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Abstract. Visual Data Mining (VDM) is supported by interactive and scalable 
network visualization and analysis, which in turn enables effective exploration 
and communication of ideas within multiple biological and biomedical fields. 
Large networks, such as the protein interactome or transcriptional regulatory 
networks, contain hundreds of thousands of objects and millions of 
relationships. These networks are continuously evolving as new knowledge 
becomes available, and their content is richly annotated and can be presented in 
many different ways. Attempting to discover knowledge and new theories 
within this complex data sets can involve many workflows, such as accurately 
representing many formats of source data, merging heterogeneous and 
distributed data sources, complex database searching, integrating results from 
multiple computational and mathematical analyses, and effectively visualizing 
properties and results. Our experience with biology researchers has required us 
to address their needs and requirements in the design and development of a 
scalable and interactive network visualization and analysis platform, 
NAViGaTOR, now in its third major release. 
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1 Introduction and Motivation 

1.1 The Need for Visual Data Mining 

One of the grand challenges in our “networked 21st century” is in dealing with large, 
complex, and often weakly structured data sets [1], [2], and in big volumes of 
unstructured information [3].  

This “big data” challenge is most evident in the biomedical domain [4]: the 
emergence of new biotechnologies that can measure many molecular species at once, 
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large scale sequencing, high-throughput facilities and individual laboratories 
worldwide produce vast amounts of data sets including nucleotide and protein 
sequences, protein crystal structures, gene-expression measurements, protein and 
genetic interactions, phenotype studies etc. [5]. The increasing trend towards 
personalized medicine brings together data from very different sources [6]. 

The problem is that these data sets are characterized by heterogeneous and  
diverse features. Individual data collectors prefer their own different schema or 
protocols for data recording, and the diverse nature of the applications used results in 
various data representations. For example, patient information may include simple 
demographic information such as gender, age, disease history, and so on as non- 
standardized text [7]; results of X-ray examination and CT/MR scan as image or 
video data, and genomic or proteomic-related tests could include microarray 
expression data, DNA sequence, or identified mutations or peptides. In this context, 
heterogeneous features refer to the varied ways in which similar features can be 
represented. Diverse features refer to the variety of features involved in each distinct 
observation. Consider that different organizations (or health practitioners) have their 
own schemata representing each patient. Data heterogeneity and diverse 
dimensionality issues then become major challenges if we are trying to enable data 
aggregation by combining data from all sources [8], [9]. 

This increasingly large amount of data requires not only new, but efficient and 
most of all end-user friendly solutions for handling it, which poses a number of 
challenges [10]. With the growing expectations of end-users, traditional approaches 
for data interpretation often cannot keep pace with demand, so there is the risk of 
modelling artefacts or delivering unsatisfactory results. Consequently, to cope with 
this flood of data, interactive data mining approaches are vital. However, exploration 
of large data sets is a difficult problem and techniques from interactive visualization 
and visual analytics may help to assist the knowledge discovery process generally and 
data mining in particular [11], [12], leading to the approach of Visual Data Mining 
(VDM). 

1.2 A Short History of Visual Data Mining 

One of the first VDM approaches was in a telecommunications application. This 
application involved a graph-based representation and a user interface to manipulate 
this representation in search of unusual calling patterns. This approach proved 
extremely effective for fraud detection [13]. 

A further work by Alfred Inselberg (1998) [14] proposed the use of parallel 
coordinates for VDM, which transforms the search for relations into a 2-D pattern 
recognition problem. Parallel coordinates are a splendid idea for visualizing multi-
dimensional geometry [15]; a good overview on parallel coordinates can be found in 
[16], however, to date they are still rarely used in biomedical applications. 

The field of VDM started to expand to diverse domains, as highlighted in a special 
issue in issue 5 of the 1999 volume of IEEE Computer Graphics and Applications 
[17] including a work on visual mining of high-dimensional data [18]. A state-of-the  
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art analysis was provided by Keim et al. at the EUROGRAPHICS 2002 [19]. A good 
overview of VDM can be found in [20]. A recent overview on VDM for knowledge 
discovery, with a focus on the chemical process industry can be found in [21] and a 
recent work on VDM of biological networks is [12]. A very recent medical example 
for interactive pattern visualization in n-dimensional data sets by application of 
supervised self- organizing maps is [22]. A general overview on the integration of 
computational tools in visualization for interactive analysis of heterogeneous data in 
biomedical informatics can be found in [23]. 

1.3 Interactivity and Decision Support 

For data mining to be effective, it is important to include the human expert in the data 
exploration process, and combine the flexibility, creativity, and general knowledge of 
the human with the enormous computational capacity and analytical power of novel 
algorithms and systems. VDM integrates the human in the data exploration process; it 
aims to effectively represent data visually to benefit from human perceptual abilities, 
allowing the expert to get insight into the data by direct interaction with the data. 
VDM can be particularly helpful when little is known about the data and the 
exploration goals are ill-defined or evolve over time. The VDM process can be seen 
as a hypothesis generation process: the visualizations of the data enable the user to 
gain insight into the data, and generate new hypotheses to support data mining and 
interpretation [24], [25]. 

VDM often provides better results, especially in cases where automatic algorithms 
fail [11]. However, it is indispensable to combine interactive VDM with automatic 
exploration techniques; hence we need machine learning approaches due to the 
complexity and the largeness of data, which humans alone cannot systematically and 
comprehensively explore. Consequently, a central goal is to work towards enabling 
effective human control over powerful machine intelligence by the integration of both 
machine learning methods and manual VDM to enable human insight and decision 
support [26], the latter is still the core discipline in biomedical informatics [27]. 

2 Glossary and Key Terms 

Biological Pathway Exchange (BioPAX): is a RDF/OWL-based language to represent 
biological pathways at the molecular and cellular level to facilitate the exchange of 
pathway data. It makes explicit use of relations between concepts and is defined as an 
ontology of concepts with attributes [28]. 

CellML: is an open standard XML, for describing mathematical models, originally 
created out of the Physiome Project, and hence used primarily to describe models 
relevant to the field of biology [29, 30].  

Graph dRawing with Intelligent Placement (GRIP): is based on the algorithm of 
Gajer, Goodrich & Kobourov [31] and written in C++ and OpenGL, and uses an 
adaptive Tcl/Tk interface. Given an abstract graph, GRIP produces drawings in 2D 
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and 3D either directly or by projecting higher dimensional drawings into 2D or 3D 
space [32]. 

KEGG Markup Language (KGML): is an exchange format of the KEGG pathway 
maps, which is converted from the KGML+ (KGML+SVG) format. KGML enables 
automatic drawing of KEGG pathways and provides facilities for computational 
analysis and modeling of gene/protein networks and chemical networks [33]. 

Proteomics Standards Initiative Molecular Interaction XML format (PSI MI): was 
developed by the Proteomics Standards Initiative (PSI) as part of the Human 
Proteome Organization (HUPO) [34]. PSI-MI is the standard for protein–protein 
interaction (PPI), intended as a data exchange format for molecular interactions, not a 
database structure [35].  

Protein-Protein Interactions (PPIs): are fundamental for many biological functions 
[36], [37]. Being able to visualize the structure of a protein and analyze its shape is of 
great importance in biomedicine: Looking at the protein structure means to locate 
amino acids, visualize specific regions of the protein, visualize secondary structure 
elements, determine residues in the score or solvent accessible residues on the surface 
of the protein, determine binding sites, etc. [38], [39]. 

Systems Biology Markup Language (SBML): is a language intended as future 
standard for information exchange in computational biology and especially within 
molecular pathways. The aim of SBML is to model biochemical reaction networks, 
including cell signaling, metabolic pathways and gene regulation [40]. 

Visual Data Mining (VDM): is an approach for exploring large data sets by 
combining traditional data mining methods with advanced visual analytics methods 
and can be seen as a hypothesis generation process [14], [11], [41]. 

3 Representing Biological Graphs 

3.1 A Constantly Changing Understanding 

The functions of life on a sub-cellular level rely on multiple interactions between 
different types of molecules. Proteins, genes, metabolites, all interact to produce 
either healthy or diseased cellular processes. Our understanding of this network of 
interactions, and the interacting objects themselves, is continuously changing; and the 
network itself is evolving as we age or as disease progresses. Our methods for 
discovering new relationships and pathways change as well.  

NAViGaTOR 3 addresses these realities by having a very basic core rooted in 
graph theory, with the flexibility of a modular plugin architecture that provides data 
input and output, analysis, layout and visualization capabilities. NAViGaTOR 3 
implements this architecture by following the OSGi standard 
(http://www.osgi.org/Main/HomePage). Available API enables developers to expand 
standard distribution by integrating new features and extending the functionality of 
the program to suit their specific needs. 
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3.2 Data Formats 

The ability to share data effectively and efficiently is the starting point for successful 
analysis, and thus several attempts have been made to standardize formats for such 
data exchange: PSI-MI [35], BioPAX [42], KGML, SBML [40], GML, CML, and 
CellML [30]. 

Each of these formats has a different focus and thus uniquely affects the way a 
particular network can be described. Some formats, like PSI, focus on describing 
binary interactions. Others, such as BioPAX, can describe more complex topology, 
allowing for many-to-many interactions and concepts such as meta-graphs. However, 
the majority of biological data remains represented in tabular format, which can vary 
wildly in content and descriptiveness. 

NAViGaTOR 3 was designed with the knowledge that a researcher may need to 
combine heterogeneous and distributed data sources. The standard distribution 
supports the loading, manipulation, and storage of multiple XML formats and tabular 
data. XML data is handled using a suite of file loaders, including XGMML, PSI-MI, 
SBML, KGML, and BioPAX, which store richly-annotated data and provide links to 
corresponding objects in the graph. Tabular data is stored using DEX [43], a 
dedicated graph database from Sparsity Technologies (http://www.sparsity-
technologies.com/dex). 

3.3 Biological Scale 

A sense of the scale biologists might contend with in attempting to model protein 
behavior can be seen in UniProt (http://www.uniprot.org), a database that documents 
protein sequences. In its 2013_10 release, UniProt contained 20,277 sequences for 
human proteins, while I2D (http://ophid.utoronto.ca/i2d) [44], a database that includes 
interactions between these proteins, in its 2.3 version contains 241,305 experimental 
or predicted interactions among 18,078 human proteins. If the protein interaction 
network is integrated with other data of similar size, such as transcriptome regulatory 
network, microRNA:gene regulation network, or drug:protein target network, the 
visualization can become challenging, not only because of the size of the graph, but 
due to rich annotation and underlying topology of these ‘interactomes’.  

Often, even the best case layouts produce a gigantic ‘hairball’ in which a user is 
unable to trace paths between different objects in the network. It is important to keep 
in mind that such a network is still limited in scope; it doesn’t take into account 
genetic, metabolite or drug interactions. In a true ‘systems biology’ view, we need to 
integrate multiple layers of these individual networks into a larger, comprehensive, 
typed graph. Tools that attempt to analyse this data must take this scale into account. 
To be useful, visualization tools, and particularly interactive visualization tools must 
effectively handle networks of this size. In the case of NAViGaTOR, DEX can handle 
networks of up to 1 Billion objects. Visualizing networks is handled through JOGL 
(http://jogamp.org/jogl/www/), a library that speeds up large network rendering by 
taking advantage of the acceleration provided by GPU hardware whenever it is 
available.  
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4 Visualization, Layout and Analysis 

Exploring data is often a combination of analysis, layout and visualization. We have 
found that being able to utilize and combine all three of these aspects quickly and 
efficiently simplifies and in turn enables effective research. 

A central idea to NAViGaTOR 3’s architecture is providing multiple views of the 
data. While the structure of the network and its annotations remains constant, 
NAViGaTOR 3 allows the user to view and manipulate it as a spreadsheet of nodes or 
edges, a matrix, or an OpenGL rendered graph. Individual views allow a user to make 
a selection of objects, which can then be transferred to another view. For example, a 
user can select the top 10 rows of a spreadsheet that sorts the network’s nodes by a 
measurement such as gene expression, and then transfer that selection to the OpenGL 
view, allowing them to see those nodes in the context of their neighbors. 

The most basic level of analysis supports access, search and data organization. The 
tabular data associated with a network can be searched using DEX queries, allowing 
for basic numeric searches (equals, greater than, less than, etc.) and text (exact match, 
regular expression, etc.). The spreadsheet view supports effective searching, data 
sorting and selecting. XML data benefits from rich data annotation, and can be 
searched using XPath, a dedicated XML query language.  

XPath is extremely versatile, mixing logical, numeric and text queries in a single 
language. It also handles translation of XML data into tabular data. 

Network structure provides additional insights, as it relates to the function of 
proteins that form it [45], [46]. Examining the network structure can range from 
searches for node neighbors and nodes of high degree to more mathematically 
complex operations such as all pairs shortest path calculations, flow analysis, or 
graphlets [47]. 

A key part of NAViGaTOR’s tool set is the subset system, which enables the storage 
of selections from various graph views. Once they are stored, they can be manipulated 
with set arithmetic operations (union, difference, intersection). This allows the user to 
intelligently combine the results of searches and selections from other views.  

Further strengthening the link between visualization and data is the concept of 
filters. Filters are visualization plugins for the OpenGL view that allow a user to map 
node or edge feature to a visual attribute, i.e., enabling interactive exploration of 
typed graphs by seamlessly combining analysis and human insight. For example, a 
confidence value for an edge can be translated into its width, color, shape or 
transparency. Similarly, node height, width, color, transparency, outline color, and 
outline size can be used to visualize gene, protein or drug characteristics and 
measurements. Thus, layout and presentation of rich, annotated networks can be 
easily modified, enabling new insight into complex data. 

Graph layout is essential for effective visual analysis of complex graphs. 
NAViGaTOR 3 uses a combination of manual and automated layout tools. The 
standard distribution includes several versions of the GRIP (Graph dRawing with 
Intelligent Placement) [48], [49], [50] layout algorithm, which enables fast layouts of 
tens of thousands of nodes and edges. For example, visualizing protein interaction 
network topology changes in the presence or absence of specific receptors [51]. 
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Besides GRIP, the user also has a selection of circular, arc and linear layouts, as well 
as moving, scaling and rotating tools to manually place nodes in a desired topology. 

Usually, combinations of these layouts are necessary to effectively visualize the 
network [12]. Large and complex biological networks, even with the benefit of the 
GRIP layout, are usually tangled and poorly interpretable graphs. Analyzing network 
topology (hubs, graphlets, cliques, shortest path, flow, etc.) provides rich topological 
features that may aid in discovery and visualization of important insights. Researchers 
may have to map a data attribute to transparency to make areas of interest visible, or 
use an overlap of searches to color a selection of nodes or edges. Being able to use 
different analysis and layout methods combined with user’s insight provides the 
flexibility to highlight desired results in the network, or discover novel insights and 
form hypotheses. Thus, NAViGaTOR extends the basic concept of network 
visualization to visual data mining. 

To demonstrate the versatility of NAViGaTOR 3 we created an integrated network 
by combining metabolic pathways, protein-protein interactions, and drug-target data. 
We first built a network using metabolic data collected and curated in our lab, 
combining several steroid hormone metabolism pathways: androgen, glutathione, N-
nitrosamine and benzo(a)pyrene pathway, the ornithine-spermine biosynthesis 
pathway, the retinol metabolism pathway and the TCA cycle aerobic respiration 
pathway. The reactions in the dataset are in the following format: metabolite A → 
enzyme → metabolite B. As shown in Figure 1, the different pathways are integrated 
and highlighted with different edge colours. The edge directionality highlights 
reactions and flow between the individual pathways.  

As the dataset is centred on steroid hormone metabolism, we decided to include 
data from hormone-related cancers [52]. In particular, we retrieved the list of FDA-
approved drugs used for breast, ovarian and prostate cancer from the National Cancer 
Institute website (http://www.cancer.gov/). We then searched in the DrugBank 
(http://www.drugbank.ca [53]) for targets for each drug and integrated them in the 
network. 

Three targets are enzymes that are part of the original network (HSD11B1, 
CYP19A1, CYP17A1). Polymorphisms in CYP19 have been associated with 
increased risk of breast cancer [54], while polymorphisms in CYP17 have been linked 
to increased risk of prostate cancer [55].  

CYP17 inhibitors are considered key drugs for castration resistant prostate 
tumours, due to their ability to block the signaling of androgen receptors even when 
the receptor expression is increased [56].  

Thanks to the ability of NAViGaTOR to include various types of nodes, we can 
also see how frequently DNA is a target. In fact, many of the drugs used for breast 
and ovarian cancer treatment are DNA intercalating agents [57].  

To further investigate whether drug targets are directly connected to the metabolic 
network we searched for direct interactions between the two types of nodes using 
protein interactions from I2D and identified three such targets (TUBA1, TOP1 and 
EGFR).  
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Fig. 1. Partially explored network – connecting drugs and metabolism. A network comprising 
metabolites, enzymes, and drugs in the early stages of exploration, colored according to the 
pathway (see complete overview in Figure 2). 

EGFR overexpression appears in breast cancer, especially in triple-negative and in 
inflammatory breast cancer, and is associated with large tumor size, poor 
differentiation, and poor clinical outcomes [58]. EGFR inhibitor treatments (e.g., 
Erlotinib or Cetuximab) have been suggested for triple-negative breast cancer 
patients, and a few clinical trials showed promising results [59].  

It would be interesting to study the effect of EGFR mutations in this network, to 
evaluate if they can have an effect on the patient’s response to inhibitors similar to 
response to Erlotinib in non-small-cell-lung cancer patients [60]. 
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Interestingly, several CYP and UGT proteins are key connectors of different 
metabolic pathways (highlighted in green in Figure 2), and have a biologically 
important role in the network. Both families of proteins have important roles in 
metabolic pathways (CYP450 are ubiquitously expressed in the body as they catalyze 
the fundamental carbon–oxidation reaction used for unnumbered metabolic reactions, 
while UGTs are used in reactions that form lipophilic glucuronides from a high 
variety of non–membrane-associated substrates, either endogenous or xenobiotics and 
has evolved as a highly specialized function in higher organisms) but they have 
mainly been associated with drug metabolism, in their wild-type or polymorphic 
forms  [61], [62], [63]. 

This example shows only one of the several possible integrated networks that can 
be built using NAViGaTOR 3, and highlights the role of the analysis of the network 
structure in pointing out major biological players.  

 

 

Fig. 2. Completed network – the same network as in Figure 1 with drugs and biologically 
relevant components emphasized  

Biological networks will continue becoming larger and more complex thanks to the 
higher throughput of novel technologies and increased data integration. This 
highlights the need for tools that scale up to large and complex networks. Moreover, 
and maybe more importantly, this highlights the necessity for tools with the ability to 
integrate different -omics data collections, to discover cross-talk and to build an 



28 D. Otasek et al. 

 

increasingly more complete representation of the real cell or an organism. 
NAViGaTOR fits perfectly in this context and provides the researcher with the 
functionality needed to advance data discovery at the same speed of high-throughput 
data production. 

5 Open Problems and Future Work 

The deployment of VDM techniques in commercial products remains sparse – and in 
today’s traditional hospital information systems such approaches are completely 
missing. Future work must involve the tight integration of sophisticated interactive 
visualization techniques with traditional techniques from machine learning with the 
aim to combine fast automatic data mining algorithms with the intuitive power and 
creativity of the human mind [64]. A further essential aspect at the clinical workplace 
is to improve both the quality and speed of the VDM process. VDM techniques also 
need to be tightly integrated with available systems used to manage the vast amounts 
of relational, semi-structured and unstructured information such as the typical patient 
records [3] and omics data [9]. The ultimate goal is to broaden the use of visualization 
technologies in multiple domains, leading to faster and more intuitive exploration of 
the increasingly large and complex data sets. This will not only be valuable in an 
economic sense but will also enhance the power of the end user, i.e. the medical 
professional. 

There are several reasons for slower commercial acceptance of VDM [65], 
including multi-disciplinarity and the resulting lack of expertise, and resistance to 
changing system architectures and workflows. While so-called guided data mining 
methods have been produced for a number of data mining areas including clustering 
[66], association mining [67] and classification [68], there is an architectural aspect to 
guided data mining, and to VDM in general, which has not been adequately explored 
so far, and which represents a rich area for future research.  

Another area of future work for the VDM community is quantification. Since 
VDM methods can be more time-consuming to develop and special expertise is 
needed for their effective use, successful deployment requires proper metrics that 
demonstrates time improvement or quality improvement over non-visual methods.  

Technological challenges are present in problem solving, decision support and 
human information discourse; according to Keim et al. (2008) [65], the process of 
problem solving supported by technology requires the understanding of technology on 
the one hand, and comprehension of logic, reasoning, and common sense on the other 
hand. Here the danger lies in the fact that automatic methods often fail to recognize 
the context, if not explicitly trained.  

A grand challenge is to find the most appropriate visualization methodology and/or 
metaphor to communicate analytical results in an appropriate manner. A recent 
example on Glyph-based visualizations can be seen in [69], while noting that most 
often such approaches are limited to a certain domain. 

User acceptability, which is also on Keim’s 2008 list is an additional grand 
challenge: many sophisticated visualization techniques have been introduced, but they 
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are not yet integrated in the clinical workplace, mainly due to end users’ refusal to 
change their routine – this is most apparent in the medical domain [70]; an often 
ignored aspect in that respect is the previous exposure to technology [71]; in 
particular elderly end users are not so enthusiastic in adopting new technologies to 
their daily routine. Consequently, it is very important that advantages of VDM tools 
are presented and communicated to future users to overcome such usage barriers, 
taking usability engineering into full account [72].  

Faced with unsustainable costs and enormous amounts of under-utilized data, 
health care needs more efficient practices, research, and tools to harness the full 
benefits towards the concept of personalized medicine [73]. 

A major challenge lies in the development of new machine learning methods for 
knowledge discovery in protein-protein interaction sites, e.g. to study gene regulatory 
networks and functions. However, when applied to such big data, the computational 
complexities of these methods become a major drawback. To overcome such 
limitations Extreme Learning Machines provide a trade-off between computational 
time and generalization performance [74].  
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