Force-directed Layout 

This method models the nodes in an undirected graph as repelling charged balls. This is the 

repelling force. In order to limit the distance between the repelling nodes, the edges in the graph 

are modeled as springs. This is the attraction force or the spring force [177]. The original force-

directed algorithm now known as spring embedder was proposed by Eades [44]. Given an 

undirected graph G = (V, E), let Vvvpp )( be the vector of node co-ordinates ),( vvv yxp . 

Eades‟ algorithm [44] defines the repelling force between every pair of non-adjacent nodes 

Vvu, as: 

vu

uv

vurep pp
pp

c
ppf

2
),(  

where c  is the repulsion constant, uv pp  is the length of the difference vector uv pp  

which is the Euclidean distance between positions pv and pu, and vu pp  is the unit length vector 

uv

uv

pp

pp  pointing from pu to pv. 

The edge connecting the pair of non-adjacent nodes Vvu, is modeled as the spring force which 

is defined as: 
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where c is the constant controlling the strength of the spring, l is the natural length of the spring. 

The placement of the nodes is computed iteratively until force equilibrium is attained when the 

spring force and the repelling force almost cancel out each other. 

Force-directed layouts are ubiquitous in visualization tools because of their ease of 

implementation. One limitation of force-directed algorithms is that they require O(n
2
) time to 

attain equilibrium where n is the number of nodes. For this reason, some implementation allows 

users to terminate the algorithm at will. Yet its biggest limitation is poor predictability. Repeated 

running of the algorithm does not necessarily generate the same layouts, therefore, demanding the 

reconstruction of a new mental model on the user‟s part. At the large scale, the force-directed 

layout algorithm generated the „hair ball‟ effect typically seen in many PIN visualizations [148]. 

2.4.3. Hierarchical Layout 

The hierarchical layout is used for directed graphs. A hierarchical graph is a graph that exhibits a 

hierarchy of parent-child relationships. Because the nodes within the hierarchical graph are 

organized into a hierarchy, they can be drawn on k-levels such that the hierarchy is displayed as a 

series of parallel and horizontal levels [149]. Each inter-level edge represents the parent-child 

relationship between two nodes. The drawing algorithm usually consists of four main steps: 

1. Level assignment: This step assigns each node with a y-coordinate. The node set within each 

level has a distinct y-coordinate to ensure the clear separation of levels. 

2. Crossing minimization: This step computes the ordering of the nodes in each level such that 

the number of inter-level edge crossings is minimized or otherwise reduced. This is usually 

done by examining adjacent levels and the inter-level edges (see below). 

3. Node positioning: This step converts the node ordering of each level into x-coordinates. 

4. Edge drawing: This step draws the edges, usually straight lines, connecting nodes within 

different levels. 

For step 2, one commonly used method is the barycenter heuristic which is also called averaging 

[149]. Because it is easy to implement, linear time complexity, and generally gives good results, 

the barycenter heuristic is a very popular crossing minimization method. Given a bipartite graph 

G = (V1, V2, E) in which 1Vu  and 2Vv , the position of the node u is defined as the average of 

the x-coordinates of its neighbours N(u) where }},{:{:)( EvuvuN . The barycenter score of 

node u can be computed as the follows: 
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where pos(v) is the relative ordering node v. The nodeset V1 is then sorted by the barycenter 

scores. For every node u, its barycenter can be computed in O(N(u)) time. Hence, the barycenters 

of all nodes can be computed in linear time. 

The greatest strength of the hierarchical layout is the clear layout of the parent-child 

relationship structure between objects. However, visual complexity due to edge crossings 

increases with the number of nodes in each level. 

2.4.4. Multi-Plane (or Level) 2.5D Layout 

All the above layout methods discussed so far are used for 2D graph drawings. These methods 

tend to have one or more of the following limitations: 

1. Lack of scalability: 2D layouts can at best accommodate a few thousand nodes without 

running into two constraints. The first is computational efficiency. The runtime of the 2D 

layouts becomes increasingly prolonged with the increase in the number of nodes and edges 

by an order of magnitude. The second is visual complexity. The inclusion of over ten 

thousand nodes in a graph will be cluttered due to the high levels of edge crossing and node 

overlaps. This will certainly reduce readability making it difficult to recognize patterns and 

inhibiting good insight on the data set. 

2. Restricted capacity for domain complexity: There are certain network properties pertaining to 

a particular knowledge domain that requires multiple visual encoding and multiple layout 

conventions. Molecular biology is a knowledge intensive domain. It is difficult to produce a 

readable biological network that has multiple glyphs for representing different types of 

molecules and multi-colour edges for representing different types of interactions between 

molecules (also see section 2.6.5). 

The 2.5D multi-plane layout resolves the limitations of 2D layout by using a divide-and-conquer 

approach [183]. A graph (or network) is first divided into a series of sub-graphs (or sub-network), 

and then each sub-graph is drawn on a separate plane using one or more of the 2D layout methods 

listed in the previous sections. In general, the drawing algorithm consists of four steps: 

1. Graph partitioning: This step partitions a graph G into a set of sub-graphs miGi 1: . 

2. Sub-graph drawing: This step draws each sub-graph Gi, for each i in the range 1 ≤ i ≤ m, on a 

plane Pi using a certain 2D drawing algorithm. 

3. Plane arrangement: This step arranges each plane Pi in a 3D or 2.5D formation by satisfying 

some chosen criteria. 
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4. Inter-plane connection: This step draws all the edges in between planes. 

This algorithm is very flexible since arbitrary choices can be made according to some domain 

knowledge or computational optimization criterion. For step 1, the appropriate partitioning can be 

determined by the domain application. In molecular biology, this partitioning can be determined 

by the functionality of different molecular interaction networks. Otherwise, graph partitioning can 

be a classic optimization problem, e.g. finding triangular motifs, finding minimum cuts, or a 

balanced partitioning. In most cases, such problems are NP-hard. However, linear time heuristics 

are available [184, 185]. For step 2, one can select a preferred 2D graph drawing algorithm based 

on the application domain [176, 186]. For step 3, some criteria are involved. For example, the 

number of planes should be kept to the minimum. Otherwise, the visualization will lose its 2.5D 

attitude. The other criterion is to avoid intersection between planes. There is also the need to 

minimize inter-plane edge crossing, i.e. where at least one crossing edge has endpoints in two 

different planes. In the same theme, one can also consider other criteria such as minimizing the 

total inter-plane edge length in the drawing. 

The time complexity of the multi-plane layout algorithm depends on the time complexity of 

the method chosen for each step. At present, multi-plane layout is not generally available in 

visualization tools but has been experimented successfully on metabolic networks [14, 187]. 

2.5. Visualization of Gene Expression Pattern 

The existing methods for visualizing gene expression data generated from microarray 

technologies come in four main approaches. 

Visualization of gene expression patterns.  This is the visualization of the data pattern as an 

output of a certain clustering algorithm. The resulting visual pattern is entirely determined by the 

grouping of gene expression values. The aim is to assist the biologist in the task of identifying 

groups of co-expressed genes and groups of differentially expressed genes throughout a series of 

experimental conditions or time points. 

Contextual visualization of gene expression. This is the visualization of gene expression data 

being mapped to the restricted controlled vocabulary schema curated by the Gene Ontology 

Consortium [60]. 

Visualization of gene co-expression network. This is the visualization of gene expression data 

that have been filtered according to a statistical correlation score, e.g. Pearson correlation. 

Visualization of gene expression in molecular networks. This is the visualization of a 

biological network being overlaid with gene expression data. 
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FIGURE 2.5. Visualization pipeline for mapping data to a network representation and then visualizing the 
network as a picture. 

Of the above approaches, the last three employs variations of the visualization pipeline shown in 

FIGURE 2.5. It is a process for mapping abstract data to a visual representation and broadly 

involves two essential steps. The first is the analysis step which extracts an information model 

from the abstract data. This information model can be a type of ontology schema or a type of 

graph-theoretic representation. The second is the visualization step which generates either a non-

graph or graph visualization. In the following sub-sections, the methods used in each approach 

and the strength and weaknesses of each will be elaborated. 

2.5.1. Visualization of Gene Expression Patterns 

By far, the earliest visualization method and the most widely used is the „dendrogram + colour 

matrix‟ (see FIGURE 2.6). In order to give the colour matrix a visible pattern, the dataset is 

analysed with a data mining algorithm and gene expression profiles are organized into a 

„dendrogram + colour matrix‟. A gene expression profile is the vector of gene expression values 

represented by each column on the matrix. The colour matrix is being used to visualize clusters of 

similar expression profiles whereas the dendrogram indicates the degree of similarity (or distance) 

between clusters. 

The underlying data pattern for the „dendrogram + colour matrix‟ visualization is usually an 

output of the hierarchical clustering algorithm [145]. Other data mining algorithms, e.g. Spearman 

correlation, Pearson correlation, and Self-Organising Map have also been used [145]. This 

approach basically employs the visualization pipeline shown in FIGURE 2.5 and is predominant 

among microarray analysis applications. It is particularly strong in presenting an overview on the 

hierarchical and modular structure of the gene expression pattern, and makes full use of the 

available screen space. 

Many colour matrices provide interactions to facilitate exploration. For example, a brush over 

on a colour spot in maxdView [67] can show the corresponding expression value and gene 

symbol and a click on the right mouse button on the same spot can trigger a menu that provides 

hyperlinks to public databases. 
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FIGURE 2.6. Visualization of microarray data using dendrogram + colour matrix. Reproduced from Chen et 
al. 2002 [29]. 

The „dendrogram + colour matrix‟ visualization has four limitations. 

1. The visualization is stronger in revealing positive correlations than is otherwise because the 

immediate neighbour of each expression profile is always the one with the highest similarity 

scoring and the same trend applies on the cluster level. In other words, it is easier for users to 

identify clusters of positively co-expressed genes rather than the opposite. 

2. Given the same dataset and the same hierarchical clustering algorithm, the resulting 

dendrogram can be drawn in 2
n-1

 ways. Thus the order of the clusters within the dendrogram 

can vary from one instance to another.  

3. The drawing of the dendrogram next to the colour matrix leads to the misinterpretation that 

all clusters are non-intersecting [133]. 

4. Colour hue is not the best visual encoding for numerical data because hue variation at the 

extreme ends of the data range is often too subtle to be detected by human vision. Rather, 

size and length coding is more effective. 

The latest visualization on the clustered gene expression pattern is the bicluster visualization in 

the force-directed layout [133]. It resolved one of the limitations seen with the „dendrogram + 

colour matrix‟ visualization, i.e. the lack of explicit visualization of multiple intersecting clusters. 

The visualization resembles a zone graph [88, 109] with each semi-transparent cluster node 

containing a node set of genes and a node set of experimental conditions (see FIGURE 2.7). They 

are visually represented in different glyphs. If the same node belongs to multiple clusters, it is 

visually represented by overlap nodes (also called hub nodes) and is positioned in the intersection 

areas of the cluster nodes (see FIGURE 2.7). Instead of using the convention of colouring gene 

nodes in green for representing down-regulated genes and colouring in red for representing up-

regulated genes, the minus and plus signs are used as node labels. The bicluster visualization 

therefore provides a more readable and aesthetic visual representation of the gene expression 
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pattern than the conventional „dendrogram + colour matrix‟ visualization. It also enhances the 

biologist‟s analytical reasoning by explicitly visualizing overlap nodes. Gene nodes that belong to 

multiple clusters can potentially be gene regulators which may regulate multiple groups of genes 

[133]. 

2.5.2. Contextual Visualization of Gene Expression 

The visualization of Gene Ontology (GO) is truly a type of information visualization since it is a 

controlled vocabulary that describes the accumulated human knowledge on every discovered 

gene. Visualizing microarray dataset in GO-annotated clusters is therefore valuable to biologists 

because it provides the means for identifying sets of genes that share the same biological 

process(es). The overlaying of gene expression correlation values on GO-annotated clusters 

further assists the identification of functioning biological processes. Such an analytical task is 

based on the biologist‟s presumption that genes involved in the same biological process are more 

likely to be highly correlated in their expression level. Biologists called this type of gene 

expression dynamics as gene co-expression [147]. 

 
FIGURE 2.7. Visualization of biclusters of microarray data on yeast gene expression profiles. Two groups 
can be seen at the (1) top and (2) bottom, and (3) a small number of genes connecting both groups. Subsets 
of nodes are clustered together in (a) three, (b) four, or (c) six biclusters. Circular nodes represent genes and 
square-shaped nodes represent experimental conditions. Reproduced from Santamaria et al. [133]. 
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The visualization pipeline employed here is basically the same as that shown in FIGURE 2.5 

except the information model is GO instead of a molecular network. To date, the visualization 

generated by microarray analysis tools such as GenMapp [41, 131] and GOTree [171] are 

predominantly dendrograms and the n:m gene-GO relationships are often obscured (see FIGURE 

2.8). Furthermore, as a one-dimensional solution, dendrograms can not present intersecting 

clusters where the same set of genes is associated with more than one ontology terms [82]. 

HTP-GOMiner™ [169] and Exploratory Visual Analysis [125] provide visualizations of the 

gene-GO and gene_cluster-GO relationships respectively while hiding the parent-child 

relationships between GO terms. The cluster map presented in HTP-GOMiner™ is a form of 

colour matrix designed to represent individual gene-GO relationship. The cluster pattern is 

formed by the aggregation of red coloured squares with no clear cluster boundaries (see FIGURE 

2.9(a)). Exploratory Visual Analysis (EVA) is another form of colour matrix (see FIGURE 2.9(b)). 

The global cluster pattern is formed by a series of clearly bounded GO-annotated clusters 

arranged in a grid layout. Within each cluster is a matrix of nodes representing the subset of 

genes. Co-expressed genes are the nodes that share the same colour hue. In EVA, the m:n gene-

GO relationship is being visualized as a 1:1 relationship leading to the same gene being drawn 

into multiple clusters. Therefore, unlike GOMiner™, the visual semantics of EVA is GO-centric 

rather than gene-centric. 

The GO hierarchy has also been visualized as Treemaps (see FIGURE 2.2). Treemap is a space-

filling visual representation designed for visualizing hierarchies. Each GO-annotated gene cluster 

is visually encoded as a rectangle with an area proportional to the cluster size, i.e. the number of 

member genes [5]. Each cluster is a leaf node in the GO hierarchy. Biologists can also gain a 

global view on the differential expression of biological processes by overlaying correlation scores 

on to the Treemap. The limitation of using Treemap is that the GO schema is a directed acyclic 

graph. Yet Treemap is designed for visualizing hierarchical data. Therefore an extra data 

processing step that maps the GO schema to a hierarchical structure is required. As a result, any 

n:m gene-ontology relationships are lost in the mapping process. Nevertheless, Treemaps are 

better than dendrograms because it preserves the biologist‟s modular view of molecular biology. 

More importantly, the treemap captures the „module within module‟ structure of a molecular 

biological system. Using treemaps, biologists can distinguish between up-regulated and down-

regulated biological processes easier than reading dendrograms. 

An alternative to Treemaps is the Venn diagram [82]. Similar to the Treemap, each GO cluster 

is visually encoded as a distinctly coloured polygon with an area directly proportional to the 

cluster size. Both Venn diagram and Treemap do not explicitly display the gene nodes in each 

cluster but that is where their similarity ends. The Venn diagram presents genes shared by 

multiple GO clusters as intersections between polygons (see FIGURE 2.10). 
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FIGURE 2.8. Visualization of the Gene Ontology hierarchy in a dendrogram. Reproduced from Doniger 
2003 [41]. 

 

  
(a)      (b) 

FIGURE 2.9. Visualization of the gene-GO relationship in (a) GOMiner™. Reproduced from Zeeberg 2006 
[169], and (b) Exploratory Visual Analysis. Reproduced from Reif 2005 [125]. 
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The intersecting area is again directly proportional to the number of overlap gene nodes. As 

such, the Venn diagram is better than the Treemap in revealing the complex inter-dependency 

between GO clusters, especially if each cluster represents a biological process. As an example, 

FIGURE 2.10(a) shows the biological processes that are up-regulated in pancreatic ductal 

carcinoma when compared to normal pancreatic duct cells. The intersection of the ontology term 

“regulation of cell cycle” with the two other terms “response to wounding” and “GTPase activity” 

suggested that a malfunctioning signal transduction process that has a functional role in wound 

healing could be the cause. 

 
(a)      (b) 

FIGURE 2.10. Visualization of differentially expressed gene clusters in Venn diagram. (a) GO Process-
annotated gene clusters that are up-regulated in pancreatic ductal carcinoma compared to normal pancreatic 
cells, and (b) gene clusters that are down-regulated. 

The Venn diagram also has its limitation. It collapses the parent-child hierarchy of a particular 

class of biological processes to a set of overlapping clusters. FIGURE 2.10(b) shows the biological 

processes that are down-regulated in pancreatic ductal carcinoma. The sets in each cluster belong 

to a single class of biological processes and there are no intersections between any of the clusters.  

For example, the cluster on the top left-hand corner contains four intersecting sets of genes all 

belonging to ontology hierarchy of the nucleotide binding biological process. The term 

“nucleotide binding” is the parent of “purine nucleotide binding” which in turn is the parent of 

“ATP binding”. The intersection here simply represents genes that have been fully annotated in all 

levels of the “nucleotide binding” hierarchy. Since many biological processes such as DNA 

transcription, ion channel activity, protein degradation, glucose metabolism and etc, require “ATP 

binding” to function, the significance of down-regulated “ATP binding” could not be understood 

unless it intersects with some other biological processes. 

2.5.3. Visualization of Gene Co-expression Network 

In distinction to a dendrogram generated by hierarchical clustering in which a given gene can 

have at most one neighbour, any given gene in a graph-theoretic representation can have multiple 
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neighbours [100]. It is also easier to integrate qualitative information, e.g. gene ontology and gene 

names, with graphs. 

One visualization of the gene expression pattern as a network is the co-expression network 

[130]. Each gene is visually represented as a node. Each edge representing co-expression is 

encoded as a coloured line. Positive co-expression is represented by red colour whereas negative 

co-expression is represented by green colour. To impart biological meaning to the network, the 

gene nodes can be clustered using GO terms as a criterion. The result is a network visualization of 

GO-annotated co-expressed gene clusters. 

 
FIGURE 2.11. Visualization of the gene co-expression network in the circular layout. Reproduced from 
Rougemont 2003 [130]. 

In terms of layout, the gene co-expression network has been drawn using the circular layout 

[130]. Each cluster of gene nodes is being arranged in a circular layout (see FIGURE 2.11). In 

terms of interactivity, users can isolate a particular cluster in a separate window by 

simultaneously pointing and clicking each node. Zooming mechanism is provided so that the 

biologist can inspect the network at different level of details. Although over-represented GO 

terms are being displayed within each cluster, it is difficult for the biologists to tell which subsets 

of genes are related to which particular GO term because the labels are being displayed at the 

centre of each cluster. When more than five GO labels are being displayed, label overlaps are 

frequently observed.  Hence the clustered gene co-expression network visualization is good for 

displaying intra- or inter-cluster gene co-expression, but very limited in presenting the gene-GO 

relationship. 
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(a) 

 
(b) 

 
(c) 
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(d) 

FIGURE 2.12. Visualization of the metabolic network (MN) in (a) the bipartite graph representation with an 
orthogonal layout. Reproduced from KEGG [79], (b) the tripartite graph representation. Reproduced from 
Christensen 2007 [32], (c) the hierarchical clustered graph. Reproduced from Ho 2005 [187], and (d) the 
temporal dynamics visualization of glycolysis in parallel planes. Reproduced from Brandes 2004 [14]. 
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2.5.4. Visualization of Gene Expression in Molecular Networks 

In this approach, expression data is being overlaid onto a graph-theoretic model representing a 

molecular network. This is a variant of the visualization pipeline shown in FIGURE 2.5 in which 

two sets of data are required, the gene expression data and the molecular network data. Here the 

molecular network data, which is available from public data sources, is mapped to the graph-

theoretic model. This model is in turn visualized as a network. The gene expression data or gene 

expression correlation scores are usually represented by node colour hues. Because there are a 

variety of methods for visualizing molecular networks, this subject is presented in a separate 

section. 

2.6. Visualization of Bio-Molecular Networks 

Metabolic network, protein interaction network, gene regulatory network, and signal transduction 

network are the most commonly visualized in molecular biology. In this section, visualization 

methods applied to these molecular networks are introduced. 

2.6.1. Metabolic Network 

A metabolic network (MN) is the entire collection of metabolic reactions within a single cell.  

Metabolic reactions are a combination of anabolic and catabolic reactions. In an anabolic reaction, 

new chemical compounds are created and energy is being consumed in the process.  In a 

catabolic reaction, chemical compounds are being degraded and energy is being released in some 

processes while being consumed in others. 

From the biological point of view, the representation primacy of a metabolic network is the 

flow of metabolites. Biologists often call a particular network path which metabolizes a certain 

class of compounds as a metabolic pathway. In practice, MNs are most commonly visualized as 

directed bipartite graphs in which one node set represents the metabolites and the other node set 

represents the metabolic proteins called enzymes [14]. It also contains an edge set representing 

metabolic reactions. One directed edge connects a metabolite node to an enzyme node and a 

second directed edge connects an enzyme node to another metabolite (see FIGURE 2.12(a)). This 

approach has the advantage of separating the metabolites that commonly react with most enzymes 

from those that react specifically with a small set of enzymes.  

To distinguish between metabolite nodes and enzyme nodes in the bipartite graph, they are 

often represented as different glyphs. For example, the metabolite nodes can be represented as 

circles and the enzyme nodes as squares [63, 73]. In terms of visual representation, bipartite 

graphs belong to the „connectivity + context‟ category. The context here means the temporal flow 

of metabolites through the network and the inter-connections between metabolic pathways. 

However, a bipartite graph of over 1000 nodes and edges is cognitively challenging for the 

biologist to comprehend.  
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Another visual representation for MNs is the weighted tripartite graph [32] but is seldom used. 

It contains three node sets representing the metabolites, the metabolic reactions, and enzymes 

respectively. It also contains two directed edge sets representing metabolite flow and enzyme 

catalysis. For the metabolite flow, each directed edge connects the metabolite node to the 

metabolic reaction node. For the enzyme catalysis, each directed edge connects the enzyme node 

to the metabolic reaction node (see FIGURE 2.12(b)). 

The visual encoding required for the tripartite graph visualization is more complex than its 

bipartite graph counterpart. Three types of glyphs are needed for representing the three node types 

and two edge formats for representing the two edge types. For example, the metabolite nodes can 

be represented as circles, the enzyme nodes as squares and the metabolic reaction nodes as ovals. 

The metabolic flow can be represented by solid lines whereas the enzyme catalysis can be 

represented by broken lines (see FIGURE 2.12(b)). 

The greatest strength of the tripartite graph over its bipartite graph counterpart is the explicit 

visualization of the metabolic reaction equation as a node label (see „2A + B → C‟ in FIGURE 

2.12(b)). This greatly reduces the biologist‟s cognitive loading since there is no need for him/her 

to cognitively extract a mental picture of a certain metabolic reaction from the visualization. The 

same task is necessary with the use of the bipartite graph visualization. 

The limitation of MN visualizations, regardless of the visual representation, is the lack of 

explicit display of the enzyme-enzyme interactions. These are the specialized protein-protein 

interactions that mediate all metabolic reactions [83]. In terms of layout, the KEGG layout is 

commonly used which resembles the orthogonal layout [79] (see FIGURE 2.12(a)). Force-directed 

layout has also been used but is mainly for exposing the high degree hubs in the MN [6]. 

By far, the most novel layout is the multi-plane layout in 2.5D. One design is the hierarchical 

clustered graph on multiple planes. This method has been experimented on the metabolic network 

to visualize its modularity and the relationship between modules [187]. The visualization shows 

the metabolic pathways involved in glucose metabolism from the KEGG database (see FIGURE 

2.12(c)). The top plane contains the glycolysis and gluconeogenesis network. The networks on the 

next plane are those that are directly connected to the glycolysis and gluconeogenesis network. 

The networks on the furthest plane at the fourth level are the most distant from the glycolysis and 

gluconeogenesis network. At this level, all the networks are involved in amino acid metabolism 

(see FIGURE 2.12(c)). Another design is have a series of networks stacked in parallel planes (see 

FIGURE 2.12(d)). Each plane represents a time point and the network drawn on each plane 

represents the glycolytic metabolic network at that time point. The resulting supergraph shows the 

changing topology of the same metabolic network as a representation of the temporal dynamics of 

glycolysis [14]. 
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2.6.2. Protein Interaction Network 

A protein interaction network (PIN) is the collection of all physical interactions between proteins. 

The most basic graph representation of a protein interaction network is an undirected graph and 

most commonly drawn using the force-directed layout [52]. This method produces readable 

network visualization up to a few hundred nodes. For a full-scale PIN of an organism that 

typically has several thousand nodes, the force-directed layout gives the „hair ball‟ appearance 

which makes the visualization unreadable [148]. 

To resolve the limitation of the force-directed layout, an alternative layout for visualizing 

medium to large PINs called the large graph layout algorithm has been proposed [1]. This 

algorithm uses a tree as a guide to determine the order in which nodes are included in the spring 

force calculation. Nodes from a single connected network are laid out iteratively starting with a 

root node and incorporating additional nodes as guided by a minimum spanning tree of the 

network. The minimum spanning tree is defined as the minimum edge set necessary to keep the 

network connected and the sum of all the weights of the edges is minimized, where each edge is 

weighted by its associated statistical significance score. The statistical significance score is the 

calculated by the sequence comparison program BLAST [91]. 

The resulting visualization positions the largest connected component that has the highest edge 

density at the centre of the network drawing. An example of the large graph layout visualization is 

the protein homology network constructed by comparing 40 different bacterial genomes [1]. The 

visualization contains 111,604 protein nodes and 1,912,684 protein-protein interaction edges 

organized in 11,516 connected components (see FIGURE 2.13(a)). More importantly, the largest 

connected component at the core of the PIN visualization consists of clusters of essential proteins. 

Each cluster represents a biological process that is important to cell viability (see FIGURE 2.13(b) 

and (c)). Hence the large graph layout represents the self-organization property of the PIN that is 

natural to bacterial species. 

PIN has also been visualized in the two-level circular layout [140] in which the low-degree 

nodes are in the inner level and the high-degree nodes are being arranged on the outer level (see 

FIGURE 2.4(a)). This approach has the advantage of separating the protein hubs from the sparsely 

connected proteins while the connectivity between the two remains clearly displayed. Node 

overlapping frequently seen in the force-directed layout is also resolved in the circular layout 

since all nodes are arranged side by side along a circular circumference. However, the substantial 

edge crossings in the centre space can make identifying k-neighbours per node difficult (see 

FIGURE 2.4). This limitation can be compensated by adding interactivity, e.g. highlighting 

neighbours by brushing the pointer over a certain node. The three-dimensional version of the two-

level circular layout is the Satellite-Hub layout [90] (see FIGURE 2.4(b)). 


