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Visual Analytics in the Pharmaceutical Industry

With recent advances in biology, medicine, chem-
istry, and informatics, the pharmaceutical indus-
try has the opportunity—and the challenge—to use
unprecedented volumes of data across the entire spec-
trum of business activities. The Human Genome Project
and high-throughput sequencing have provided com-
plete sequences (three billion base pairs for humans)
for several organisms, and new sequences are being
published continuously. DNA chip (or microarray) tech-
nologies let scientists study hundreds of thousands of
gene expression data points at once. Advances in pro-
teomics (study of the proteins in a cell) are now creat-
ing a similar flood of data on the biology of proteins.
Metabolomics is providing large-scale perspectives on
thousands of cellular metabolites under hundreds of
conditions. Combinatorial chemistry and ultra-high-
throughput screening are creating a similar data land-
slide of potential lead compounds, in some cases with
companies working with tens of millions of compounds.
In addition, researchers are combining these approach-
es with traditional methods in other areas, such as tox-
icology and clinical studies, further contributing to the
data glut. In addition, the pharmaceutical industry is
already faced with lots of data related to marketing,
customer information, and other postproduct launch
information.

It seems that having so much data in every aspect of
the pharmaceutical business should provide a benefit;
surprisingly, this is not necessarily the case. Much of the
decision process in this realm, as in others, is reduc-
tionist in nature.

Consider having information on 1,000 genes and want-
ing to find the one or few that would serve as a drug’s
point of action. You can eliminate the genes that aren’t
relevant and continue to refine the search according to
various criteria, thus providing better insight into the
mechanism of a drug’s action. Now consider 100,000
genes. The efforts required to decide which of those genes
can be eliminated become much greater. Similar prob-
lems exist in deciding which compounds should become
leads, or which drug candidates should go through clin-
ical trials. As a result, the number of new drugs (molec-
ular entities that have novel chemical structures) has
fallen in each of the last eight years, despite more than a
twofold increase in pharmaceutical R&D spending over
that period (see http://www.fda.gov/oc/initiatives/
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criticalpath/whitepaper.pdf). But, intuitively, we know
that more data should lead to more discoveries.

The goal, then, is to find ways to use these large vol-
umes of data effectively—saving time, minimizing risk,
and saving opportunity costs. We want to be able to
make decisions faster to eliminate unfruitful targets,
leads, or trials, while increasing the number of promis-
ing discoveries. The financial implications of this effec-
tive use of data are huge. For a drug that makes $365
million per year (certainly not a blockbuster in this
industry), each day sooner the drug makes it to market
earns $1 million more, and this isn’t counting the sav-
ings on not having performed an experiment or trial that
wasn’t going to be fruitful.

Visualization is a key component to achieving the
goal. Visual representation is the most effective way to
present and understand large volumes of data.

But the type of visualization used is critical. Two key
problems must be addressed. First, with extreme vol-
umes of information, traditional charts and graphs—
even when fully interactive—are not sufficient to
provide a clear understanding. Rather, we need more
effective visualizations to communicate the value with-
in the data. Second, progression along the pharmaceu-
tical pipeline requires an understanding of multiple
types of data (numeric, categorical, chemical structures,
genome sequences, and text documents) crossing sev-
eral domains. Part of the reason more data has not
resulted in more drugs is that connections among
domains (for example, between biology and chemistry)
have largely been inefficient. Visualizations that allow
integration at the analytical level will have particular
value to the pharmaceutical arena.

Target discovery

Target discovery entails defining what cellular com-
ponent (usually a protein) or process should be inter-
rupted or augmented by a drug. One of the key steps
in this process is to identify the function of genes and
their respective proteins. A common approach is to
compare the gene (nucleic acid) or protein (amino
acid) sequences of one set of objects (possibly those
of a known function) to another set (perhaps
unknown). One tool for this is the Basic Local
Alignment Search Tool (Blast),! or more recent vari-
ants such as Blast2.? Originally, the output from such
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>ref |NP_013527.1| Ylrd423cp
Length = 417

Score = 26.2 bits (56), Expect = 4.3

Identities = 16/55 (29%), Positives = 28/55 (50%), Gaps =

Y+S NV +++ E P ++ ++N +LQ ++ vV L+ T

Sbjct:

>ref|NP_012423.1] Yjlll2wp
Length = 714

Score = 25.4 bits (54), Expect = 7.3
Identities = 18/82 (21%), Positives = 34/82 (41%)
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2/55 (3%)

Query: 167 YLSHCNVKRQFNRIIENPTVQTAVQNGELQVYGLLYNVEDGLLQTVSTYTKVTPK 221

128 YISRDNVNLLNDKLKEVPVIERQIENIKLQYENMVRKVNKELIDT--KLTDVTQK 180

Query: 1 MSATESSSIFTLSHNSNLODILAANAKWASQMNNIQPTLFPDHNAKGQSPHTLFIGCSDS 60

14 LSTTASAFLNYQKSNSNTQDVLTNNGPYKNLLSNTVNNASSTSYFYKRTEHGRFVKNASN 73
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1 (a) The output from Blast analysis showing what sequences are similar and how they align. (b) A visual presentation covering more

sequence comparisons summarizes more information in an easy-to-understand interface. (We produced this graphic with the pBlast

implementation at the National Center for Biotechnology Information Web site at http://www.ncbi.nlm.nih.gov/blast.)

tools was a text output showing the alignment of
sequences (see Figure 1a). Contrast this to the more
advanced representation (see Figure 1b), in which
it’simmediately clear where, and to what degree, the
alignments exist.

Although the visualization in Figure 1bis nicely linked
to the details in Figure 1a, this approach is insufficient
for navigating large volumes of data. The presentation
is adequate for comparing one sequence against others,
but for industrial-scale sequencing, so many of these
comparisons are necessary that it’s overwhelming.

For example, one class of proteins of particular inter-
est to the pharmaceutical industry is G protein-coupled
receptors (GPCRs). This class contains thousands of
such proteins and many putative GPCRs as well. To com-
pare all of these sequences against each other, we per-
form the Blast analysis for each protein against all
others. Visualizing those results effectively requires a
different approach.

The OmniViz Galaxy visualization (see Figure 2)
shows how each protein relates to every other protein
in a proximity map. In Figure 2, we used the calculated
similarities between all pairs of proteins to create a visu-
alization that highlights all relationships simultane-
ously. Since the suggested homologies can reflect
evolutionary origin and duplication of gene function,
this global perspective makes it immediately clear that
alphalA, alphalB, alpha2B, betal, and beta2 adrener-
gic receptors are more similar to D1 dopamine recep-
tors than they are to alphalD and beta3 adrenergic
receptors. Such observations clarify relationships
among possible targets and identify potential unwant-
ed side effects.

This type of global visualization is also excellent for
mapping new sequences within the framework of all
GPCRs. For example, the bright green protein toward
the middle of the OmniViz Galaxy visualization in Figure
2 is a sequence thought to be a GPCR, but one of
unknown function. Since this falls within a group of
known chemokine receptors, it’s likely that this new
sequence shares that function.
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2 Blast all-against-all analysis of 917 full-length GPCRs
from multiple species presented in a proximity map. This
OmniViz Galaxy representation shows each GPCR as a
dark blue dot. Some GPCR classes are color coded (beta3
adrenergic receptors, purple; alphalD adrenergic recep-
tors, gray-blue; alpha2B adrenergic receptors, red;
alphalA and 1B adrenergic receptors, turquoise; betal
and beta2 adrenergic receptors, orange; D1 dopamine
receptors, dark green). In addition, a probable GPCR of
unknown function is highlighted bright green.

Gene expression

The development of microarray techniques has made
it possible to study the level of expression of essentially
all genes within a cell at once. This powerful tool enables
the identification of differentially expressed genesin var-
ious disease tissues or under a range of conditions, such
as drug treatment over time. Data visualization approach-
es have gone hand in hand with microarrays since the
method was first used for whole organism screening.®

The heat map visualization (see Figure 3, next page)
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3 Heat map
visualization of
gene expression
data. We use
the dendro-
grams from the
OmniViz
TreeScape
visualization to
show the hierar-
chical relation-
ships of rows
and columns.
We've added
extra columns
of other data to
the right to
assess possible
relationships
between the
clusters and
other attributes.

12

provides an overview of all the data values and their dis-
tribution in the data set. Each gene is a row in the map and
each condition tested is a column. This is essentially a
spreadsheet of the values, but instead of using a text rep-
resentation of individual values, a color scale is presented.
To provide visible structure to the map, the genes (and, if
desired, the columns) are clustered to put similar patterns
near each other. In some cases, as shown in Figure 3, addi-
tional information can be provided simultaneously such
as the hierarchical nature of the relationships.

Many heat map implementations provide interactions
that support efficient exploration. Brushing over a
region to see gene names, conditions, and values; flip-
ping dendrogram nodes to stress particular arrange-
ments of interest; or adding additional columns of data
within the same visualization support rapid under-
standing and further exploration of the data.

A drawback to the heat map representation is that
there is a 1D order forced on the genes. Thus, the com-
plex relationships that truly exist are obscured. Coupling
the heat map presentation with other methods, such as
the Galaxy, provide a solution to that issue.

Lead discovery
Inlead discovery, it’s essential to identify, from a large

4 OmniViz CoMet visualization of
chemical structural features and
resulting biological activities. The
rows represent clusters of com-
pounds based on high-throughput
screening results and the columns

number of compounds, common
chemical structures responsible for
desired bioactivities. One approach
involves clustering (or grouping)
the compounds according to their
spectrum of activities in biological
assays of activity. Traditionally, a
chemist will view all of the struc-
tures and, by eye, pick out the fea-
tures of those compounds that
might be responsible for the activi-
ty. Naturally, this process can work
only for small numbers of com-
pounds. To propel this type of analy-
sis further, researchers now usually
characterize compounds by a digi-
tal representation of their structure
(structure fingerprints). Fast com-
putational methods* have been
1 developed to quickly generate fin-
gerprints from hundreds of thou-
sands or more compounds. With
fingerprints or descriptors that can be directly related
to structural attributes, chemists can use statistical tests
to determine what features are likely responsible for
what activities. However, with thousands of fingerprint
components, it’s impossible to test every possibility.
Visualization can help direct the researcher to what is
most important on the required global scale.

One useful type of visualization that can guide
chemists is a matrix showing the groups of compounds
(based on activities) as rows, and the structural finger-
prints as columns. This approach color codes the cell at
the intersection of a row and column according to some
measure of importance. For example, the coloring can
show whether that particular fingerprint occurred in
compounds with a particular activity spectrum more
often than would have been expected by chance (based
on arandom distribution of all structural features). The
chemist can then order rows and columns to provide
the greatest structure to the visualization. In this way,
the chemist’s eye is drawn to relationships across all the
features and is guided toward the most useful struc-
tures to pursue.

In Figure 4, we clustered a collection of compounds
based on their spectra of biological activity across a num-
ber of high-throughput screening assays. For each com-

Chemical structural features

represent structural features of the
compounds. Red colors indicate a
positive association of the feature
with the compounds in the screen-
ing cluster; blue indicates a nega-
tive association.

Clusters based on biological activity
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5 (a) OmniViz heat map visualiza-
tion of proteomics data linked to (b)
an OmniViz Galaxy visualization of
compounds compared by chemical
structure. Through the linkage
between the visualizations, finding
proteins of interest (yellow high-
lights in 5a, the relevant ligands
present in the compound library
were also selected (red points in 5b).

(a) (b)

pound, structural features were previously defined. We
then created a matrix with clusters of compounds as rows
and structural features as columns. Each cell is color
coded depending on how often a structural feature
occurs in a cluster (deviation from what would be expect-
ed by chance). A greater-than-expected occurrence
(implying the structural feature might cause the activi-
ty) is shown as red, and lower occurrences are blue. In
this particular implementation (OmniViz CoMet), infor-
mation about each row, column, or cell is immediately
available through interactions with the visualization,
and clicking on a cell displays all of that cell’s compounds
(that is, compounds that have the particular activity spec-
trum and include the structural feature).

Intersection of biology and chemistry

Traditional workflows in the pharmaceutical indus-
try have the biologists discovering targets and then pass-
ing these along to the chemists for use in screening
assays, with little interaction at the interface between
these domains. In part, this junction has been difficult to
take advantage of because it requires an understanding
that spans both domains. Information visualization is
one emerging means to gain the natural synergies
between these scientific areas (see the “Intersection of
Experimental Data with Historical Information” side-
bar on page 15).

Linkages among visualizations are one means of con-
necting the biological and chemical domains. For exam-
ple, from one set of experimental proteomics data, we
found a cluster of related proteins to be of interest (see
Figure 5a). In this data set, we visualized protein abun-
dance measurements for six different assays (color
matrix in the left-hand portion of Figure 5a) along with
a column of functional data. Some of these proteins have
known ligands (small compounds that bind to the pro-
teins). Those ligands were part of a chemical compound
library, which we visualized (see Figure 5b) based on
structural fingerprints generated using methods from
Barnard Chemical Information (BCI), Sheffield, UK. We
linked the two visualizations together, so that when a
protein is selected in the proteomics data the corre-
sponding ligands are highlighted in the compound
structure visualization (or vice versa). When the pro-
teins of interest were selected (yellow highlight next to
the dendrogram in Figure 5a), it’s immediately obvious
that the ligands known for those proteins (highlighted

red in the Galaxy visualization in Figure 5b) fall into two
distinct regions, indicating different structural features.
This suggests that additional compounds similar to
those in both of these regions would be worthwhile to
screen for binding to (and possible inactivation of) the
proteins.

Toxicology and preclinical studies

Visualizing data from toxicology and preclinical stud-
ies generally present particular challenges since the data
are often mixtures of numeric and categorical data.
Thus, to create visualizations that use all available data
to compare subjects to each other, the underlying meth-
ods, such as clustering, must support multiple data
types. Enabled by such methods, visualizations of toxi-
cology and preclinical data can provide an easy way for
understanding the large volumes of data associated with
these areas.

One problem with preclinical data is the often subjec-
tive nature of the diagnoses made. When buried in a sea
of other information, those missed diagnoses are difficult
to spot. In our experience, such errors are made with
about 10 percent of the subjects, leading to difficulties in
understanding the underlying biology. In one study, a
group of 1,561 animals were studied in an investigation
covering eight different treatments, including controls.
Thirty-five of the animals were diagnosed as having
hematological dyscrasia (an imbalance of blood compo-
nents), shown as red points in the Galaxy visualization in
Figure 6 (next page). While most of these animals are in
the region around 11 o’clock in the visualization—rep-
resenting similarity in their clinical parameters—three
are in distinct areas. Examination of the available data
clearly shows that these three animals are quite different
and almost certainly do not have dyscrasia (for example,
see Figure 6b comparing three animals with dyscrasia to
one of these outliers).

Clinical

Novel means of visualizing clinical data can provide
important insights into diagnoses and potential treat-
ment regimens. Researchers applied a recent example of
this to acute myeloid leukemia (AML).’

AML is not a single disease but a class of neoplasms
with diverse generic abnormalities and variable
responses to treatments. To elect effective treatments
and predict appropriate prognosis for individual
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6 (a) OmniViz Galaxy visualization using all available
clinical data from a preclinical study of 1,561 animals.
Each blue point represents a different animal and those
with similar clinical parameters are near each other.
Thirty-five animals diagnosed as having hematological
dyscrasia are color coded red. (b) Parallel coordinate
plot of 12 clinical parameters from three animals repre-
sentative of those with dyscrasia (magenta) and one of
the outliers diagnosed as having dyscrasia (blue).

patients, it’s clinically important to identify such genet-
ic subgroups. Valk et al. developed a molecular classifi-
cation method based on DNA expression profiles from
blood and bone marrow samples of AML patients.> For
each of 285 patients diagnosed with primary AML, a
DNA microarray analysis was performed on the blood
or bone marrow sample using the Affymetrix U133A
gene chip. Of the approximately 13,000 genes whose
expression was measured, 2,856 were differentially
expressed and used for identifying the mechanistically
distinct subgroups with diagnostic relevance.

Although clustering is a widely used technique in
gene expression analyses for identifying unknown
groups, that method always finds the predetermined
number of clusters even if that number is not appropri-
ate or even if no cluster structure exists in the data.
Therefore, Valk et al. deployed a novel approach based
on a visualization of correlations provided in OmniViz
software (see Figure 7).

Figure 7 displays all the pair-wise correlations
between the patients (based on their gene expression
profile) with color indicating strength and directions of
the correlations. An applied ordering rearranges the
patients so that correlated individuals are close to each
other. As aresult, a structure emerges if it exists in data.
By clearly displaying the strength of associations with-
in and between the blocks, this visualization shows
whether a viable cluster structure actually resides in the
data and what diagnostically relevant genetic hetero-
geneity exists amongst these patients. Valk et al. used
this approach to find patients sharing similar mecha-
nistic defects with the finding of significantly expressed
biomarkers allowing detection of these clinically rele-
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7 OmniViz Correlation visualization displaying all pair-
wise correlations among acute myeloid leukemia
patients. Using 2,856 differentially expressed genes
determined at the Erasmus Medical Center, the pair-
wise correlation between each pair of patients was
calculated and displayed with patients (both rows and
columns) ordered to provide the maximal structure and
place the most similar patients next to each other. A
positive correlation is red and a negative correlation is
blue. Since each patient has a correlation of 1 (highest
score) to themselves, the diagonal is bright red.

vant distinct subgroups. The correlation visualization
confirmed all monocytic-type leukemias grouped
together based on characteristic gene expression
changes. The two major drivers of these correlation plots
were observed to be phenotype (or morphology) and
cytogenetic abnormalities.

Conclusion

With the flood of data across all aspects of the phar-
maceutical industry, information visualization is emerg-
ing as a critical component of discovery, development,
and business. But it’s a new class of visualizations that
is having the greatest impact. Higher-level summaries
that can provide a framework for understanding the
immense volumes of data and that reveal unexpected
relationships have come to the forefront. And, the abil-
ity to use these visualizations to cross domains and data
types provides the ability to integrate analyses and sup-
port fast, effective decisions. [ |
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Intersection of Experimental Data with
Historical Information

One of the results of the improved
pharmaceutical data analysis provided by
visualizations is a plethora of targets and leads that
researchers need to consider for follow-up. This
situation emphasizes that the goal of analysis is
not just, what does the data tell me? but, what do
| do next? Thus, researchers must simultaneously
consider other sources of information, particularly
the historical perspective. Two sources of historical
perspective critical to pharmaceutical researchers
are the scientific literature (publications and
patents) and biological pathways. Visualizations
can facilitate use of both of these sources of
information.

Literature analysis

Visualization of the pharmaceutical literature is
perhaps the only means for understanding the
vast number of publications relevant to any
particular problem area. Such approaches can
help us understand the background
information—what’s known, where the gaps are,
and who is working in what area. But perhaps
more importantly, visualization of the literature
can provide a framework for interpreting data.
The investigator needs to know, What is the basis
for my observation? Is my observation novel? Are
there likely problems? (that is, Should I kill this
lead?), and more. Figure A shows an example of
connecting chemistry visualization to literature.
We created an OmniViz Galaxy visualization of a
set of compounds (~3.3 x 10°) based on their
chemical structure (Figure A1). We identified a
cluster of those compounds (yellow highlight)
deemed worthy of further investigation. We
visualized a set of 1,100 patents potentially
relevant to the area of interest using an OmniViz
ThemeMap landscape representation of the major
themes or concepts within the patents (see Figure
A2). Linking the two visualizations so that
selecting compounds in the Galaxy caused the
relevant patents to be highlighted (yellow points
in Figure A2), it became obvious that a previous
patent position on this class of compounds
existed and that efforts were likely better spent in
other areas.
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A (1) OmniViz Galaxy visualization of a set of ~3.3 x 10° compounds
linked to (2) an OmniViz ThemeMap landscape representation.
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B Interactive pathway visualization (using OmniViz Pathway Enterprise)
showing a cell signaling pathway (right). The objects (proteins) represent-
ed by ovals are color coded according to the experimental values repre-

sented in one column of the displayed heat map (left).

Pathway analysis

Biological pathways representing metabolic
steps or the processes of cell signaling are another
historical perspective that can provide a
framework for interpreting experimental data.
Integrating visualization of the research data with
visualization of the relevant pathways can, for
example, identify new members of pathways,
determine whether an observed coregulation is
novel, or verify known pathways. One visual
approach for connecting experimental data to
pathways is to color code pathway objects
according to the experimental data (see Figure B).
By playing through a number of experimental
conditions, such as treatment with agonists or
antagonists over time, this visual approach can
rapidly identify the biologically significant and
relevant genes.

Profiles in Acute Myeloid Leukemia,” New England J. Med,
vol. 350, no. 16, 2004, pp. 1617-1628.

Readers may contact Jeffrey D. Saffer at saffer@
omniviz.com.

Contact editor Mike Potel at potel@wildcrest.com.
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