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Abstract

Recent developments in DNA microarray technology have enabled a new and highly
effective platform for performing comparative genomic hgization (CGH)

measurements. CGH measures anomalies in DNA copy number. Such copy number
changes are now thought to play an important role in a number of diseases, particularly
cancer and developmental disorders, and may also lead to important irdgyldatrto
personalized treatments of such diseases. In contrast to gene expression measurements,
the genomic positions of probe targets and their correlation to genomic aberrations lead
to a natural ordering of the data. This ordering can be leveragidiaivisualizations of

CGH measurements. This paper describes a research prototype we have named
VistaChrom, which provides a highly interactive, exploratory visualization scheme for
analyzing arraypased CGH data. For efficient navigation, VistaChrsioased on tiled,
multi-level coordinated views organized by genome, chromosome, gene and microarray
probe. Raw probe data, moving averages, and statistical measures can all be displayed
individually or simultaneously to aid visual discovery of significg@nomic aberrations.
Visual analysis can be performed with single arrays or rauiély studies. The result is a
novel and effective environment for visually analyzing CGH data. Example visualization
results are shown for two different datasets derfv@a tumor cell lines. The application
also provides a framework for further exploring advanced computational methods for

aberration analysis.



Keywords:
Comparative Genomic Hybridization, CGH, microarray, visualization, overview+detalil,

bioinformatics



Intr oduction

Genetic instability is recognized as an important factor in the underlying genetics of
cancer and many developmental disorfdgr€Entire regions of chromosomes can be
duplicated or deleted during errant cell division. This increase or decrease from the
expected quantity of DNA is often referred to as changespy number At the same

time, very localized differences in copy number can occur within a single gene region.
Either type of aberration can have potentially dramatic effects on the biology of the cell,

and ultimately lead to tumorgenesis or other diseases.

Recent improvements IDNA microarrays have led to the development of abvaged
comparative genomic hybridization (aCG2]. aCGH probes are designed for

measuring the abundance of complementary genomic DNA targets, in contrast to the
MRNA targets of gene expression arrays. Probes are designed for measuring all genomic
regions not only gene locations. The godbiprovide sufficient coverage of the full

genome to accurately measure DNA copy number, and with sufficient detail to detect
precise breakpoints as well as gepecific aberrations. Ideally some uniformity in

DNA coverage is desired, as it will affébe statistics of data analyses.

Measurements typically take the form of ratios measured between diseased cells, and
normal, nordiseased controls. Each measured ratio refers to a precise sequence and
position on the genome. Aberrations will take thenf of ratios that deviate from the

ideal value of 1. As in all microarray technologies, there is some expected experimental

variance, which is generally dealt with using statistical methods. Genomic position is a



key attribute of aCGH data, since we kreking for stretches of chromosomes that may
have contiguous copy number aberrations. Further, there is a natural genome,
chromosome, gene ordering that can be used to further organize the genomic position of a

measurement.

As a simple example, considée copy number of X chromosomes in males versus
females. Females have two copies of X while males have one. If we compare male and
female samples using aCGH, we would expect the measured ratio for each probe along
the X chromosome to ideally be .5,a2fold decreasdor male versus female. Figure 1
shows a plot of aCGH data for male versus female samples, and indicates how such copy
number is reflected in the distribution of aCGH probe ratios. Similar complete losses of a
chromosome are sometimi@sind in diseased tissue, but other anomalies also occur such
as loss of a large region of a chromosome or rearrangements. Such regions are also often
duplicated, resulting in extra chromosomes or chromosome fragments that may be
independent fragments appended or inserted into other chromosomes. aCGH does not
currently detect the detailed structure of genome rearrangement, but can measure the

copy number of DNA sequences relative to a normal genome.

We developed VistaChrom as a research prototypeaéoexploratory analysis of aCGH
data, in support of an ongoing research project to develop a commercial aCGH platform.
We have applied coordinated mtlivel views and adapted ideas from information

visualization research to construct a simple andieffteexploratory environment for



aCGH data. The overall design as well as ongoing refinements has been informed by

working closely with collaborators performing biological studies with this platform.

Problem Description

The nature of aCGH data imposesque requirements on visualization and analysis.

Gene expression data and even single nucleotide polymorphism data are fundamentally
gene centric. In contrast, aCGH analysis requires viewing the data in its full genomic
context. From this starting pointe identified the following important aspects of

visualizing aCGH data:

A typical aCGH study consists of a set of microarrays. Each microarray measures tens of
thousands of genomic locations for a specific sample. Each measurement consists of a
ratio representing an estimate of the copy number increase or decrease at the specific
genomic location measured by the probe sequence on the array. The data set we wish to
analyze is a matrix of samples (microarrays) versus genomic positions (measured by
microaray probes). However, the position dimension is not continuously linear since

each position consists of both a chromosome and the location on that chromosome.

Since the central attribute of aCGH data is genomic location, the visualization needs to
showa visual alignment of probe ratios with the position of their genomic targets.
Visually, the analyst is looking for genomically localized, correlated aberrations in copy
number. These may be isolated gspecific aberrations, which approach the high

speificity of a single nucleotide polymorphism, or they may be contiguous gains or



losses across large sections of a chromosome, an entire arm of a chromosome, or even an
entire chromosome. Thus, measured ratios must be aligned with their chromosomal
position in order to visually discern the specificity or generality of the observed copy

number changes.

The primary purpose of the visualization is to reveal as intuitively as possible, the
underlying biology represented in the data. It is the purpose wfghalization to make
copy number aberrations readily visilaleddisplay them in a manner that allows easy
interpretation of their genomic context. Beyond simple position information, this
includes associating aberrations with potentially affected gasesell as cytogenetic
landmarks such as staining patterns (cytobands), centromeres etc. This requires a

representation more complex than a simple line graph or scatter plot.

An effective exploratory visualization should aid the interactive visual desgmf

previously unknown aberrations, and allow easy interpretation of their validity. Validity
can sometimes be simply determined by visually examining a single measurement in the
context of surrounding data. Here the question is whether the abersatisually

convincing as an outlier of the expected distribution of ratios. However, inclusion of a
parallel visualization of statistical measures of aberration provides a mbiasad and

rigorous indication of validity.

Based on working closely i several collaborators, we recognized that the visualization

and user interface elements needed to eventually scale to a minimumagdagdays.



In the future we expect that this could go even higher. This presents interesting
challenges from a vigllization perspective, since we need to provide displays that allow
rapid comparative visualizations of a large number of arrays. The visualization should

allow detecting shared as well as unique aberrations across these large sets of data.

A common usease, and the one often performed first, is a cursory analysis of the data
for quality. The visualization needs to depict the statistical distribution of the data in
some way, to allow the user to judge whether a given array (or sets of arrays) seems to
have the typical background distribution, or has an experimental issue that results in a

wider distribution of ratios than expected.

An oftenroverlooked aspect of any scientific visualization is the ability to generate
publishable figures. It is possildie have an analytical visualization that is different from

a final published figure. However, this leads to a discontinuity between the discovery
and the figure used to share the discovery. This may then make it more difficult to
visually represent or @n explain how a certain biological finding was obtained. It is
preferable that the analysis visualization itself is readily convertible into a publishable
figure. Our experience has been that this has two desirable side effects. First, it tends to
force the visualization into an easily understandable form, vs. one that is highly abstract
and intended only for information visualization experts. Second, it makes explaining and
sharing the discovery more straightforward. This thinking is consistenargtiments

made by Mackinlajp] for turning graphical presentations into user interfaces.



Previous Work

Genome browsers have been created for genome sequence analysi©tatthg6r8].

There is a large body of work in this area and the cited references are merely examples.

In some caas it is possible to integrate user data aligned with chromosome position.
However, these systems typically evolved from genome assembly and annotation, and are
not designed for visually finding complex correlations between genomic positions,
chromosomesetc.Unlike VistaChrom, such browsers typically employ a single

zoomable view for a single chromosorii@us, they are not readily adaptable as efficient

aCGH visualizations.

Visualizations have been created for the analysis of Single Nucleotide Potysmosp

( S NH®14]) Atfirst glance, SNP analysis would appear to be a problem similar to
aCGH, since such studies measure genomic variation, ratlregéne expression.

However, SNP variation is primarily gewsentric and localized to single nucleotide
differences between genes. The positional correlation of the changes across a
chromosome or genome is less important than is the case for CGHjsasiillitargely
genecentric. The emphasis is more on genetic linkage, family lineage, correlation to
disease, etc. Since SNP analysis is largely about sequence variation, the visualizations
tend to have more in common with the genome browsers dedmn&ejuence analysis

and annotation.

Several visualizations for aCGH data have been recently published. These represent

parallel development of solutions for this emerging technology. CGHRider



provides some basic plotting functions for CGH data.HEXploref13] provides a

more complete environment for aCGH analysis, but islatglely based on various styles

of static graphs of aCGH data, and not designed for efficient exploratory analysis.
However, it does provide for statistical analyses of aCGH data. The visualizations of
SeeCGHll4] are the closest in approach to VistaChrom visually, providing a full genome
view and a more detailed chromosome view. However, SeeCGH lacks statistical

features, and concentrates primarily on plotting simple ratio data.

While not specifically applied taCGH visualization, there is considerable previous work
from the information visualization field that is relevant and foundational. For brevity, we
mention five particularly informative examples. Plaisant ¢t%] provide guidelines for
overview+detail interfaces including tiled, muliéivel views. Fredrickson, et HI6]

discussed similar coordinated md#vel interfaces using the Srapgether

Visualization System in the context of gesferenced data as well as time series data.
aCGH data contains a positional dimension that is somewhat related to cartographic
schemes. However, unlike geographic maps, chromosomal position is essentially one
dimensional with an additional organization by chromosome and shares a linear ordering
similar to time series data. Berry and MunZi&i recently described BinX, which takes

a somewhat similar overview+detail approach with time series data. Van Wijk and Van
Selow18] introduced a time series visualization based on a calendar organization. In this
case data was organized by calendar day and time of day, which bears an organizational
relationship similar to chromosome and location. Suitad&ndar organized timseries

data would be an interesting probl-evel domai n
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approach. Stolte et f19] provided useful design patterand examples for multiscale

visualizations. Two patterns discussed that are particularly relevant to aCGH

vi sual i zati ons ar eDefpbeenpdeenndte nQu aQutainttai ttiavtei vSc a
AMatriceso. Mi croarray daeamenadedotrematrexi f i cal |
approach. While this is true for gene expression data, the location attribute of aCGH data

also lends itself to the scatter plot design pattern. Stolte et al. discuss the scatterplot

pattern in the context of hierarchically orgasd time series, which as previously noted is

somewhat analogous to our aCGH domain. All of these approaches and others provide

support that the design adopted in VistaChrom is appropriate and viable.

Visualization Design

VistaChrom takes an explorayonformation visualization approach to analyzing aCGH
data. Data is rendered in familiar plotting styles, but with the aim that these plots are
fully interactive and can be easily manipulated and interrogated to reveal important
features in the data. €ke features should be easily interpreted not only by the analyst,
but also by anyone with whom the analyst is trying to communicate the findings. It is
useful to recognize that the data follows a logical organization. Chromosome is a
nominal attribute tat can be displayed by simply grouping data with the appropriate
chromosome view. Chromosome position and ratio are quantitative values; henee a two

dimensional plot provides a useful analytical, quantitative view.

To provide a familiar, intuitive integice, all data are plotted in alignment to an ideogram

representation of the appropriate chromosome (see Figure 1). These are standard

11



representations based on the staining characteristics of the chromosome and are specific

to a given species and genomaftlr The resulting cytobands are well known to

researchers in cytogenetics, and there is already an existing body of knowledge about

genomic aberrations known to exist at the cytoband level. This representation, while not
directly related to CGH, providea familiar context of cytogentic landmarks in which to

consider the data. In VistaChrom we render these bands in various shades of gray,

indicating the degree of staining observed experimentally. These cytobands are shown in

all figures as black, gragr white bands in the schematic ideograms next to each plot.

Darkness of the bands corresponds to the degree of staining. Other cytogenetic landmarks
such as centromeres,-coal | ed fistal kso and variable regio
styles to distaiguish these regions from other typically more important ones. These are

shown as narrower regions and/or hatched coloring in the ideograms. The main goal of
these ideograms is to provide some sense of
consider thelata. In VistaChrom we chose to render chromosomes in a vertical

orientation, as this is the orientation typically followed in figures published in cytogenetic

studies. In general, we tried to follow visualization paradigms familiar to the domain.

An important design goal was to minimize the amount of-ideraction required to
accomplish data navigation and browsing. To achieve this we chose to implement a
multi-level form of an overview+detail interface. An example of this is shown in Figure
2. The main visualization consists of four coordinated displays: a genomic overview, a
chromosome view, a getevel view, and finally a probkevel view in the form of a

table. Hornbaek et §0] examined similar overviessased designs in cartographic map

12



interfaces, and proposed that maps organized with multiple levels would be preferred to
singlelevel maps in terms of accuracy, task completion time, and overall satisfaction.

There are clear cartographic analogies to the visualization presented if viewed as a kind

of figenomic geographyo. Thus, we would expe
of visualization proposed for map visualizations to be potentially useful in aCGH

analysis. Since aCGH data follows a naturéied organization (genome, chromosome,

gene, probe), an efficient visualization is possible using thispaifie approach. This i

in contrast to more general, less organized cartographic problems that might require more

complex techniques.

The Genome Viewrovides visualization across all chromosomes for all selected arrays

in the form of a scatterplot matrix organized by chromuso Providing this genomic
overview is particularly important for aCGH data, as no two tissues or cell lines are likely
to have exactly the same set of aberrations on exactly the same set of chromosomes. At
the same time, those aberrant locations sHagbseen similarly diseased tissues are of
particular interest to the analyst. Thus, finding and navigating to these aberrations
interactively requires a multirray genomavide view of the data set. A single

chromosome is always selected in Genome Vietviadicated by a blue rectangle
surrounding the chromosome. This selected chromosome is shown in more detail in the

Chromosome and Gene Views.

TheChromosome Viewisplays aligned plots for a full chromosome and provides more

detail than is possible ime Genome View. Note that gray bands are shown down the
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center of the plotting surface. This represents the region bounded by + one standard
deviation (dark gray) and + two standard deviations (light gray). The values for these
bounds are computed frothe set of calibration arrays specified by the user. This
enables the analyst to quickly determine whether a plot element exists within or outside

the indicated regions, indicating whether it may be a statistical outlier.

TheGene Viewprovides a furtar enlargement of the Chromosome View. In this view

data is rendered on a scale that the location of individual coding regions are shown. This
allows measurements to be associated with known genes, even if the probes themselves
do not have gene annotat® or target nooding regions. Transcripts are currently

taken from the UCSC genome datalpgseand represent the location of gene coding
regions. Genes are displayed as gray rectangles with a rotated font, analpgoedvin

such a way as to permit dense packing. This is best seen in Figure 7. However, care must
be taken to not interpret the horizontal position of the gene rectangles. For these gene
rectangles (unlike actual probe data) the horizontal position dbespresent any

underlying value, but is merely a spatial distribution of the rectangles to efficiently use
space. This view also permits a limited degree of user control over the zoom level. The
user can zoom in to visualize greater detail, or zoonicoste a larger neighborhood of

the genomic region. However, zooming is intentionally constrained to be within the
context of the gene view. Zooming out too far would make resolving individual genes
impossible, and ultimately just reproduce the chrommesgiew. Zooming in too far

would ultimately display a single ratio and have no real analytical value.
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TheProbe Viewsimply consists of a spreadshéike view of the individual probes for
each array. This permits inspection of the precise valudsgranannotations provided

with the data.

Navigation is coordinated throughout the display. For example, clicking the mouse in a
region of the Genomic Overview will cause that chromosome and position to be selected
and the three other views then navigatéhe same chromosome and position. A blue
horizontal cursor indicates the currently selected position in all views. In addition, the
Probe View table will scroll to the probe nearest the selected position. Similarly, clicking
in any of the other viewsncluding the table, will cause the remaining views to
synchronize to that chromosome and position. Thus, with a single consisteranmbint

click, the user can navigate across the entire genome and immediately see multiple levels
of detail and contextWith this technique a very efficient and intuitive means of genomic
navigation is accomplished. The consistency and coordination of behavior also follows
guidelines recommended by Hornbaek ¢P8].and is arguably consistent with those

given by Baldonado et §21]

Screen usage can be manipulated via-pglite controls. Thus, any particular panel can
be hidden or r&ized to provide more screen area for other panels. This coordinated
tiled-pane approach helps minimize thindow management required to manipulate the
display, while maintaining the relative position of each pane. This enables persistent
visual context and orientation, since the user always knows the relative location of a

particular view. This fixe@rrangenentand largely fixed levels of magnification are all

15



designed to minimize the cognitive load required for window management, and instead
free that capacity for directly analyzing the data. The analyst should spend virtually all
their time browsing andhspecting the data in its various renderings, rather than
searching for the window that contains the feature of interest. A beneficial side effect of
this design is that the data navigation is intuitive and natural. Learning curves are
typically very shortsince window placement is largely static, predictable and
coordinated with consistent user interface actions. Areas of interest are selected by a

simplesinglepointandclick operation.

Support for this approach eentledar ofetappadd i1 n Bl
windowg22]and Kandogan 0 s[23E Fa dulr tasks\iled dirmdons

were found to be generally more efficient, particularly when a fixed relationship exists

between the windows. Our design assumes that a given aCGH analysis session is a

largely focused task that should not require frequent costakthes within the

application, which might benefit from overlapped windows. Further, the windows

themselves are tightly coupled both in terms of content and the region of focused interest.

Within each graphic pane, several methods can be used to tieadiata. There are three
primary forms of rendering the aCGH ratios in the mpithe display. These methods
can be used separately or simultaneously for comparison. In some cases, they can even

be used to compare across multiple arrays.
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The most bsic form of rendering probe ratios is a simBleatter Plot In each graphical
representation of the chromosome, the probe ratios are plotted in alignment with the
ideogram as shown in Figure 3A. The scatter plot also employs-inean xaxis

distortion. Betweeri 2 fold the scale is linear. Beyond this range a quadratic distortion
is applied to permit a larger range within a limited space. BeYytfdold points are
plotted as’ 16 fold and colored blue to indicate they are off scale. This scherserpes

the details of the distribution around ratios of 1, while still providing some discrimination
of points representing greater ratios. This is particularly important for homozygous
deletions (both copies of a gene are missing), since they arallypneasured as very

large negative fold changes. A user selectable threshold can be used to classify points and
color-code them. For example if the user selects a threshold dbtdidhen ratios

above a 2 will be plotted as red circles, ratios belé®vas green circles, and ratios
between this range will be plotted as black circles. This-@admng is taken from gene
expression data, and is an intuitive coding for most microarray users. A similar
blue/yellow encoding could be used for users wifficulty in sensing red. While this
color-coding might seem somewhat redundant for a scatter plot, it greatly aids the
visualization in cases where the display is cramped and the gaattdimensions are

small. This is particularly true in the Oveew. Further, it provides a simple method for
the user to visually classify points as significantly altered or relatively unchanged. While
simple in format, this visualization is important as it represents the least manipulated
form of data. It can be atul to inspect the specific underlying data that is used in
subsequent higher levels of analysis. It is also useful for quick inspection of array

qguality. Bul memgloy t ieyei dt h of the distri bt
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1 (log ratio of0), it is possible to get a quick sense of array quality. Our experience with
real users is that they quickly gain a sense of what the expected distribution should look
like, and when the points exhibit a wider spread, it is usually an indication oftsnget

wrong with the hybridization of the array.

A simple form of data reduction and smoothing Maving Average This helps reduce

some of the experimental noise inherent in the microarray data. The user can select a
window size as either a specifiamber of points (e.g. 10), or in terms of a length of
genomic region (e.g. 1 Megabase). There is currently no universally accepted method of
computing moving averages in aCGH and some researchers have preferred to average a
specific number of points andme by genomic length, hence the software currently

offers both methods. To distinguish the moving average from the scatter plot, the average
is rendered as a line graph (Figure 3B) that can be optionally superimposed on the scatter

plot. This allows seag both the smoothed data at the same time as the individual ratios.

The final method used to render aCGH data within the main display is the Ziseaks
as an unbiased statistical measure of putative aberrations. We compute a hypergeometric

Z-scoreusing the following steps:

1. All data is reduced to-mormalized log ratios (base 10) based on the mean and
standard deviation of a specified set of calibration data. This allows computing the
remaining data in standard units, and specifying the claassificcutoff in terms of

standard deviation units.
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2. Using the calibration data to represent a population of measurements of nominal,
healthy cells, we characterize the expected outlier statistics for the case where there
are no aberrations in copy numbédy.cutoff, Z, is specified for classifying points.
Values more than +Zc from the mean will be considered outliers. For this
calibration set we count:

R, the number of log ratios above the positive cutafi-j+

R pthe number of log rats below the negative cutofZc)

N, the total number of measurements
This data generally comes from specific useecified calibration arrays. In lieu of
such arrays we simply use the experiment arrays currently loaded in VistaChrom as
is, assiming that the number of aberrations are relatively small compared to the
overall copy number across the genome. For tissue or cell lines that are not highly
aberrant, this works reasonably well as a first approximation. However, better results
will be obtained from using appropriate calibration arrays. For convenience we
calibrate only using autosomes and always exclude chromosomes X and Y.
Otherwise, one would have to use gender specific calibration arrays with matching

gender experiment arrays.

3. For an arrayA, and a moving average window, probes fromA within w can be
considered a sample. We count similar values for this sample of ratios in
r, the number above the positive cutofZ¢yin w

r ,ahe number below the negativetoff (-Zc) inw

18



n, the total number of measurementsvin
These values can now be used with the following forf@dlgo calculate the

hypergeometric &core forw:
r-n)
% % n- 1o
a%xl]; NG N-19

This gives us an exact statistic that indicates if a significantly unexpected number of

Z(Aw) = (1)

points inw appear as outliers, and indicatecagmtial aberration. When using the counts
above ¢ (i.e. r,R), high Zscores indicate putative increases in copy number. When
using counts belowZc ( i . e . r GscoReé indjcatehputatihe detreases in copy
number. Note that for a givefz , steps 1 and 2 can be poemputed, and are

independent of window size.

We chose Zcores for the initial statistic for plotting in VistaChrom since it maps well to
the moving average, and computes extremely fast. Given a window alkthe counts

(r, r) along the genome can be computed in linear time. Thus, the calculations scale well
and can support interactively changing window sizes or classification cutoffs. These
parameters are conveniently selectable from the main toolbar at the top of the displa
Results are recomputed for the entire genome, across all selected samples and
redisplayed. Note that the statistical score we compute ipa@metric in the sense it

does not assume any probability distribution for therbig values.

To distingui$ the Zscores from the moving average or scatter plot, they are rendered as

an area plot as shown in Figure 3Gscores are plotted on the same surface as the other

20



renderings, but on a different scale. AlkZores shown are positive, but the scooes f
increased copy number are displayed to the right while scores for decreased copy number
are displayed on the left. While potentially confusing at first, this form is actually quite
intuitive since the direction of the-gores map to the correspondatgnges shown in

the scatter plot or moving average. Alsescores are plotted at 1/10 scale. This

generally allows the plots to fit appropriately with the other renderings, and when
required the values can be read by simply multiplying the markedohtaizoosition by

10. Alpha blending is used to permit arrays with overlapping regions to be distinguished.
This is effective for comparing a few arrays simultaneously. However, highly overlapped
regions can become confusing, just as in moving averag® pro overcome this

problem, the Zscores aralsorendered as small narrow rectangles, along the edges of
the plot. In this case the vertigadsition of the rectangles indicatié® regions of

significant Zscore, and overlapped regions are simptieiried to avoid overlap. The
rectangles are scaled in a way that they gracefully collapse to a single line when
necessary, so that they are still visible even in spasteicted circumstances. Figure 4
shows depictions of chromosome 17 for a collectibal aCGH arrays from Pollack,

and demonstrates how thesgore plots behave with large numbers of arrays and
constrained screen real estate. These rectangles are generally more visible in the Genome
View than the actual-&cores, since the Genome Vievsh@ss screen real estate per
chromosome. This provides a slightly more scalable way to discern overlapping
aberrations, although it does not impart any information about the magnitude ef the Z
score. Despite this limitation, this visualization is useimte analysts are usually more

concerned about common aberrant regions than the absolute magnitudes-sédhe Z
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Further, standard CGH results are often summarized in figures similar to this style.
Therefore, a cytogeneticist will find this is aa@bely familiar and intuitive
representation. But, like the rendering of genes, care must be taken not to interpret the

horizontal position of these aberration rectangles.

We chose to overlay all data renderings into the same display surface, rath@etia a

series of stacked plots. Stacked plots would be useful for small numbers of arrays, but

we designed VistaChrom to be scalable to potentially large numbers of arrays. For this

reason we provide for overlaid plots that have more the flavorrafigplacoordinate

views. Overlaid scatter plots are generally not useful for visualizing many arrays. Even

if points were coloicoded, data obfuscation becomes a serious issue. Comparing moving
averages can be done for a limited number of arrays, arfiecaonsidered a form of

parallel coordinates as well as a method of aggregation. Due to their typical sparseness in
rendering, and the use of alpha blending, Zor e pl ots are truly scal

of arrays, and represent an even further degjrélata aggregation.

These forms of computational aggregation lead to some raw data loss, but relatively little
or noinformationloss since the aggregated regions are of the same scale as the features
that we are interested in finding. In fact, thenputational aggregation actualiyproves

the data by averaging out potentially misleading experimental noise and providing
increasing statistical rigoFEurther, the moving average anéSgore are both calculated

for a particular window size that the usan interactively adjust to reveal as fine or as

coarse a feature as needed. Once an interesting region is found (even in the compressed
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forms sometimes required in the Genome View),-aggregated details can be viewed in
the other panels. Even in thesst possible cases, one can quickly click through all
chromosomes in the Genome View to view details at the chromosome, gene or probe

levels.

An important aspect of the data aggregation is that the computational methods used are
still under active devefament and refinement. Each level of aggregation benefits by
comparison to lower levels of aggregation to confirm and evaluate the visual results. For
example, the analyst might want to ples@ores along with a moving average to see

where they do and dmt agree, and then make some judgment about what features look
significant in the data. Similarly, the analyst might compare teeaZe or moving

average to the raw data in scatter plot form, to see if there is consistency. This might be
particularlyuseful when trying to find optimum parameters for the moving average
window size, or the value of the paramedgrlf the analyst is interested in exact

genomic location of an aberration, it may be useful to consult the details of a scatter plot
to seelhe precise locations at the probe level where the anomaly begins and ends. A
limitation of these combined displays is that they are clearly not scalable to more than at
most a few arrays, and most likely only useful for looking at one array at a time.
However, there are circumstances where the analyst may be interested in only one or a
few arrays, or is focusing on a particular biological sample of interest, where this kind of

comparison between levels of aggregation is extremely useful.
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Additional VistaChrom Features

An alternative visualization for comparing aberrations is provided in the form of a
graphical AAberration Summaryo which is
part of the main mukpane display. This is shown in Figure 5. In tase, Zscores are
shown in a colocoded heat map in bands across a shaded rectangle. The heatmap
intensities are proportional to the Z score, so it is possible to detect strong aberrations
versus weak ones, and to find the maximal regions. Followantyical colorcoding,

red indicates copy number increase and green decrease. This particular visualization is
useful as a highevel summary and for presentation. The-tmensional plots

described previously are generally more effective for detailederical comparisons.
Aberration Summaries can be created for any chromosome, and are linked to the main
display for coordination. Thus clicking in a region of the summary navigates to that
location in the main display and vice versa. Array selectmmshanges to scoring
parameters are all immediately reflected in the summary. Aberration calling algorithms
are still an active area of research in computational biology. As they become more
validated and robust, such aberration summaries may becornmesaypmeans of

examining the data due to the potential for scalability. However, at this time researchers

still have a need to explore all levels of data aggregation.

A number of additional user interface features exist, that simply aid or accelerate
processes within VistaChrom. We mention them only briefly since they are secondary to
the visualization issues that are the subject of this paper. Various mechanisms are

provided to link information within VistaChrom to external wiedsed sources such as
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the UCSC Genome Browg6f and NCBI resourc¢®5]. This allows quickly retrieving
relevant medical and biological details for any genomic regions or destanay appear
interesting. Specific genomes are user selectable to match the data being displayed with
the proper cytoband layouts and gene positions. VistaChrom currently supports several
versions of the Human, Mouse and Rat genomes. A mechanisavidqal that allows
userspecified gene symbols to be highlighted in red in the gene view. This enables the
gene positions of genes of special interest to be specifically flagged in the display. In
Figures 6 and 7, ERRB2 and BCASL1 are highlighted inviaig  VistaChrom comes

pre-populated with a list of known caneezlated genes.

A variety of manual array selection methods are provided to aid the management of large
sets of arrays in addition to computational selection usiagaZe criteria. The usean

specify a chromosome of interest angcdre threshold via a user dialog. Only those

arrays with one or more-gcores above the threshold for the specified chromosome are
displayed. This allows the analyst to quickly select arrays that show sagmnific

aberrations on the specified chromosome, which can become tedious to select manually
for very large data sets. The data shown in Figuasa® selected in this fashion. Such
computationally assisted navigation and selection of microarray data sebean

important aspect of effective exploratory visualizations in this domain, due to the large
data sets typically involved. We reported a similar finding with an earlier gene

expression visualizatiof29].
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An extensible plugn mechanism exists to allow generating prototype computations and
visualizations that use the data being managed by VistaChrom. We use this mechanism
to develop new statistical and analysis methods that may eventeediynke intrinsic

operations of VistaChrom.

Example Results

To illustrate the basic modes of data rendering and visual analysis, we analyze a
previously reportel@] experiment using the HT Z®lorectal carcinoma cell line and a

44K feature, Agilent aCGH array. Results for Chromosome 8 are shown in Figure 3.
The three separate styles are shown individually and also combined. We see that to some
degree they all reveal the same features, lithtdifferent degrees of rigor. Features are
found in the scatter plot (Figure 3A) as clusters of green points (decreased copy number)
and red points (increased copy number). Black indicates points that indicate no
significant indication of copy humbehange. The moving average plot (Figure 3B)

merely provides smoothing of the data, and shows general trends more clearly. The Z
score (Figure 3C) gives us a sense of the statistical validity of local variation in ratio
distributions. Ultimately, the siatics tell us what we mostly already see, but confirm

this observation in with unbiased, more rigorous mathematics. Thedea{ge8p

deletion and 8q amplification are previously known. Interestingly, the indicated narrow
deletion at 89223 spans a kman tumor suppressor gene, LRP12 (low density

lipoproteinrelated protein 12).
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Plotting all styles simultaneously (Figure 3D) can be useful for single array analysis,
particularly when trying to validate a result. This allows direct comparison of the
individual ratios to the other more datduced plots. When viewing many arrays
simultaneously, showing only thestores is often more effective, as the scatter plot and
moving averages overlap to such a degree that any meaningful patterns are generally

obfuscated.

We demonstrate the analysis of mualtray experiments using publicly available data

from a well known breast cancer study by Pollack @l Figure 6 shows the analysis

of cancer cell lines from this study. In this case we have used the option to select arrays

by a Zscore criteria. From inspecting the overview (with all experiments selected) it is

possible to observe several chromosomes showing significant shared aberrations. Of

these chromosome 17 appears particularly interesting. Therefore, we complsalecta

only cell lines (arrays) that have at least orgcdre greater than 5 on chromosome 17.

The result of this selection is shown in Figure 6. We can see a highly shared

amplification in the region at cytoband 17q12. Examination of the Gene V@msghat

the aberrations cluster around the vicinity of ERBB2. The product of this gene, also

known as HERZ2, is a known target for breast cancer therapies. Further examination of

the Genome View reveals another region on chromosome 20 that is shargdaamon

subset of the selected cell lines. Figure 7 shows the details of this region. Here the
significantZzs cores c¢l uster around BCAS1, or dbreas"
With a few visual scans of t he -a@elicko me Vi ew 0

operations, a cancer researcher can quickly detect two significant shared aberrations
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among the cell lines. This is a typical example of the intended workflow for-antaty
analysis, and illustrates the efficiency of the visualization desigevidis methods

generally consist of either looking at many individual plots and trying to determine where
there are common aberrations, or performing pure computational methods and visualizing
the static computational result. Neither approach faciliiegiegree of efficient

exploratory visual analysis afforded by VistaChrom.

User Feedback

VistaChrom has been in use in Paul Mel t zer 0s
National Human Genome Research Institute, where it has been an active pirt of th

workflow for over a year. More recently, VistaChrom has been deployed at Mike
Bittnerds | ab in the Mol ecular Diagnostics a
Translational Genomics Research Institute, as well as a number of early access customer

sits, which are evaluating Agilentdés aCGH pl at
VistaChrom plots in presentations at a recent oncogenomics conf@rgriz@l A formal

evaluation has not been performed, but we have received considerable feedback from

realworld use of VistaChrom in the context of-gning scientific studies. From this

there has been continuous incremergiihement of the system, which is reflected in the

current version.

The coordinated, tiled, multevel approach has been widely accepted, and proved highly
efficient. The learning curve for data navigation is almost instantaneous and requires

littleor no training. One user comment was that
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good video game. 0 From observing user s, it

and useful navigation aid to explore aCGH data.

The simplicity of the navigation andsualization has been advantageous as a
presentation tool for sharing results. VistaChrom is commonly used interactively in
meetings to demonstrate observations in the data. Its ability to summarize large
guantities of data at the genome level, andipequick access to various level of detall
make it quite useful for this purpose. Further, the familiarity of the display generally
does not require a lengthy explanation for new participants to understand what they are

seeing.

Originally, VistaChrom vas designed to visualize the raw data and moving averages

only. From user feedback, we quickly learned about the scalability issues required to

anal yze 1006s or 10006s of-scaringneghanismasihi s | ed
means of further data rechion or aggregation. Even withstores (or any other

statistical measure), the selection of interesting arrays becomes problematic for large

studies of many arrays. This led to the previously mentioned feature that computationally
selects which array® display using Acore criteria, rather than manual selection based

on visual observation.

The current Zscoring system, while generally effective, requires that the user adjust two
parameters: the moving average window size anddivalue used tolassify data as

normal or outlier. The choice of these parameters can affect the results and must be

28



tuned for the characteristics of the data being studied. In contrast to the simplicity of the
user interface, the proper choice e§@ore parameters @dten unclear to users. We are
currently investigating means to automatically select optimum parameters as well as
alternatives to this method that require fewer or no-sgecified parameters. We believe
that the visualization aspects of the integragsdiering of statistical scores are effective,

and can be used with a variety of alternative scoring schemes.

Conclusions and Future Work

Array-based comparative genomic hybridization promises to be a powerful tool for
unraveling the molecular details cdncer progression and treatment, as well as many
genetically based developmental diseases. VistaChrom has proven to be a useful
exploratory tool in actual use in research labs, and we believe that the basic visualization
elements presented here form basis of an effective environment for the analysis of
aCGH data. Since data analysis methods for this new platform are still an active area of
research, we anticipate that visualization requirements of this platform will also change
over time. In partiglar, joint analysis of gene expression and aCGH8@}#s one area

of particular interest to us, and introduces some challenging visualization requirements
beyond those discussed here. Improved statistical methods and meaunalizevisem

are another area being investiggddd. As studies include ewéarger numbers of

samples, managing, and maintainihg tisefulness of these visualizations will continue

to be a challenge.
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The tiled multtlevel approach applied in VistaChrom should be suitable for a number of
more generic information visualization problems. It is clearly applicable to calendar
referencd data where year, month, day, week, hour, etc. has a similar hierarchical
organization relative to time as genome, chromosome, gene has to position. One could
easily imagine scattgglotting such calendasrganized timeseries data in a manner
analogoudo that presented here. Further, any linederenced data that has suitable

hierarchical orderings should benefit from a similar visualization scheme.
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Figure Legends

Figure 1. Male/Female Comparison as a Simple Copy Number Exampirobe ratios

are plotted in positional alignment with an schematic depiction of chromosomaph G

A shows a female versus female experiment (XX/XX) showing the expected distribution
around a ratio of 1:1 (copy change of 0). Graph B shows male versus female (XY/XX)
where the distribution has shifted to the expected 1:2 ratio (copy chaKyeA 5

Megabase moving average is also shown (blue solid line in both graphs). Major

components of the plot are labeled and explained in the text.

Figure 2. Main Visualization Layout Labels indicate the major components of the
multi-pane interactive visualigan. Note that the Chromosome View is an enlargement
of the same display elements shown for each chromosome in the Genome View. See text

for a more detailed explanation.

Figure 3. Visualizations of HT-29 Cell Line Four different Chromosome Views are
shown for chromosome 8 of the colorectal carcinoma cell line28TData is derived

from an Agilent aCGH microarray. The rendering styles available are (A) scatter plot (B)
moving average and (C)&core. It is possible to combine plots in any combinaton t
allow comparisons (see text for a discussion). A combination of all plotting styles is
shown (D). The same plotting styles are also used in the Genome View as well as the

Gene View.
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Figure 4. Behavior of ZScore Rendering for Large DataThese views daonstrate the
behavior of large data sets and constrained windows size. Both figures show the same 41
arrays from PolladR6]. Note that only 20 arrays actually show significargctres on
chromosome 17. In A, the display is too narrow to depict the individsabre

rectandes, but the location of aberrations is still discernable. In B the pane is enlarged to
resolve the individual Bcore rectangles and allows better interpretation of the overlap.

On typical modern computer displays, using appropriate window management, i

possible to effectively visualize-Zores for large numbers of arrays.

Figure 5. Aberration Summary for Breast Cancer Cell LinesThe shared aberrations
on chromosome 17 for breast cancer cell lines are shown in an alternate view we call the
Aberraton Summary. A heatmdjke display of Zscores is shown for aberrant cell

lines, and enables naverlapped comparisons between samples.

Figure 6. Visualization of Chromosome 17 for Breast Cancer Cell Line& full view

of the application is shown for 8 &0 breast cancer cell lines. The 8 cell lines are chosen
programmatically using-&core criteria. Each cell line has at least orsedie > 5 for
Chromosome 17. Data is from Pollack ef2dl] Insets show enlarged areas of the
Genome View for chromosome 17 and 20, which wsel to select the chromosomes to
view in the Chromosome and Transcript Views in this figure, and in Figure 7. An
enlarged view of the q12 region is also shown as an inset. This figure concentrates on

Chromosome 17, and shows a shared aberration encainp&RBB2.
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Figure 7. Visualization of Chromosome 20 for Breast Cancer Cell LineBased on the
Genome View in Figure 3., Chromosome 20 is selected to investigate a second shared
aberration that seems to be often coincident with the ERBB2 aberratiorshditeel

aberrant region includes the gene BCSA1l1l, dbr
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Aberration Summary for Chromsome 17
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