Volume Visualization of Multiple Alignment of Genomic DNA
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Abstract Multiple Alignment

Human AATTCCGATGGGAACTACTGGATC-CGG

Genomes of hundreds of species have been sequenced to date an chimp AATTCCAATCGGGAA——ACTCCATCCCRS
manybmore are bg:nglsequ%nced.hAs rrr]lolrle and n;ore sequ_encehdat Mouse AAATCCG———CAAACCACTGG-———AGG
sets become available, and as the challenge of comparing these
massive “billion basepair DNA sequences” becomes substantial, so Rat A--TCCGE-——GARACCACTCG----AGG
does the need for more powerful tools supporting the exploration of
these data sets. Similarity score data used to compare aligned DNA Sum-of-Pairs Similar‘i‘l’y scores for different plo‘rs
sequences is inherently one-dimensional. One-dimensional (1D)
representations of these data sets do not effectively utilize screen All 6316663111626631666661110266
real estate. We present a technique to arrange 1D data in 3D space - . o .
to allow us to apply state-of-the-art interactive volume visualiza- (6-100%, 3-50%, 2-33%, 1-17%)
tion techniques for data exploration. We provide results for aligned
DNA sequence data and compare it with traditional 1D line plots. Primates 1111110111111100111111110111
Our technique, coupled with 1D line plots, results in effective multi- (1-100%, 0-0%)
resolution visualization of very large aligned sequence data sets.

Rodents 1001111000111111111110000111
Keywords: Multiple alignment, Hilbert curve, volume visualiza- (1-100%, 0-0%)
tion

Figure 1. Multiple Alignment of four species: human, chimp,

. mouse and rat.
1 Introduction

for each column shows the level of conservation among sequences,
considering all possible pairwise comparisons of characters (six in
. . . the case of four species). Different schemes are used to calculate
Tht_e human genome consists c_)f about three billion basepairs, Ofsimilarityscores, includingntropy, sum-of-pairs, weighted sum-of-
which only a small percentage is well understood. In order to de- hairs - parsimonghttp:/lepo.it.da.ut.ee/ mremm/kurs/multali.htm)

cipher the rest of the genome, and to understand general principlessic. \We assume that similarity scores are provided as input for our
of genome structure and function, biologists compare genomes, oryjisyalization purposes.

parts of genomes, of different species. Alignment is an extensively
used method for comparing DNA sequences. Currently, biologists
compare genomes of many species at different evolutionary dis-
tances [Frazer et al. 2003] by examining multiple alignments. A

multiple alignment is a set of sequences in a “rectangular arrange- . o . . .
ment” where each row consists of one sequence padded by galos,Several tools_for visualization of alignment data are publicly avail-

such that the columns highlight similarity/conservation between po- 2Pe. One highly popular and successful tool is VISTA [Mayor

sitions (http://www.cryst.bbk.ac.uk/BCD/bcdgloss.html). Figure 1 et aI._ 2000]. VISTA represents the '.e".e' of conservation betw_een
shows an example of a multiple alignment of four sequences, whereSPECIES as a curve (;alculated by sl|d|ng.a window of prgdeﬂngd
the characters A, T, C and G represent the bases adenine, thymines'ze over the given alignment and computing the average similarity

; ; ; ; S the window. VISTA shows pairwise similarity scores.
cytosine and guanine, respectively. Below the alignment we show SCO'€ Over
similarity scores for the multiple alignment. The similarity score - 1Yl0-VISTA [Shah et al. 2004] extends the VISTA concept to the

visualization of multiple(more than two) alignments. Other com-
*{nyshah, ghweber, sedillard, bhamm@ucdavis.edu monly used tools like MultiPipMaker [Schwartz et al. 2003] and
SynPlot [Gttgens et al. 2001] also use 1D line or dot plots.

1.1 Multiple Alignment

1.2 Current Visualization Tools

1.3 Motivation

With advancements in sequencing technology, increases in compu-
tational power, and the development of better computational meth-
ods, it is now possible to align several million-basepair-long se-
quences. Itis clear that the need exists, or will exist in the very near
future to develop new visualization techniques to support the in-
teractive, visual exploration of billion basepair-long sequence data.



Earlier work by Wonget al. [Wong et al. 2003] used space-filling
Hilbert curvesto transform sequential data into 2D space. This
transformation allows one to display one million basepairs using
a 1000x 1000 pixel image. Application of digital image process-
ing filters to such images reveals interesting patterns in the data.
This work motivated us to represent multiple alignment data in
3D space, embedded in a fixed volume by using 3D space-filling
curves. This approach allows us to apply various volume visual-
ization techniques to render the data. We use hardware-accelerated L
volume rendering for visualization. Often, choosing a transfer func- |__ Color Ramp —|  Similarity Score 10'0}
tion for volume rendering is not a trivial task. In our application, Th P Y ?
. . reshold
however, we specify a transfer function based on parameters rele-
vant from the perspective of the driving biological problem.

A
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o] Color Intensity

Figure 2: Transfer function.

2 Our Approach

5 6 9 10
2.1 From Sequential, 1D, Data to Volume, 3D, t !
Data
A naive approach for arranging sequential data in 3D space is us-
ing a scan line traversal in 2D planes and stacking these planes in 7 8
perpendicular direction. In a 84/olume grid, for example, such » 4 1

an arrangement will place théhOposition(mapped to (0, 0, 0) in

3D space) and 4096 position(mapped to (0, 0, 1) in 3D space)
next to each other. When two positions that are distant in the 1D se-
guence happen to be adjacent in a 3D arrangement, interpretation of
data/visuals is difficult. To mitigate this problem, a 3D arrangement L
that maximizes spatial coherence should be used. Work by [Keim 3 2 13 12
et al. 1995] and [Voorhies 1991] has shown that a Hilbert curve-
based mapping is among the most coherent space filling curves.
Coherence is defined as the amount by which neighboring pixels
(voxels in our case) are at sequential positions on the curve [Wong 0 1 14 15
et al. 2003]. Figure 4 shows a 3D Hilbert curve. We map a score o . g
at positioni in a multiple alignment to a position in 3D space using
the algorithm described in [Max 1998].

2.2 Volume-based Visualization Figure 3: Multiresolution Hilbert curve embedded in 2D space. The
black curve is a high-resolution Hilbert curve; a lower resolution

2.2.1 Color Channels version is shown in red .

Cr?_n5|dera multlplie altlgnmefr_n of siqlé_er}ce_s (t)f fo_Lljlrspf_ectles: r:ug'.ar_"a rodent-specific feature absent in primates, and cyan represents a

chimp, mouse and rat, see figure 1. Blologists will be INterested In: o a4 re specific to both primates and rodents. Further, white (the
1. conserved features in all four species, combination of all colors) represents a region conserved among all

species.

2. primate-specific features, and

3. rodent-specific features. 2.2.2 Transfer function

These features can be identified by considering the following three

different similarity plots and comparing them: A separate transfer function is associated with each color channel.
1. a similarity plot for all four species We use a linear tr:'ansfer_fu'nct.ion like the one shown in Fig.ure 2.
) ’ We use a user-defined similarity score threshold, below which ev-
2. a similarity plot for human and chimp (primates), and grythé)r?g is rendered transparently. The slope of the function is ad-
justable.

3. asimilarity plot for mouse and rat (rodents).

In this case, we can take advantage of three color channels, red, .

green and blue, to visualize three similarity plots: We map the first 2.3 Annotations

similarity plot to the red channel, second plot to the green channel

and third plot to the blue channel. This approach allows a user to For analysis of multiple alignment data, biologists often need addi-
compare common and distinct features of all plots. Different colors tional biological information, such as information concerning of a
highlight different features of the data. For example, blue repre- known gene model. For example, it is desirable to show the start
sents a primate-specific feature absent in rodents, green representand end coordinates of a gene, exons (the protein coding part of a



gene) etc. This information can be provided in the form of anno-
tations next to genome sequences. Thus, in addition to displaying
similarity plots of a multiple alignment, displaying annotations is a
major aspect of genomic data visualization. We draw annotations
as “pipes” following the 3D Hilbert curve (Figure 4). As the size

of an annotation grows larger so does the number of pipes we draw.
This method may clutter the display and slow down the interac-
tion. We handle this problem by using a multiresolution Hilbert
curve. Figure 3 shows a Hilbert curve drawn in 2D space using
two resolutions. The black curve is a high-resolution curve with 15
line segments ; the red curve is a lower-resolution version with just
three segments. The image on the right-hand side in Figure 4 shows
annotations drawn using a multiresolution Hilbert curve approach,

) ) ) . . ) and the image on the left-hand side uses the same annotations drawn
Figure 4: Annotations. Right: annotations drawn using multireso- as g high-resolution Hilbert curve. We draw lower-resolution curves
lution Hilbert curve; left: annotations drawn using high resolution zg pipes with large diameters to show that they cover a greater vol-
Hilbert curve. Purple and orange pipes represent two different setsyme . we plot overlapping annotations by drawing multiple Hilbert
of annotations. curves with a slight offset (Figure 4). As a result of our volume-
based visualization approach annotations can also be displayed at
a higher resolution. Consider a 262,144 basepair long genome se-
quence with two annotations with start and end indices of 160 and
190, and 200 and 250. These annotations, when displayed using
a traditional 1D plot at 1000-pixel resolution, would occupy the
same pixel position on the screen, and the two annotations would
be indistinguishable. Using our 3D visualization method the two
annotations can be seen distinctly (Figure 5).

3 Implementation

3.1 Volume Renderer

We render images using view-perpendicular slices with a back-to-
front ordering. This approach allows us to incorporate transparency
into the transfer function. We use a fragment program to evaluate
the transfer function [Beretta et al. 2003]. This program compares
the value at each voxel with the three thresholds (for the three color
channels.) If a value is above the threshold, that color channel is
activated for that voxel. If no value is above the threshold, the voxel
is transparent rather than black. “Color Ramp”(see figure 2) can be
increased to yield a smooth transition between states. In this case,
values near the threshold will be only slightly visible while values
much greater than the threshold will clearly stand out.

Figure 5: Effective use of screen real estate. Two annotations of 3.2 User Interface
sizes 30 and 50 separated by ten basepairs on 262,144 basepair long

sequence are distinctly visible. 321 Annotation Controls

An arbitrary number of annotations can be loaded and displayed
with our prototype system. User-defined colors are associated with
v each set of annotations. In addition, the diameters of the pipes can
be adjusted.

Figure 6: Control for navigation on original 1D data sequence. The

upper bar corresponds to the complete sequence, and the lower ba3.2.2 Navigation Controls

corresponds to the displayed portion of a sequence. A highlighted

region in the upper bar represents the displayed portion of the COM- A Hilbert curve isfractal in nature [Sagan 1994]. As a result, data
plete sequence and is connected to the lower bar, showing the Cor-String embedded in a 3D volume can be organiied using anl octree-
respondence of the displayed sequence portion to the complete se

- e [ike structure. For navigation purposes, a currently displayed se-
gggr;ﬁe. The highlighted region in the lower bar denotes the selectedquence portion, which always has the shape of a cube, is divided

into octants. A user can then select an octant for zooming in.
To provide a context for the currently displayed sequence portion,



the bounding box of the volume corresponding to the complete se- exons (protein-coding parts of a gene) for the human sequence. Ex-
guence can be displayed. ons of the mouse sequence are shown as orange pipes. In Phylo-
] ) VISTA plots, exons are shown as purple bars below the plot. Two
A 3D representation of inherently 1D data poses problems for nav- hars exist: An upper one showing exons of the human sequence and
igation in 3D space. A user must know the 1D position of (se- a bottom one showing exons of the mouse sequence. A box filter
quence) data, but one can lose one’s orientation when navigating inwith a width of 50 was used to smooth data for all three similarity
3D space. We tackle this issue by using a 1D representation of thescores. A threshold of 25% was used for all plots. A 3D render-

sequence shown next to the volume display. This representation al-ing (left) and the corresponding 1D Phylo-VISTA similarity plots
lows a biologist to keep track of the position within the sequence in (right) are shown.

a more traditional fashion. This additional display consists of two
bars, see Figure 6, where the upper bar corresponds to the completg, o ¢t5 in the volume-rendered image indicate regions of high
sequence and thg '°".Ver bar cor.responds to ihe displayed portion Ofconservation in all three similarity plots. These spots are seen as
a sequence. A highlighted region in the upper bar represents the \

displayed portion of the complete sequence and is connected to theDeaks in all three corresponding Phylo-VISTA plots. Green spots

L, . are conserved regions in the human-mouse-chicken plot that are ab-
lower bar, indicating the correspondence of displayed sequence por-

tion to the complete sequence. Selecting an octant to zoom in Cansent in the fish plot. Similarly, blue spots are fish-specific conserved

. o : . " regions. The top image shows the entire dataset, while the bottom
be accomplished by clicking on the corresponding octant in the vol- ;oo o chows the circled part of the top image zoomed-in. The con-
umetric image, or by clicking on the corresponding part of the 1D

bar representing the displaved portion of the sequence. Zoomin served region seen in these bottom images contains the regulatory
p 9 played p Seq ’ Yelements of the SCL gene fBgens et al. 2002]. In order to com-
out leads a user to the next lower level of detail. The 1D sequence

representation can also be used to move a marker through the 30°2 <. three 1D plots a user has to inspect them by eye and determine
=P . A - . ugh whether there are peaks in different plots at the same position. This
display volume. This marker is symbolized by a vertical line in the

1D sequence display. Dragaing this line by Using a mouse moVesanalysis approach may create problems, especially when one pixel
q play. gging y 9 represents the similarity score for more than one column in a mul-
the marker through the volume along the Hilbert curve.

tiple alignment. In the case of the volume-rendered image a user
needs to consider only the color to compare all three plots at once.

4 Results Figure 8 shows a visualization of the CFTR dataset. This figure
shows only one plot for the similarity among all 12 species, mapped
to the red channel. The size of the volume is 25Bhe sequence

We have applied our method to multiple alignment datasets that data fills 25% of the volume. White pipes show genes, and pur-

were created using MLAGAN [Brudno et al. 2003]. We have used ple pipes indicate the exons of the human sequence. The data was

these two test datasets: smoothed using a box filter of width 50. The threshold was 25%.
) The correspondence between the 3D and 1D plots is illustrated by
1. Stem Cell Leukemia (SCL) dataset thick gray lines. The middle image shows the entire dataset. Exons

The SCL dataset is a multiple alignment DNA sequence data and their conservation are much more clearly and distinctly visible
set of sequences from five species: human, mouse, chicken,in the 3D plot than in the 1D plot. The red spots in the first half of
pufferfish and zebrafish. All sequences contain the SCL the dataset indicate conservation among all species. The top and the
gene. The alignment consists of 1800 basepairs. These bottom images show zoomed-in views from different viewpoints of
sequences were aligned in order to discover regulatory ele- the same circled part of the middle image. The circled part in the
ments of the SCL gene. Regulatory elements are short DNA top image indicates conservation of the first exon of a gene and the
sequences consisting of-612 basepairs. They are generally promoter region. The image to its right shows a zoomed-in view.
found in a region in front of a gene callgdomoter. The un- The conserved region seen in this rightmost top image contains reg-
derlying assumption is that they will be conserved in evolu- ulatory elements of CAV2 gene [Thomas et al. 2003]. Similarly,
tionary distant species because regulatory elements are func-the bottom images show the conservation of regulatory elements of
tionally important. CAPZA2 gene [Thomas et al. 2003].

2. Cystic Fibrosis Transmembrane Conductance (CFTR) dataset
The CFTR dataset is a multiple alignment DNA data set of
sequences from 12 species: human, chimp, baboon, cat, dog
cow, pig, mouse, rat, chicken, fugufish and zebrafish. The
sequences are from the region containing a gene coding the
CFTR regulator, and nine other genes. The alignment is 16
million basepairs long. This alignment can help biologists
with the discovery of regulatory elements as well as their iden-
tification of subclass-specific features.

Figure 9 shows the visualization of the CFTR dataset. Three dif-
ferent similarity plots are used in the volume-rendered represen-
tation. The similarity plot for primates (human, chimp, baboon),
artiodactyls (cow, pig), carnivores (cat, dog) and rodents (mouse,
rat) is mapped to the red channel. The green channel is used to
display the similarity plot for primates, and the blue channel for
showing the similarity plot of rodents. The top images show the en-
tire dataset. We use different thresholds for different channels: 50%
for red and 75% for the other two channels. The 3D visualization
We compare volume-based visualizations of these datasets with 1Dreveals many more features when compared to the 1D plot. Larger
similarity plots generated using Phylo-VISTA. primate-specific and rodent-specific regions can be identified from

both 3D and 1D plots. Lighter spots that exist mainly in the first
Figure 7 shows the visualization of the SCL dataset. We visualize half of the data seen in the 3D image indicate conversation among
three similarity plots: The similarity plot for all five species, which all four classes. This aspect of the dataset is not visible in the 1D
is mapped to the red channel; the similarity plot for human-mouse- plot. The bottom images show a zoomed-in view of the circled part
chicken, which is mapped to the green channel; and the similarity shown in the top images. White spots denote well conserved exons
plot for the two fish species, which is mapped to the blue channel. of the MET gene for all four groups. No overall conservation in
The size of the displayed volume is%4As the dimensions of the  the intron (noncoding part of a gene) exists, but we can see highly
volume need to be powers of two in our current algorithm, the vol- conserved primate-specific and rodent-specific regions in the intron
ume is not completely filled by the sequence. Purple pipes show that might be of potential relevance.



ROGERS J., BENTLEY, D. R.,AND GREEN, A. R. 2002. Tran-
scriptional regulation of the stem cell leukemia gene (scl) com-

We have presented a volume-based visualization technique for mul- Egrgtl\;igf%)gss of five vertebrate scl lodsenome Research

tiple alignment data. Our results demonstrate that 3D representa-

tions and visualizations of data are quite effective and utilize 3D Keim, D. A., ANKERST, M., AND KRIEGEL, H.-P. 1995. Re-
display space effectively. As a result, we can convey information  cursive pattern: A technique for visualizing very large amounts
more compactly, especially for billion-basepair sequence data. of data. InProceedings of IEEE Visualization 199%EEE
Computer Society, Atlanta, Georgia, G. M. Nielson and D. Sil-

Although developed for a particular biological application our . 'F4s ' |EEE Visualization, Annual Conference Series, IEEE,
method can be applied to other kinds of massive sequential data 279-288.

sets. Other volume-based visualization techniques, like isosurfac-

ing or plane slicing, etc. can also be used when appropriate for aMax, N. L. 1998. Visualizing hilbert curves. ieee visualiza-
given application. tion 1998. InProceedings of IEEE Visualization 199HEEE
Computer Society and ACM, North Carolina, USA, D. S. Ebert,
H. Rushmeier, and H. Hagen, Eds., IEEE Visualization, Annual
Conference Series, IEEE, 447—-450.

MAYOR, C., BRUDNO, M., SCHWARTZ, J. R., PLiAKovV, A.,
RuBIN, E. M., FRAZER, K. A., PACHTER, L. S., AND
DuBcHAK, |. 2000. Vista : visualizing global DNA sequence
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Figure 7: Using volumetric rendering approach to discover a regulatory region for the SCL gene: The white regions in the volume-rendered
image correspond to regions that are highly conserved in all three considered similarity scores. The volume-rendered representation allows
users to detect these regions instantaneously, without the need to compare multiple plots. Corresponding 1D plots created with Phylo-VISTA.
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Figure 8: Visualizing the CFTR data set: The red spots indicate similarities among all species in a region corresponding to the CAPZA2 gene
In the volume-rendered image, exons and their conservation are much more clearly and distinctly visible than in the 1D plot.
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Figure 9: Visualizing three different similarity scores for the CFTR data set. Larger primate-specific and rodent-specific regions can be seen
in both 3D and 1D plots. Lighter spots that are visible mainly in the first half of the data in the 3D image indicate conversation among all four
classes. This aspect of the dataset is not visible in the 1D plot. The lower images show the well-conserved region of the MET gene.



