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ABSTRACT

We propose a new network visualization techniqueguscattered data interpolation and surface rémgebased upon a
foundation layout of a scalar field. Contours daf thterpolated surfaces are generated to suppatti-ssale visual interaction for
data exploration. Our framework visualizes qualtitie attributes of nodes in a network as a cootisusurface by interpolating
the scalar field, therefore avoiding scalabilitguss typical in conventional network visualizatiomkile also maintaining the
topological properties of the original network. VEpplied this technique to the study of a bio-moal@cinteraction network
integrated with gene expression data for Alzheimddisease (AD). In this application, differentiadng expression profiles
obtained from the human brain are rendered for Adiepts with differing degrees of severity and paned to healthy
individuals. We show that this alternative visuatian technique is effective in revealing seveyales of molecular biomarkers,
which are traditionally difficult to detect due ‘tooises” in data derived from DNA microarray expeents.
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INTRODUCTION

Graph and network visualization is widely acceptéu the
scientific research community as an essential tém
exploring the complex connections and interastiamong
data entities and to investigate the inherent &iras and
knowledge in a broad range of domains [1-3]. Howgve
several problems have long hampered graph and retwo
visualization. First, the viewing platform and pmrhance
pose constraints on the scale of the graphs. Onfgva
systems can handle large graphs of up to seveocalsémd
nodes [4, 5]. Second, visual usability and clatitycome
unacceptable as the density of the graph growsdfisigntly,
even though a system can layout and display thig Igraph.
Nodes and edges occlude each other
indiscernible [6], owing to congestion of color etaphors
and labels.

Graph and network visualization tools are beconaggential
for biologists and biochemists who study bio-malac
interaction networks, including protein interactioetworks
[7], gene regulatory networks [8], and metabolibnwaks [9].
Several biomolecular interaction databases suchDH3,
BIND, and Reactome [10-12] have now become availabl
within the past 5-7 years, fueling the growing néed the
study of the functional relationships among gepretéins in
network contexts. While using the graph metaphor fo
visualizing biomolecular networks is appropriate r fo
understanding the basic topological structure ofrialecular
networks [13], or in some cases, high-level proteitegorical
interconnections in a network [13], the metaphan&lequate
in addressing biological questions in which coteda
functional changes of genes, proteins, and metaisolhave to
be investigated in the same network context. Exammuf
these questions are:
- What are the significant gene expression patteemgés

in a given biological condition such as human dis€a

Where are such changes taking place in the furaition

context of genes and proteins?

Can we “see” biologically significant changes in

gene/protein expression measurements, despiteeimther

data noise from DNA microarray experiments?

These questions are of central concern in postfgeno
molecular diagnostics applications, particularlyplecular

biomarker discoveries [14, 15]. Conventional gréwlsed
network visualization methods are insufficient iddeessing
these post-genome biological knowledge discovelstions,
primarily because the users, after learning infdioma on
network topology, needed to focus on “nodes”.

In this paper, we propose a novel visualizatiormiaork
which addresses the above biology-inspired knogéded
discovery problems using scattered data interplasurface
rendering, and interactive visual exploration. Feggd shows
the pipeline of this visualization metho@lhe method offers
the following advantages:

1) A modified force-direct graph layout model capsithe
inherent structural properties of original networthich is
both edge-weighted and node-weighted.

2) Scattered data interpolation and surface rengexvoid the
scalability problem and represent features derfueih the
data set as prominent geographic landmarks.

3) Interaction with areas and heights supports irsatile
visualization and visual exploration, which candea the
discovery of new hypotheses based on domain kngeled

We applied this method to bio-molecular interactiwtworks

of Alzheimer’'s Disease (AD). We show how the framekv

and are ofterenables interesting discoveries of a bio-candidatarker

panel useful for prediction of disease onset, stgiand
progression monitoring. This type of panel biomaskbave
not been reported in the AD biomedical researchroamnity
previously.
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Figure 1. Framework of GeneTerrain visualization

The rest of the paper is organized as follows.tfivs review
related work in graph/network visualizations and
multidimensional scaling. Then, we present the Gengin
foundation layout model. Next, we describe a soadtelata
interpolation algorithm for the generation of snfosurface
geometry. Afterwards, we describe terrain and aanto
rendering techniques. Next, we apply this generic
visualization framework to the study of Alzheimedgsease
(AD) biomarker discoveries, in which GeneTerrain
visualizations are rendered with protein-proteiteliaction
networks as the foundation and gene expressionesahs
height. Last, we discuss the significance of ourkto both
general scientific visualization and biomarker &sd in
biomedical research.



RELATED WORK

In graph and network visualization, much of therkture
since 1960s has been devoted to graph drawing ayait
algorithms. Among typical
algorithms are the number of edge crossings fomplao@r
graphs, separation of vertices and edges so theybea
distinguished visually, and preservation of projsrsuch as
symmetry and distance. Among graph drawing algoriththe
spring model (force-direct or energy-based model)l és
variants [16, 17] are the most popular and theesasito
implement. Other proposed models, such as Linlogrggn
models [18], also attempt to achieve an optimizegbly lay
out by minimizing a pre-defined system energy based
either node-repulsion or edge-repulsion. Graph dgw
problems have also been studied
Multidimensional Scaling [19], which offers in-dépt
theoretical foundation. Metric Multidimensional 8ng aims
to map a data set in higher dimensions to loweedsions by
non-linear projections such that the distance betwdata
points in lower dimensions corresponds to simiksitor
dissimilarities in the original distance matrix [20This
characteristic hence gains MDS traction in dataaligation.
The cost function or stress function of this noreér
embedding is in fact a generalization of the enduggtion in
a force-based graph drawing model.
Majorization [21] used in MDS can also be appliedyraph
drawing. The major advantage of Stress Majorizatiear the
energy minimization deployed in force-directed nieds that
Stress Majorization ensures that stress monotdyical
decreases during the optimization, thus Stres@riation
effectively avoids the energy value oscillationojotimization
and shows improved robustness over local minimé [22

On the other hand, information visualization resbhars have
developed various techniques to reduce the visumlptexity

of a graph by limiting the number of visual elensebting
viewed. For instanceiierarchical Edge BundlegR3] uses
different techniques to visualize adjacencies edgesl

hierarchical edges to reduce visual clutter. In somcent
work, levels of abstractions are created by stglyihe

semantics [24] and topological features [25] of gnaphs, or
by aggregating networks using link structures, nmgrg
clusters of nodes into subgroups [26]. An altem@atipproach
to ease the congestion problem of node link diagrés to
use matrix-based representations [27, 28]. The objol
community has long adopted matrix-based representad

visualize gene co-expression microarray dataséts3d).

Other works in information visualization techniqubave
utilized human perceptive advantages on spatiahgmena
by rendering continuous field over underlying grdpiiout.
Among these, ThemeScape [31] is one of the fiethods in
document visualization that uses elevation to iadicthe
strength of certain themes in a given region. Theral 3D
surface (landscape) visualization is claimed tceeffective in

concerns of graph drawing

in the context of

Therefore Stress

providing both overview and inter-relationship amothe
documents and their themes. The problem of rengerin
another scalar field over a graph layout is forgnalildressed
in GraphSplatting [32], which assumes that sigaific
structural information can be provided from the gin of
vertices. In this work, a 2D continuous scalar diek
constructed by “splatting” vertices of the graphtoorthe
screen. A 2D kernel or basis function is placethatcenter of
a vertex’s 2D position to create a “splatting” sigme. The
contribution of each splat to a pixel in the gisdestimated by
using the distance between the vertex positionthadccenter
of the pixel. After a scalar field is constructedsecond scalar
field can be rendered as a “noise field”: a lowgfrency noise
is scaled by the scalar value of each vertex amyatated
with the 2D basis function. This method shares esom
similarities with our research However, our work
substantially different from GraphSplatting in seleaspects.
First, GraphSplatting is mainly designed to captheedensity
of nodes in 2D whereas our work aims to reveal mak
features in 3D terrain based on the 2D graph layBetond,
interpolation is used in our work to resample tlgnals and
reconstruct the continuous scalar field for 3D Y
whereas Guassian kernels are used in GraphSplattigl,
our interpolation is not only distance-weighted halso
weighted by a factor which is used in the grapholay
whereas GraphSplatting renders the second scaddd fi
independently with the underlying graph. Our intdgtion
method in fact enforces terrain surface formattwat is more
consistent with the characteristic of underlyinggir layout.

A related work for visualizing biomedical gene esgsion
data is Gene Maps[30]. A gene map makes use of co-
expression profiles of genes and builds clustered c
expression data on a 2D surface, and further purates the
density of gene clusters as the latitude of highsig
clustered areas as “mountains” into a 3D visudbramap.
However, accurate gene co-expression similarityfileso
usually require dozens, if not hundreds or thousaraf
expression experiments; therefore, as more datanteec
available, the topology and relative positioning genes to
each other in a gene map may dramatically diffemfrone
another. Differential gene expression values ofgimgn gene
also cannot be shown on gene maps, thereforerignilie use
of the visualization in routine disease-specifiolbgical
studies.

Several biomolecular network visualization softwpaekages
such as ProteoLens [33] , Osprey[34] and cytosd@pg
have been developed in recent years to allow ussuslize,
annotate, and query biomolecular interaction netaiof hese
software tools use graph metaphor and show bicdbgic
macromolecules such as proteins and genes as anddheir
interacting relationships as edges; annotationthefjraph are
represented as nodes or edges of different codimss, and
distances. Such biomolecular interaction networkskaown
to follow scale-free property characteristics ofllveéudied



social networks and disease epidemic networks [36jvever,
as the size of the network increases, the complefitthe
network grows geometrically, causing challengingwoek
layout problems such as edge-crossings and ovémigpp
nodes, thus preventing users from exploring padténat may
exist in an annotated network. A tool that combiribe
spatial-preservation features in graph-based \imtans and
node-centric mapping of biomolecular entity’'s nuimer
properties would be both novel and significant astpgenome
biological research. For the remainder of the pape
describe our development of such a tool, “GeneT®@tra

FOUNDATION LAYOUT

Initial Layout

We define a general node-weighted edge-weightedastdd
graph as G = (V, H, g, O, C), where V is the node sgf} "

i=1’

E denotes the edge (v, \{)T \} , f assigns a weight

value to each nodef, :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. gtk scale
for base map of terrain rendering can be definesgdan C.

In the foundation layout, nodes in the originalwaks are
laid out in two steps: initial layout and optimiat. Though
the layout algorithm gives priority to nodes withrder
weights, it also keeps them as compact as possitiiis. is
because drastically differing distances amongspafirnodes
can cause the resolution of grids to be arbitranhall, which
will in turn lead to aliasing problems in renderitgtuitively,

nodes with larger weights push others aside whilges pull
end nodes closer. The final position of each nalehe
accumulated effect of the constraints imposed ohandg

are used to quantify the constraints. Formal didims of the
constraints are introduced and explained later. ifigroved
layout of the graph is achieved by optimizing thimstraints-
based system.

In the initial layout, the graph can be configurednually to
approximate the global minimum before the optimaain
order to avoid local minima in the process of ojsation.
Nodes are arranged in 2D and are always kept pldunang
the optimization. Each nodg with f(v;) larger than threshold
g, is radially laid out around point O. The radius is

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

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

Proc BFSdraw:

if (queue is empty) return;

V. =queue.head();

n = number of v

step = 360/n;

for each neighbor v

if (v ; is notvisited) {
radius =cal_radius(v
angle=angle+step;
cal_position (v

¢'S neighbors
i ofv
i)

¢, N, angle, radius);

setv ; as visited;
gueue.add(v ;);
}else {

adj_position(v Vi)

}
BFSdraw();

where cal_radius() calculated the radius of for the radial
layout aroundv. depending ong(v;, Vo), f(v), and f(v,),
cal_position() calculates the actual position for, and
adj_position()adjustsy’s position depending og(vi, V), f(v),
and f(vo). The actual algorithms ofcal_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 g@prin
embedder (force-direct) model is applied [37]. Tdtassical
spring model is:

E:l
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where p(v) is the position of nods;; | is the idealspring
length for nodev; andv;, which is usually a predefined path
between the two nodel; is Hook coefficient. This model can
be generalized as a MDS model [19], whepgv)- p(v) |

is the original distance of the two nodesdidimension and
l; is the distance in projected d’ dimension (d >} & our

model, however, each of the terms in the generalends
redefined based on constraints. Note that weightand

interaction strength of an edggre two important factors. In

addition, there are two types of constraints flacimg the
node pairsy{, vi):

Node constraint Nodes are positioned together to keep
the layout compact. We introduce the conceparefa of
influencefor each nodewhich is a circular area with the
node at the center. When the pair of nodes doehawat
edges between them, nodes tend to push other odes
of their area of influenceln other words, twareas of
influence cannot overlap under this circumstance. The
radius of thearea of influenceis determined byf(v;) and

f(v).



Edge constraint. The edge between two nodes tends to as “displacement”. Therefore the unknown scalauedior

pull them closer. Tharea of influencecan somewhat
overlap, however, the distance between the ceofdise
two areas of influencés still preserved bg(v; , v).

Node or edge constraints will influence the finakition of

node pair ;, Vvj). Pairs of nodes having no edges between

them are subject to node constraints, whereas pain®des
having edges between them are subject to edgerantst
Therefore the formal definition of our force-direnbdel is:

200 Gpw- Py log(f(vy  f(y )+

2 (I E
C(pv)- P E oy YY)
(v E
where log(f (v,)+ f(v,)) is the ideal projected distance for

V, and v, when they do not have edges afd, v;) is the ideal
projected distance when they share an edge.

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

matrix, we use conjugate gradient [39] to estinthéedescent
direction inN dimensions.

TERRAIN FORMATION AND CONTOUR
VISUALIZATION

Definition of the Grids

In previous definitionsO is the center an@ is the scale of
the graph. The optimized layout is scaled to fitoim
bounding square that centersCatind has edge lengt The
grids are defined to be the same size as the rmysduare

that centers aD 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 smallemthC, 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 optimizedD-2
foundation layout is ready for surface renderingp®ses is

a discrete scalar function defined over node¥ ® R. This

scalar function can represent any other additiattabute the
node has. The complete scalar field over grid goshibuld be
interpolated from the available scalar values oflaxo The
scalar field is then rendered as elevations to rgé@e height
field from the 2D plane where the nodes reside.

Sherpard’s method, originally proposed in 1968 J[4€ one
of the simplest interpolation techniques. It takes distance
weighted average of the
interpolation function. An improved Sherpard’s noth41]
was proposed later, which interpolate the displasgmof the
points. In our scattered data interpolation, scaeddme is used

interpolation points as the

each grid point can be computed by:

"sw), 1

= 4 (p) i d (P

Wherep is the grid point with unknown scalar valsy) is
the scalar value of node, d/( p)is the distance from nodeg

to p andr is the exponent parameter to weigh the factor of
distance. Sincarea of influenceis introduced, nodes with
different weight f(v;) cannot be interpolated as they are
symmetric points in interpolation. The scalar vabfenodes
with larger weight should have more influence oe Htalar
value of grids than nodes with smaller weight. Thte
modified Sherpard’s method is as follows:

O AR
P= Tam L4

where thd(Vv)) is the weight factor in interpolation.

s(p =

Elevation and Surface Rendering

The scalar value of each grid point is renderedraslevation
from the 2D plane of the foundation layout. Theifas of
the elevated poing of grid pointp(x,y) is (X, y,a* € Q).
where & is a uniform scale factor. The height field cannthe
be rendered as a surface, given that the scalaevaif the
grids points are available. We use the Visualizafiool Kit
(VTK) to generate the terrain surfaces and contbased on
constant height values. The color scheme is addptedénote
different height. Leta *s(v) be H(v). If H(v) is larger than
certain values , v; in 2D plane of contour rendering will be
enclosed by the contour of valGe.

VISUAL EXPLORATION OF GENETERRAIN FOR AD
GENE EXPRESSIONS

Alzheimer disease (AD) is a progressive neurodeagdive
disease afflicting almost 5 million people in tHéS
diagnosed today. The number of diagnosed AD patiént
also expected to quadruple from its current numimatdwide
in the next 40 years. The mental status of an Aflepa
deteriorates irreversibly over time, therefore aarlye
diagnostic test to treat AD with high precision tsedhe
highest hope of helping deter the onset and pregme®f the
disease. However, there have not yet been appréizd
molecular diagnostic tests with enough sensitiviaynd
specificity. Therefore, we are motivated by thenffigance of
treating AD and studying whether GeneTerrain isfulsi
analyzing AD microarray gene expression profiles.

Visualization of AD Gene Expressions in GeneTerrain

Using GeneTerrain visualization techniques, we laid an
AD protein interaction network. In the AD GeneTémra
edges disappear and are replaced by topological
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Figure 2. Foundation layout before optimization (a), and raftptimization (b). The nodes with high weights are

circled in the right pnel.

neighborhoods in the terrain. Nodes become notigeab Algebraic average is used to represent the aggeégat

significant, occupying an area proportionally te relative
significance, which is based on the calculated Al@wance
gene ranking score by Chen et al. [13]and is showhable
1.Each node is used to represent a protein or @ @bere, we
refer to the two distinct molecular entities intemogeably,
because we use a standard ID mapping table aaifatnin

expression value if multiple probe set values canapped
to a unique protein identified by its UNIPROT _IDftéy this
aggregation, 218 out of 625 protein nodes and 19ftop 20
significant protein nodes remained.

the UniProt database [42] and can map between genesTable 1.Top 20 significant proteins UNIPROID and weights

identified by standard gene symbols and correspondi

proteins identified by unique UniProt identifier§ach edge 5
is used to represent an interaction relationshipvéen two ROTEIN D k| FEEVANCE
proteins. In Figure 2, we show the AD GeneTerrain T - -
foundation layout. Fig 2(a) is the foundation layofithe data Ty . 34'0
set before optimization, and Fig. 2(b) is the foatimh layout - '
after optimization. 5% of the nodes with the latgesight are PONILHUMAN ° 2
colored red, the rest of the nodes are colored. biiger PINEHOMAN ! 180
e . . . FHL2_HUMAN 5 16.4
minimization, the most significant nodes are spreatl and
black circles indicate the regions of interestsicivitontain at PSNZAUMAN ° 136
least one highly significant AD protein. NPALLHUMAN ! 13
S100B_HUMAN 8 11.2
CDK5_HUMAN 9 111
Gene expression values are then used to renddntbeifjthe NOG1_HUMAN 10 11.0
GeneTerrain visualizations. This rendering is basedthe CLUS_HUMAN 1 109
foundation layout and interpolation method desdtilarlier. NCOA6_HUMAN 12 9.7
The height of each node is used to represent the ge CATB_HUMAN 13 93
expression value of each protein. The AD gene agoa ARLY_HUMAN 14 86
data used was collected from a published expression FLNB_HUMAN 15 83
microarray data set, which derived from microareaalysis CTND2_HUMAN 16 78
of the brain tissues from 31 individuals, which lides 9 APBAL_HUMAN 7 73
healthy individuals, 7 incipient AD patients, 8 neodte AD CITC_HUMAN 18 59
patients, and 7 severe AD patients [43]. The geqeession 0DO2_HUMAN 19 51
value for each gene is calculated from gene-mappebtle MK10_HUMAN 20 5.0

sets, each of which is indentified by its AFF_ID3]4and
contains a single gene expression value. We mapjpet
probe set gene expression value to a gene expnessice.




@

(b)

Figure 3. GeneTerrain visualization for averaged absoluteegexpression profile of a group of samples (sizer®n
normal individuals. (a) is a GeneTerrain surfac@nfl) is a GeneTerrain Contour map.

In Figure 3, we show an example using GeneTernaiface
and its contour to display gene expression data filee AD
normal (control) group. Note that the height valume Z
direction is adjusted to a proper scale of generesgion
suitable for display and exploration. The scal&Zdalirection
is different from the scale of grids used in the&/ Xlane.

User Interactions with AD GeneTerrainVisualizations

User interaction is provided for visual exploratidxl labels

can be toggled on to support an overview of theidigion of

protein nodes. The label of an individual proteiancbe
toggled on by querying the name of the protein. éhable
multi-scale visualization, a threshold T (T>0) dam set and
only proteins whose height values are larger thawill be

displayed. In this way, multi-scale visualizatioancorganize
hundreds of proteins and gradually narrow down dbarch
space by increasing the value of T. Meanwhileait group

proteins by different threshold and may vyield bgtally
meaningful clusters. Figure 4 (a) is the terraithwiroteins
threshed by T=3 and (b) is the contour visualizatiDetails
of the local regions can be obtained by zoomin@igure 5).

To support more advanced visual explorations, prsteames
in regions of interest could be shown by clickidg tarea.
Note that only proteins whose heights are aboveentr
threshold T and whose coordinates are within dectentered
at clicking point with predefined radiusare shown. Figure 5
(@) shows all protein names in a peak area in conto
visualization. (b) is a zoomed-in view to identigach
protein’s name.

Biomarker Discovery with AD GeneTerrain Visualizahs

To perform biomarker discoveries, we needed toutale the
differential expression levels (as fold changes)dach gene.
An AD biomarker refers to a minimal set of congishe

differentially expressed genes. To use AD Genefrerra
visualization towards this purpose, we need toasgmt the
height of GeneTerrains at each location of the geité
relative gene expression values from AD vs normabddions
instead of absolute gene expression values frommalor
samples. To do so, we first verified that the gerpression
data sets obtained from the publication were direa
previously normalized. Then, we averaged the alsaene
expression values for all grouped individuals teithmean
value. Next, we paired AD patient groups (incipjenbderate,
and severe) with the normal control group to dereiative
gene expression. Relative (differential) gene eggions are
rendered as a new type of GeneTerrain sharing éinee s
foundation layout of the GeneTerrain for absoluteney
expressions. Relative gene expression values dcelaizd
here according to standard gene expression analysis
conventions as follows:

Exg2(pro_id) o |
ReExp(pro_id)= Expl( pfO_id)'Esz( pro_id)>= Exf( pro_ id)
_ _ Exdi(pro_id) Exp2( pro_idx Exd( pro_ id)

Exp2( pro_id)’ — )

where ReExp(pro_id) represents the differential gene
expression ratio for the diseased stage vs. nowuatrol
condition for a given protein witlpro_id as the identifier,
Expl(pro_id)is the absolute gene expression value for the
same protein under condition 1, amtkp2(pro_id)is the
absolute gene expression value for the same proteder
condition 2. Therefore, differential gene expressiamlues
have an absolute value greater than or equal fBolfilter
differential gene expression values due to natuaaiability
of gene expressions, we only consider changes lley® of
normal controls, or >= 1.05 and <-1.05 cases.duarés 6 and
7, we show a series of differential expression surfaced a
contours for control vs. incipient, control vs. rneogte , and
control vs severe conditions. We set a thresholieajht
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Figure 4.(a) GeneTerrain surface map with labels on whesstiold T=3 (b) Contour map for (a)

values for the surface. The part of surface whasgh value
is out of the range is set to be transparent ancontour will
be displayed either. Peak and valley areas areramlo
separately. (Though red usually represents oxgressed
value, here we use red to represent areas with aatinely
lower height value as the surfaces are controtasdition)

From these figures, we can observe peaks and saillethe

GeneTerrain surface maps and rings of concentratesi in

the GeneTerrain contour maps. These distinct vikatlres
serve as “visual cues”, allowing a biologist to akly

comprehend the results of AD differential gene espions in
their biological context. In Figure 6, peaks areatly

identifiable with colors ranging from red, yellowreen, to
blue. We also labeled major peaks and valleys fasye
comparisons between different panels in both Figueand 7.
The area with height value within a certain rangesét to
transparency to separate features. With these
representations, several observations can be mealdily.
First, we observe that peaks Al, A2 and A3 are preseall i
panels, indicating that relative to controls, thB Aonditions
lack the expressions for these genes. The protairtkese
peak areas, especially those determined to hawefisant
links to AD (protein nodes with high weight scorsem
previous studies), are candidate Aliagnostic biomarkers
Similarly, valley D1 and D2 can h#iagnostic biomarkerss

lvisua
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We further identified proteins of interests witliaaks/valleys
in the GeneTerrain. This is performed by clickingaregion
of interest and toggling on gene labels. Figure 8faplays
the results of such interactive visual queryingwihich the
name of proteins in the peak or valleys with défeial gene
expression levels above thresholds in controlngpient AD
is shown. Figure 8(b) displays the contour mapesponding
to 8(a). Using the interactive functionality intrembd in the
previous section, more protein names will appedhnénregion
of interest by decreasing the threshold value. Bangning all
relative GeneTerrain, we identified that thgrognostic
biomarker in peak Al is mainly explained by protein
“CDK5_HUMAN?" in the top 20 significant proteins tisd in
table 1. The link between cdk5 and Alzheimer's B has
been well supported by prior biomedical studiestha role
of cdk5 as potential AD biomarkers has not beavipusly
reported [44].

DISCUSSIONS AND CONCLUSIONS

In this work, we introduced GeneTerrain as a nesngwork
for large scale network visualization and visuapleration.
We rendered a scalar field as a terrain surfacernpding
one numerical attribute of vertices in the netwaakd
encoding connectivity among vertices as neighbathdm
generate the smooth terrain surfaces, we used é&fiatbd

well. Secondwe observe that the height of peak Al increases Sherpard’s interpolation scheme to produce a coatis

as AD progressed in stages. Therefore, proteirthisnpeak
can be considered candidamgnostic biomarkersThird, we
observe that peaks B1 and B2 disappear in the esdoen of
AD and valley D3 appears in the severe form of Alis
makes the up-regulation of proteins within peaksadtl B2
as well as down-regulation of proteins within pedR8
candidatestaging biomarkersFourth we observe that the
small peak C1 appears in moderate AD vs. controimab
whereas it is transformed to a valley in incipi@emntsevere
differential AD gene expression profiles. The insistent
behavior of the protein in the area of C1 certaipbses an
interesting question.

scalar field from scatter data, which was differéaim the
approaches in previous work [32]. Besides, our giesf
foundation layout and interpolation of scatter ddtath
incorporated one same attribute of the nodes im#étevorks,
which followed principal of nodes’ centric mappiagd was
not done in related work [30][32]. Moreover, unlikelated
works, we used the multi-scale visualization andheot
interactive schemes combined with terrain surface
visualization for overcome the difficulty in visighg large
scale graphs.



(@)

To examine the applications of our proposed fram&wae
applied it to study bio-molecular expressions byppiag
them onto vertices in a protein-protein network of
Alzheimer's Disease. We also rendered the difféaént
expression terrain surfaces and contours, and edeld
biologically significant results — several types a#ndidate
biomarkers, useful for hypothesis generation and/don of
biomarker panels for future clinical use. Yet kaliour
framework, previous protein-protein interactionwetks and
proteins’ corresponding gene expression values wsuvally
visualized and investigated independently. For aimsg,
“heatmap” is one of the most popular visualizatiechniques
which can be used in bio-molecular expression datdysis
[45]. Biomarkers’ derivation based on ‘“heatmap’elik
visualizations was also reported [46] . Howevédredtmap”
and its applications in biomarker discovery organiz
expression values as matrix entries and analyza te re-
ordering the entries, which lose the information thie
biomolecular context of these expression valuesamtrast,
our framework arranged the expression values aatigenbio-
molecular network by rendering terrain surfaces emwtours
upon the layout of the network, and therefore cquidvide
much richer visual and semantic information to Hetgogists
with biomarker discovery tasks and clinicians witblecular
diagnostics tasks. Further, other biomedical networ
visualizations [34, 35] addressed the spatial igahips
among biological entities, but are not designed
understanding the dynamics of an overall networksed by
the changes of certain vertices. To this end, caméwork
can provide the overview of a network context imade
centric way thus capturing the change of the nédtway
demonstrating the formation of landmarks, sucheeke and
valleys.

to

As GeneTerrain mainly takes the advantages of human
beings’ perception capabilities to detect changesbio-
molecular expression profiles as landmark featusedogists

are primarily benefitted from the visual feedback the
profiles which was not conventionally visualizedsimch a

(b)

Figure 5. (a) proteins with names in one peak area (b) proitethe same peak area can be identified by zogin. They are
“FLNA_HUMAN" “PGM1_HUMAN” “CSK2B_HUMAN" “CATB_HUMAN " “APBA3_HUMAN" “CO4A1_HUMAN"

way. Though it is hard to measure the usability of
GeneTerrain, our technique is being actively usadIding
cancer investigation by the bioinformatics groupnirschool

of informatics at Indiana University. We are in fh@cess of
refining this technique, developing user-friendlpftaare
tools, and applying it to other disease biologydits. We
believe that the principle and framework of our kvean be
generalized for biomarker discovery data exploretibeyond
the case study of Alzheimer's Disease. In fact, eoth
biological ontology networks, including disease waaks,
pathway networks, and their dynamics can also bealized
and explored using GeneTerrain framework, given the
appropriate goals of investigation and the definisi of
vertices and their relationships in the networkg.a&8ljusting
and enhancing the interactivity of our frameworlhe t
visualization framework can further be incorporatado
knowledge discovery processes in biological domain.
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Figure 6. GeneTerrain surface maps for averaged AD diffeabgene expression profiles. The comparison cartitare
labeled at each of the three panels (a)-(c).
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(c) Control vs. Severe

Figure 7.GeneTerrain contour maps for averaged AD diffeetigiene expression profiles. The comparison cantitare
labeled at each of the three panels (a)-(c).
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Figure 8. (a) Control vs Incipient GeneTerrain surface méth Vabels in regions of interest, height valuestifrold = 17

(b) Contour map for (a)
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