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ABSTRACT 
We propose a new network visualization technique using scattered data interpolation and surface rendering, based upon  a 
foundation layout of a scalar field. Contours of the interpolated surfaces are generated to support  multi-scale visual interaction for 
data exploration. Our framework  visualizes quantitative attributes of nodes in a network as a continuous surface by interpolating 
the scalar field, therefore avoiding scalability issues typical in conventional network visualizations while also maintaining the 
topological properties of the original network. We applied this technique to the study of a bio-molecular interaction network 
integrated with gene expression data for Alzheimer’s Disease (AD). In this application, differential gene expression profiles 
obtained from the human brain are rendered for AD patients with differing  degrees of severity and compared to  healthy 
individuals. We show that this alternative visualization technique is effective in revealing several types of molecular biomarkers, 
which are traditionally difficult to detect due to “noises” in data derived from DNA microarray experiments.  
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Categories and Subject Descriptors 

I.3.5 [Computer Graphics]: Computational Geometry and 
Object Modeling – Geometric algorithms. J.3 [Life and 
Medical Sciences]: Health, Medical Information Science.  

Keywords 

Graph and network visualization; bioinformatics visualization; 
visual analytics 

 

INTRODUCTION 

Graph and network visualization is widely accepted  in the 
scientific research community as an essential tool for  
exploring  the complex connections and  interactions among 
data entities and to investigate the inherent structures and 
knowledge in a broad range of domains [1-3]. However, 
several problems have long hampered graph and network 
visualization. First, the viewing platform and performance 
pose constraints on the scale of the graphs. Only a few 
systems can handle large graphs of up to several thousand 
nodes [4, 5]. Second, visual usability and clarity become 
unacceptable as the density of the graph grows significantly, 
even though a system can layout and display this large graph. 
Nodes and edges occlude each other and are often 
indiscernible [6], owing to congestion of color , metaphors 
and labels.   

 

Graph and network visualization tools are becoming essential 
for biologists and biochemists who  study bio-molecular 
interaction networks, including protein interaction networks 
[7], gene regulatory networks [8], and metabolic networks [9]. 
Several biomolecular interaction databases such as DIP, 
BIND, and Reactome [10-12] have now become available 
within the past 5-7 years, fueling the growing need for  the 
study of the  functional relationships among genes/proteins in 
network contexts. While using the graph metaphor for 
visualizing biomolecular networks is appropriate for 
understanding the basic topological structure of biomolecular 
networks [13], or in some cases, high-level protein categorical 
interconnections in a network [13], the metaphor is inadequate 
in addressing biological questions in which correlated 
functional changes of genes, proteins, and metabolites  have to 
be investigated in the same network context. Examples of 
these questions are: 
·  What are the significant gene expression pattern changes 

in a given biological condition such as human disease? 
·  Where are such changes taking place in the functional 

context of genes and proteins? 
·  Can we “see” biologically significant changes in 

gene/protein expression measurements, despite inherent 
data noise from DNA microarray experiments? 

 

These questions are of central concern in post-genome 
molecular diagnostics applications, particularly, molecular 

biomarker discoveries [14, 15]. Conventional graph-based 
network visualization methods are insufficient in addressing 
these post-genome biological knowledge discovery questions, 
primarily because the users, after learning information on 
network topology, needed to focus on “nodes”.  

 

In this paper, we propose a novel visualization framework 
which addresses  the above biology-inspired knowledge 
discovery problems using scattered data interpolation, surface 
rendering, and interactive visual exploration. Figure 1 shows 
the pipeline of this visualization method. The method offers 
the following advantages:  

1) A modified force-direct graph layout model captures the 
inherent structural properties of original network, which is 
both edge-weighted and node-weighted.   

2) Scattered data interpolation and surface rendering avoid the 
scalability problem and represent features derived from the 
data set as prominent geographic landmarks.  

3) Interaction with areas and heights supports multi-scale 
visualization and visual exploration, which can lead to the 
discovery of new hypotheses based on domain knowledge.  

We applied this method to bio-molecular interaction networks 
of Alzheimer’s Disease (AD). We show how the framework 
enables interesting discoveries of a bio-candidate marker 
panel useful for prediction of disease onset, staging, and 
progression monitoring. This type of panel biomarkers have   
not been reported in the AD biomedical research community 
previously. 
 
 

 
 
 
 
 
 
 
 
  
 Figure 1. Framework of GeneTerrain visualization 
 
 

The rest of the paper is organized as follows. First, we review 
related work in graph/network visualizations and 
multidimensional scaling. Then, we present the GeneTerrain 
foundation layout model. Next, we describe a scattered-data 
interpolation algorithm for the generation of smooth surface 
geometry. Afterwards, we describe terrain and contour 
rendering techniques. Next, we apply this generic 
visualization framework to the study of Alzheimer’s disease 
(AD) biomarker discoveries, in which GeneTerrain 
visualizations are rendered with protein-protein interaction 
networks as the foundation and gene expression values as 
height. Last, we discuss the significance of our work to both 
general scientific visualization and biomarker studies in 
biomedical research. 
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RELATED WORK 

In graph and network visualization, much of the literature 
since 1960s has been devoted to graph drawing and layout 
algorithms. Among typical concerns of graph drawing 
algorithms are the number of edge crossings for nonplanar 
graphs, separation of vertices and edges so they can be 
distinguished visually, and preservation of properties such as 
symmetry and distance. Among graph drawing algorithms, the 
spring model (force-direct or energy-based model) and its 
variants [16, 17] are the most popular and the easiest  to 
implement. Other proposed models, such as Linlog energy 
models [18], also attempt to achieve an optimized graph lay 
out by minimizing a pre-defined system energy based on 
either node-repulsion or edge-repulsion. Graph drawing 
problems have  also been  studied in the context of 
Multidimensional Scaling [19], which offers in-depth 
theoretical foundation. Metric Multidimensional Scaling aims 
to map a data set in higher dimensions to lower dimensions by 
non-linear projections such that the distance between data 
points in lower dimensions corresponds to similarities or 
dissimilarities in the original distance matrix [20]. This 
characteristic hence gains MDS traction in data visualization. 
The cost function or stress function of this non-linear 
embedding is in fact a generalization of the energy function in 
a force-based graph drawing model. Therefore Stress 
Majorization [21]  used in MDS can also be applied to graph 
drawing. The major advantage of Stress Majorization over the 
energy minimization deployed in force-directed models is that 
Stress Majorization ensures that stress monotonically 
decreases during the optimization, thus   Stress Majorization 
effectively avoids the energy value oscillation in optimization 
and shows improved robustness over local minima [22]. 

 

On the other hand, information visualization researchers have 
developed various techniques to reduce the visual complexity 
of a graph by limiting the number of visual elements being 
viewed. For instance, Hierarchical Edge Bundles [23]  uses 
different techniques to visualize adjacencies edges and 
hierarchical edges to reduce visual clutter. In some recent 
work,  levels of abstractions are created by studying the 
semantics [24] and topological features [25] of the graphs, or 
by aggregating networks using link structures, merging 
clusters of nodes into subgroups [26]. An alternative approach 
to ease the congestion problem of  node link diagrams is to 
use matrix-based representations [27, 28]. The biology 
community has long adopted matrix-based representation to 
visualize gene co-expression microarray datasets [29, 30]. 

 

Other works in information visualization techniques have 
utilized human perceptive advantages on spatial phenomena  
by rendering continuous field over underlying graph layout. 
Among these,  ThemeScape [31] is one of the first methods  in 
document visualization that uses elevation to indicate the 
strength of certain themes in a given region. The overall 3D 
surface (landscape) visualization is claimed to be effective in 

providing both overview and inter-relationship among the 
documents and their themes. The problem of rendering 
another scalar field over a graph layout is formally addressed 
in GraphSplatting [32], which assumes that significant 
structural information can be provided from the density of 
vertices. In this work, a 2D continuous scalar field is 
constructed by “splatting” vertices of the graph onto the 
screen. A 2D kernel or basis function is placed at the center of 
a vertex’s 2D position to create a “splatting” signature. The 
contribution of each splat to a pixel in the grid is estimated by 
using the distance between the vertex position and the center 
of the pixel. After a scalar field is constructed, a second scalar 
field can be rendered as a “noise field”: a low frequency noise 
is scaled by the scalar value of each vertex and convoluted 
with the 2D basis function. This method  shares some 
similarities with our research . However, our work is 
substantially different from GraphSplatting in several aspects. 
First, GraphSplatting is mainly designed to capture the density 
of nodes in 2D whereas our work aims to reveal potential 
features in 3D terrain based on the 2D graph layout. Second, 
interpolation is used in our work to resample the signals and 
reconstruct the continuous scalar field for 3D rendering 
whereas Guassian kernels are used in GraphSplatting. Third, 
our interpolation is not only distance-weighted but also 
weighted by a factor which is used in the graph layout 
whereas GraphSplatting renders the second scalar field 
independently with the underlying graph. Our interpolation 
method in fact enforces terrain surface formation that is more 
consistent with the characteristic of underlying graph layout.  

 

A related work for visualizing biomedical gene expression 
data is Gene Maps[30]. A gene map makes use of co-
expression profiles of genes and builds clustered co-
expression data on a 2D surface,  and further incorporates the 
density of gene clusters as the latitude of high-density 
clustered areas as “mountains” into a 3D visualization map. 
However, accurate gene co-expression similarity profiles 
usually require dozens, if not hundreds or thousands, of 
expression experiments; therefore, as more data become 
available, the topology and relative positioning of genes to 
each other in a gene map may dramatically differ from one 
another. Differential gene expression values of any given gene 
also cannot be shown on gene maps, therefore limiting the use 
of the visualization in routine disease-specific biological 
studies. 

 

Several biomolecular network visualization software packages 
such as ProteoLens [33] , Osprey[34] and cytoscape [35]  
have been developed in recent years to allow users visualize, 
annotate, and query biomolecular interaction networks. These 
software tools use graph metaphor and show biological 
macromolecules such as proteins and genes as nodes and their 
interacting relationships as edges; annotations of the graph are 
represented as nodes or edges of different colors, sizes, and 
distances. Such biomolecular interaction networks are known 
to follow scale-free property characteristics of well-studied 
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social networks and disease epidemic networks [36]. However, 
as the size of the network increases, the complexity of the 
network grows geometrically, causing challenging network 
layout problems such as edge-crossings and overlapping 
nodes, thus  preventing users from exploring patterns that may 
exist in an annotated network. A tool that combines the 
spatial-preservation features in graph-based visualizations and 
node-centric mapping of biomolecular entity’s numeric 
properties would be both novel and significant in post-genome 
biological research. For the remainder  of the paper, we 
describe our development of such a tool, “GeneTerrain”. 

 

FOUNDATION LAYOUT 

Initial Layout 

We define a general node-weighted edge-weighted undirected 
graph as G = (V, E, f, g, O, C), where V is the node set 

1{ } n
i iv =

, 

E denotes the edge set { | ( , ) }ij i je v v VÎ  , f  assigns a weight 

value to each node, :f V R® , g  assigns a score to each edge 

:g E R® , O is the center position of the planar graph in 
world coordinates, and C is the scale of graph. The grid scale 
for base map of terrain rendering can be defined based on C.  

 

In the foundation layout, nodes in the original networks are 
laid out in two steps: initial layout and optimization. Though 
the layout algorithm gives priority to nodes with larger 
weights, it also keeps them as compact as possible. This is 
because drastically differing  distances among pairs of nodes 
can cause the resolution of  grids to be arbitrarily small, which 
will in turn lead to aliasing problems in rendering. Intuitively, 
nodes with larger weights push others aside while edges  pull 
end nodes closer. The final position of each node is the 
accumulated effect of the constraints imposed on it. f and g 
are used to quantify the constraints. Formal definitions of the 
constraints are introduced and explained later. The improved 
layout of the graph is achieved by optimizing this constraints-
based system.  

 

In the initial layout, the graph can be configured manually to 
approximate the global minimum before the optimization,in 
order to avoid local minima in the process of optimization. 
Nodes are arranged in 2D and are always kept planar during 
the optimization. Each node vi, with f(vi) larger than threshold 

fq is radially laid out around point O.  The radius is 

proportional to log (f(vi)) which  reflects the idea that nodes 
with larger weight push each other aside. (A logarithmic scale 
is used here and later in the model, because it can reduce any 
significant difference of distance among pairs of nodes.) 
Starting from one of those nodes, an extended version of 
Breadth First Search (BFS) is carried out to determine the 
position of other nodes. The node is radially laid out around 
its parent when it is first visited, and  the position is adjusted 

each time it is revisited by other nodes. The algorithm can be 
outlined in the following pseudo-code: 

 
Proc BFSdraw: 
if (queue is empty) return; 
v c = queue.head(); 
n =  number of v c’s neighbors 
step = 360/n; 
for each neighbor v i  of v c 
if (v i  is not visited ) { 

radius =cal_radius(v i ); 
angle = angle+step; 
cal_position (v c, n, angle, radius); 
set v i  as visited; 
queue.add(v i ); 

 } else { 
adj_position(v c,v i ); 

 } 
 BFSdraw(); 
��

where cal_radius() calculated the radius of vC for the radial 
layout around vc depending on g(vi, vc), f(vi), and f(vc), 
cal_position() calculates the actual position for vi and 
adj_position() adjusts vi’s position depending on g(vi, vc), f(vi), 
and f(vc). The actual algorithms of cal_position() and 
adj_position() are designed similar to the energy minimization 
model discussed in next section. 

Energy Minimization    

To optimize the constraints-based system, the spring 
embedder (force-direct) model is applied [37]. The classical 
spring model is: 

21
(| ( ) ( ) | )

2 ij i j ij
i j

E k p v p v l
¹

= - -�   

where p(vi) is the position of node vi; lij  is the ideal spring 
length for node vi and vj, which is usually a predefined path 
between the two nodes; kij is Hook coefficient. This model can 
be generalized as a MDS model [19], where | ( ) ( ) |i jp v p v-  

is the original distance of the two nodes in d dimension and 

ijl  is the distance in projected d’ dimension (d >= d’). In our 

model, however, each of the terms in the general model is 
redefined based on constraints. Note that weight f  and 
interaction strength of an edge gare two important factors. In 
addition,  there are two types of constraints for placing the 
node pairs (vi, vj):  

·  Node constraint. Nodes are positioned  together to keep 
the layout compact. We introduce the concept of area of 
influence for each node, which is a circular area with the 
node at the center. When the pair of nodes does not have 
edges between them, nodes tend to push other nodes out 
of their area of influence. In other words, two areas of 
influence cannot overlap under this circumstance. The 
radius of the area of influence  is determined by  f(vi) and 
f(vj).  
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·  Edge constraint. The edge between two nodes tends to 
pull them closer. The area of influence can somewhat 
overlap, however, the distance between the centers of the 
two areas of influence is still preserved by g(vi , vj). 

Node or edge constraints will influence the final position of 
node pair (vi, vj). Pairs of nodes having no edges between 
them are subject to node constraints, whereas pairs of nodes 
having edges between them are subject to edge constraints.  
Therefore the formal definition of our force-direct model is:  

2

( , )

2

( , )

1
( (| ( ) ( ) | log( ( ) ( )))

2

(| ( ) ( ) | ( , )) )

i j

i j

i j i j
v v E

i j i j
v v E

E p v p v f v f v

p v p v g v v

Ï

Î

= - - + +

- -

�

�
 

where log( ( ) ( ))i jf v f v+  is the ideal projected distance for 

iv and 
jv when they do not have edges and g(vi, vj) is the ideal 

projected distance when they share an edge.  

 

Nonlinear system minimization techniques can be applied to 
minimize the energy of this model. As Newton’s methods [38] 
suffer from the complexity of computing the Hessian 

matrix, we use conjugate gradient [39] to estimate the descent 
direction in N dimensions.  

 

TERRAIN FORMATION AND CONTOUR 
VISUALIZATION 

Definition of the Grids 

In previous definitions, O is the center and C is the scale of 
the graph. The optimized layout is scaled to fit into a 
bounding square that centers at O and has edge length C. The 
grids are defined to be  the same size as the bounding square 
that centers at O as well.  If the shortest distance between any 
pair of nodes is � C after minimization, where � <1, the 
resolution of the grids is defined to be smaller than � C, so no 
cell of the grid has more than one node.  

Scattered Data Interpolation of the Scalar Field 

At this point,  the grid containing the optimized 2D-
foundation layout is ready for surface rendering. Suppose s is 
a discrete scalar function defined over nodes :s V R® . This 
scalar function can represent any other additional attribute the 
node has. The complete scalar field over grid points should be 
interpolated from the available scalar values of nodes. The 
scalar field is then rendered as elevations to generate a height 
field from the 2D plane where the nodes reside.  

 

Sherpard’s method, originally proposed in 1968 [[40]] is one 
of the simplest interpolation techniques. It takes the distance 
weighted average of the interpolation points as the 
interpolation function. An improved Sherpard’s method [41] 
was proposed later, which interpolate the displacements of the 
points. In our scattered data interpolation, scalar value is used 

as “displacement”. Therefore the unknown scalar value for 
each grid point can be computed by:  

1 1

( ) 1
( ) /

( ) ( )

n n
i

r r
i ii i

s v
s p

d p d p= =

= � �  

Where p is the grid point with unknown scalar value, s(vi) is 
the scalar value of node vi , ( )r

id p is the distance from node vi  
to p and r is the exponent parameter to weigh the factor of 
distance. Since area of influence is introduced, nodes with 
different weight f(vi) cannot be interpolated as they are 
symmetric points in interpolation. The scalar value of nodes 
with larger weight should have more influence on the scalar 
value of grids than nodes with smaller weight. Thus, the 
modified Sherpard’s method is as follows: 

1 1

( )* ( ) * ( )
( ) /

( ) ( )

n n
i i i

r r
i ii i

s v f v f v
s p

d p d p= =

= � �
 

where the f(vi) is the weight factor in interpolation.  

Elevation and Surface Rendering  

The scalar value of each grid point is rendered as an elevation 
from the 2D plane of the foundation layout. The position of 
the elevated point q of grid point p(x,y) is ( , , * ( ))x y s qa , 

where a is a uniform scale factor. The height field can then 
be rendered as a surface, given that the scalar values of the 
grids points are available. We use the Visualization Tool Kit 
(VTK) to generate the terrain surfaces and contours based on 
constant height values. The color scheme is adopted to denote 
different height. Let a *s(vi) be H(vi). If H(vi) is larger than 
certain value Si , vi in 2D plane of contour rendering  will be 
enclosed by the contour of value Si .  

 

 

VISUAL EXPLORATION OF GENETERRAIN FOR AD 
GENE EXPRESSIONS 

Alzheimer disease (AD) is a progressive neurodegenerative 
disease afflicting  almost 5 million people in the US 
diagnosed today. The number of diagnosed AD patients is 
also expected to quadruple from its current number worldwide 
in the next 40 years. The mental status of an AD patient 
deteriorates irreversibly over time, therefore an early 
diagnostic test to treat AD with high precision bears the 
highest hope of helping deter the onset and progression of the 
disease. However, there have not yet been approved AD 
molecular diagnostic tests with enough sensitivity and 
specificity. Therefore, we are motivated by the significance of 
treating AD and studying whether GeneTerrain is useful in 
analyzing AD microarray gene expression profiles. 

Visualization of AD Gene Expressions in GeneTerrain 

Using GeneTerrain visualization techniques, we laid out an 
AD protein interaction network. In the AD GeneTerrain, 
edges disappear and are replaced by topological  
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                                            (a) 

 

 

 

neighborhoods in the terrain. Nodes become noticeably 
significant, occupying an area proportionally to its relative 
significance, which is based on the calculated AD-relevance 
gene ranking score by Chen et al. [13]and is shown in Table 
1.Each node is used to represent a protein or a gene  (here, we 
refer to the two distinct molecular entities interchangeably, 
because we use a standard ID mapping table available from 
the UniProt database [42] and can map between genes 
identified by standard gene symbols and corresponding 
proteins identified by unique UniProt identifiers). Each edge 
is used to represent an interaction relationship between two 
proteins. In Figure 2, we show the AD GeneTerrain 
foundation layout. Fig 2(a) is the foundation layout of the data 
set before optimization, and Fig. 2(b) is the foundation layout 
after optimization. 5% of the nodes with the largest weight are 
colored red, the rest of the nodes are colored blue. After 
minimization, the most significant nodes are spread out and 
black circles indicate the regions of interests, which contain at 
least one highly significant AD protein.  

 

Gene expression values are then used to render heights of the 
GeneTerrain visualizations. This rendering is based on the 
foundation layout and interpolation method described earlier.  
The height of each node is used to represent the gene 
expression value of each protein. The AD gene expression 
data used was collected from a published expression 
microarray data set, which derived from microarray analysis 
of the brain tissues from 31 individuals, which includes 9 
healthy individuals, 7 incipient AD patients, 8 moderate AD 
patients, and 7 severe AD patients [43]. The gene expression 
value for each gene is calculated from gene-mapped probe 
sets, each of which is indentified by its AFF_ID [43] and 
contains a single gene expression value. We mapped each 
probe set gene expression value to a gene expression value.   

 

 

 

 

 

 

 

 

 

 

 

 

 

                                          (b) 

 

 

                                                    

Algebraic average is used to represent the aggregated 
expression value if multiple probe set values can be mapped 
to a unique protein identified by its UNIPROT_ID. After this 
aggregation, 218 out of 625 protein nodes and 19 out of top 20 
significant protein nodes remained.  

 

Table 1. Top 20 significant proteins UNIPROID and weights 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

PROTEIN ID RANK 

AD 
RELEVANCE 

WEIGHT 

A4_HUMAN 1 35.5 

LRP1_HUMAN 2 34.0 

PSN1_HUMAN 3 27.1 

PIN1_HUMAN 4 18.6 

FHL2_HUMAN 5 16.4 

PSN2_HUMAN 6 13.6 

NP1L1_HUMAN 7 11.3 

S100B_HUMAN 8 11.2 

CDK5_HUMAN 9 11.1 

NOG1_HUMAN 10 11.0 

CLUS_HUMAN 11 10.9 

NCOA6_HUMAN 12 9.7 

CATB_HUMAN 13 9.3 

ARLY_HUMAN 14 8.6 

FLNB_HUMAN 15 8.3 

CTND2_HUMAN 16 7.8 

APBA1_HUMAN 17 7.3 

C1TC_HUMAN 18 5.9 

ODO2_HUMAN 19 5.1 

MK10_HUMAN 20 5.0 

Figure 2. Foundation layout before optimization (a), and after optimization (b). The nodes with high weights are 
circled in the right panel. 
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In Figure 3, we show an example using GeneTerrain surface 
and its contour to display gene expression data from the AD 
normal (control) group. Note that the height value in Z 
direction is adjusted to a proper scale of gene expression 
suitable for display and exploration. The scale of Z direction 
is different from the scale of grids used in the X-Y plane.  

 

User Interactions with AD GeneTerrainVisualizations 

User interaction is provided for visual exploration. All labels 
can be toggled on to support an overview of the distribution of 
protein nodes. The label of an individual protein can be 
toggled on by querying the name of the protein. To enable 
multi-scale visualization, a threshold T (T>0) can be set and 
only proteins whose height values are larger than T will be 
displayed. In this way, multi-scale visualization can organize 
hundreds of proteins and gradually narrow down the search 
space by increasing the value of T. Meanwhile, it can group  

proteins by different threshold and may yield biologically 
meaningful clusters. Figure 4 (a) is the terrain with proteins 
threshed by T=3 and (b) is the contour visualization. Details 
of the local regions can be obtained by zooming in (Figure 5). 

 

To support more advanced visual explorations, proteins names 
in regions of interest could be shown by clicking the area. 
Note that only proteins whose heights are above current 
threshold T and whose coordinates are within a circle centered 
at clicking point with predefined radius �  are shown. Figure 5 
(a) shows all protein names in a peak area in contour 
visualization. (b) is a zoomed-in view to identify each 
protein’s  name. 

 Biomarker Discovery with AD GeneTerrain Visualizations 

To perform biomarker discoveries, we needed to calculate the 
differential expression levels (as fold changes) for each gene. 
An AD biomarker refers to a minimal set of consistently  

 

 

 

 

 

 

 

 

 

 

 

                                        (b) 

                                         

 

 

differentially expressed genes. To use AD GeneTerrain 
visualization towards this purpose, we need to represent the 
height of GeneTerrains at each location of the gene with 
relative gene expression values from AD vs normal conditions 
instead of absolute gene expression values from normal 
samples. To do so, we first verified that the gene expression 
data sets obtained from the publication were  already 
previously normalized. Then, we averaged the absolute gene 
expression values for all grouped individuals to their mean 
value. Next, we paired AD patient groups (incipient, moderate, 
and severe) with the normal control group to derive relative 
gene expression.  Relative (differential) gene expressions are 
rendered as a new type of GeneTerrain sharing the same 
foundation layout of the GeneTerrain for absolute gene 
expressions. Relative gene expression values are calculated 
here according to standard gene expression analysis 
conventions as follows: 

 

 

 

 
 
where ReExp(pro_id) represents the differential gene 
expression ratio for the diseased stage vs. normal control 
condition for a given protein with pro_id as the identifier, 
Exp1(pro_id) is the absolute gene expression value for the 
same protein under condition 1, and Exp2(pro_id) is the 
absolute gene expression value for the same protein under 
condition 2. Therefore, differential gene expression values 
have an absolute value greater than or equal to 1. To filter 
differential gene expression values due to natural variability 
of gene expressions, we only consider changes beyond 5% of 
normal controls, or >= 1.05 and <-1.05 cases. In figures 6 and 
7, we show a series of differential expression surfaces and 
contours for control vs. incipient, control vs. moderate , and 
control vs severe conditions. We set a threshold of height  

Figure 3. GeneTerrain visualization for averaged absolute gene expression profile of a group of samples (size=9) from 
normal individuals. (a) is a GeneTerrain surface map. (b) is a GeneTerrain Contour map. 
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(a)  

 

 

values for the surface. The part of surface whose height value 
is out of the range is set to be transparent and no contour will 
be displayed either. Peak and valley areas are colored 
separately.  (Though  red usually represents over-expressed 
value, here we use red to represent areas with comparatively 
lower height value as the surfaces are control vs. condition) 

 

From these figures, we can observe peaks and valleys in the 
GeneTerrain surface maps and rings of concentric circles in 
the GeneTerrain contour maps. These distinct visual features 
serve as “visual cues”, allowing a biologist to quickly 
comprehend the results of AD differential gene expressions in 
their biological context. In Figure 6, peaks are clearly 
identifiable with colors ranging from red, yellow, green, to 
blue. We also labeled major peaks and valleys for easy 
comparisons between different panels in both Figure 6 and 7. 
The area with height value within a certain range is set to  
transparency to separate features. With these visual 
representations, several observations can be made readily. 
First, we observe that peaks A1, A2 and A3 are present in all 
panels, indicating that relative to controls, the AD conditions 
lack the expressions for these genes. The proteins in these 
peak areas, especially those determined to have significant 
links to AD (protein nodes with high weight scores from 
previous studies), are candidate AD diagnostic biomarkers. 
Similarly, valley D1 and D2 can be diagnostic biomarkers as 
well. Second, we observe that the height of peak A1 increases 
as AD progressed in stages. Therefore, proteins in this peak 
can be considered candidate prognostic biomarkers. Third, we 
observe that peaks B1 and B2 disappear in the severe form of 
AD and valley D3 appears in the severe form of AD. This 
makes the up-regulation of proteins within peaks B1 and B2 
as well as down-regulation of proteins within peaks D3 
candidate staging biomarkers. Fourth, we observe that the 
small peak C1 appears in moderate AD vs. control normal 
whereas it is transformed to a valley in incipient or severe 
differential AD gene expression profiles. The inconsistent 
behavior of the protein in the area of C1 certainly poses an 
interesting question.  

 

 

 

 

 

 

 

 

 

 

(b) 

 

 

We further identified proteins of interests within peaks/valleys 
in the GeneTerrain. This is performed by clicking on a region 
of interest and toggling on gene labels. Figure 8(a) displays 
the results of such interactive visual querying, in which the 
name of proteins in the peak or valleys with differential gene 
expression levels above thresholds in control vs. incipient AD 
is shown. Figure 8(b) displays the contour map corresponding 
to 8(a). Using the interactive functionality introduced in the 
previous section, more protein names will appear in the region 
of interest by decreasing the threshold value. By examining all 
relative GeneTerrain, we identified that the prognostic 
biomarker in peak A1 is mainly explained by protein 
“CDK5_HUMAN” in the top 20 significant proteins listed in 
table 1. The link between cdk5 and Alzheimer’s Disease has 
been  well supported by prior biomedical studies but the role 
of cdk5 as potential AD biomarkers has  not been previously 
reported [44]. 

 

DISCUSSIONS AND CONCLUSIONS 

In this work, we introduced GeneTerrain as a new framework 
for large scale network visualization and visual exploration. 
We rendered a scalar field as a terrain surface by encoding 
one numerical attribute of vertices in the network and 
encoding connectivity among vertices as neighborhood. To 
generate the smooth terrain surfaces, we used a modified 
Sherpard’s interpolation scheme to produce a continuous 
scalar field from scatter data, which was different from the 
approaches in previous work [32]. Besides, our design of 
foundation layout and interpolation of scatter data both 
incorporated one same attribute of the nodes in the networks, 
which followed principal of nodes’ centric mapping and was 
not done in related work [30][32]. Moreover, unlike related 
works, we used the multi-scale visualization and other 
interactive schemes combined with terrain surface 
visualization for overcome the difficulty in visualizing large 
scale graphs. 

 

 

  Figure 4. (a) GeneTerrain surface map with labels on when threshold T=3 (b) Contour map for (a) 
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(a)  

 

 

 

To examine the applications of our proposed framework, we 
applied it to study bio-molecular expressions by mapping 
them onto vertices in a protein-protein network of 
Alzheimer’s Disease. We also rendered the differential 
expression terrain surfaces and contours, and yielded 
biologically significant results — several types of candidate 
biomarkers, useful for hypothesis generation and derivation of 
biomarker panels for future clinical use.  Yet unlike our 
framework, previous protein-protein interaction networks and 
proteins’ corresponding gene expression values were usually 
visualized and investigated independently. For instance, 
“heatmap” is one of the most popular visualization techniques 
which can be used in bio-molecular  expression data analysis 
[45]. Biomarkers’ derivation based on “heatmap”-like 
visualizations was  also reported [46] . However, “heatmap” 
and its applications in biomarker discovery organize 
expression values as matrix entries and analyze them by re-
ordering the entries, which lose the information of the 
biomolecular context of these expression values. In contrast, 
our framework arranged the expression values on a native bio-
molecular network by rendering terrain surfaces and contours 
upon the layout of the network, and therefore could provide  
much richer visual and semantic information to help biologists 
with biomarker discovery tasks and clinicians with molecular 
diagnostics tasks. Further, other biomedical network  
visualizations [34, 35] addressed the spatial relationships 
among biological entities, but are not designed to  
understanding the dynamics of an overall network caused by 
the changes of certain vertices. To this end, our framework 
can provide the overview of a network context in a node 
centric way thus capturing the change of the network by 
demonstrating the formation of landmarks, such as peaks and 
valleys.        

 

As GeneTerrain mainly takes the advantages of human 
beings’ perception capabilities to detect changes in bio-
molecular expression profiles as landmark features, biologists 
are primarily benefitted from the visual feedback on the 
profiles which was not conventionally visualized in such a  
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way. Though it is hard to measure the usability of 
GeneTerrain, our technique is being actively used for lung 
cancer investigation by the bioinformatics group from school 
of informatics at Indiana University. We are in the process  of 
refining this technique, developing user-friendly software 
tools, and applying it to other disease biology studies. We 
believe that the principle and framework of our work can be 
generalized for biomarker discovery data explorations beyond 
the case study of Alzheimer’s Disease. In fact, other 
biological ontology networks, including disease networks, 
pathway networks, and their dynamics can also be visualized 
and explored using GeneTerrain framework, given the 
appropriate goals of investigation and the definitions of 
vertices and their relationships in the networks. By adjusting 
and enhancing the interactivity of our framework, the 
visualization framework can further be incorporated into 
knowledge discovery processes in biological domain.  
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Figure 5. (a) proteins with names in one peak area (b) protein  in the same peak area can be identified by zooming in. They are 

“FLNA_HUMAN” “PGM1_HUMAN” “CSK2B_HUMAN” “CATB_HUMAN ” “APBA3_HUMAN” “CO4A1_HUMAN”  
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(a) Control vs. Incipient 

 

 

  

 

 

 

 

 

 

 

 

 

(b) Control vs. Moderate 

 

 

 

 

 

 

 

 

                                                                                                                                                                                              

 

 

 

(c) Control vs. Severe 
 
 
Figure 6. GeneTerrain surface maps for averaged AD differential gene expression profiles. The comparison conditions are 
labeled at each of the three panels (a)-(c). 
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(b) Control vs. Moderate 

 

 

 

 

 

 

 

 

 

 

 

 

                                                              

 

 

    

                                                                         (c ) Control vs. Severe 

    

Figure  7. GeneTerrain contour maps for averaged AD differential gene expression profiles. The comparison conditions are 
labeled at each of the three panels (a)-(c). 
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(b)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. (a) Control vs Incipient GeneTerrain surface map with labels in regions of interest, height value threshold = 17 
(b) Contour map for (a) 
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