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Abstract
Biological sequence similarity analysis presents visu-

alization challenges, primarily because of the massive
amounts of discrete, multi-dimensional data. Genomic
data generated by molecular biologists is analyzed by al-
gorithms that search for similarity to known sequences in
large genomic databases. The output from these algo-
rithms can be several thousand pages of text, and is dif-
ficult to analyze because of its length and complexity. We
developed and implemented a novel graphical representa-
tion for sequence similarity search results, which visually
reveals features that are difficult to find in textual reports.
The method opens new possibilities in the interpretation of
this discrete, multi-dimensional data by enabling interac-
tive investigation of the graphical representation.

1 Introduction
Scientific disciplines are confronted with an increasing

amount of data and few tools or techniques for extracting
meaningful information from it. The questions of what to
visualize and how to visualize it make dealing with large,
multi-dimensional datasets one of the most important and
exciting areas of scientific visualization today. In this pa-
per, we present a novel representation for dealing with this
kind of data in the context of molecular biology.

Molecular biologists study the function and evolution-
ary relationships of genes and proteins in cells. The ge-
netic data is represented as sequential strings of letters,
or sequences. Biologists use the large amount of known
sequence data to help determine the function of new se-
quences. The similarity search algorithms developed for
this purpose currently produce textual output.

Similarity reports for some sequences produce hundreds
or thousands of pages of text. The information in these tex-
tual reports is proportional to the size of the databases of
known sequences, which are growing rapidly. Ironically, as
more information about possible function becomes avail-

able, the task of exploring similarity results and determin-
ing function becomes increasingly difficult. Visualization
methods are needed for biologists to effectively explore the
enormous amount of information available.

Similarity analysis information is multi-dimensional,
because it contains several orthogonal pieces of infor-
mation for each similar region found. This discrete, multi-
dimensional data lacks a natural visual representation. The
work presented here is the result of our efforts to determine
a useful representation for the large dataset of similarity re-
sults produced for new sequences.

In this paper, we present Alignment Viewer (AV), a
novel visualization tool for the large, discrete, and multi-
dimensional dataset resulting from sequence similarity
analysis. The contributions of this work are:

� We have determined the important features of the
multi-dimensional data in this domain and have
demonstrated new ways to graphically depict this
data. These visualization techniques may be appli-
cable to other domains that contain this type of data.

� AV applies interactive rotation, translation, and zoom-
ing of the graphical representation, enabling biolo-
gists to explore the data for features that are difficult
to detect in the text.

� AV allows biologists to more readily determine differ-
ences between multiple similarity reports. This task
was nearly impossible previously.

� AV is a successful tool currently in use by molecular
biologists.

In the next section, we present some background in
computational molecular biology and previous work in vi-
sualizing DNA sequences. In section 3 we discuss AV’s
method for representing sequence analysis data. Section 4
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contains case studies of how AV is used in practice, illus-
trating the features of AV and demonstrating how it is use-
ful to biologists for examining similarity data. Finally, in
section 5 we present future work and concluding remarks.

2 Background and Motivation
Molecular biologists seeks to determine the genes in the

cells of organisms, the function of the proteins that these
genes encode, and how these proteins are related evolu-
tionarily across organisms. Genes, composed of DNA,
are represented as discrete sequences of nucleic acids, also
called bases. Proteins are represented as discrete sequences
of amino acids, also called residues. Genes and proteins
from different organisms are related through evolution, and
share common functions. As molecular biologists discover
new genes and the function of the corresponding proteins,
their dataset of known information increases. This infor-
mation is being cataloged in the form of DNA sequence
databases for genes, and amino acid sequence databases
for proteins.

The advent of DNA automated sequencing has trig-
gered an enormous growth in the public databases. Large-
scale sequencing projects now underway on many organ-
isms are producing vast amounts of new DNA sequence
data [13, 17]. GenBank, the primary source of DNA se-
quence data, contains roughly 250,000,000 nucleotides in
270,000 sequences, and is doubling every 1.3 years [4].
The largest protein sequence database is the Protein In-
ternational Resource (PIR) [7]. PIR contains roughly
12,000,000 residues and 42,000 sequences, and is doubling
every 2.4 years.

Traditionally, painfully detailed lab experiments are de-
signed and carried out to determine the function of the pro-
teins. This is still a relatively slow process. One method
used to improve protein function determination is to search
the databases of known sequences for similarity to an un-
known sequence [1, 3, 8]. Similarity algorithms are a well-
developed aspect of computational molecular biology re-
search [12, 16], and employ dynamic programming and
heuristic search techniques. BLAST [2] and FASTA [14]
are the most popular database search algorithms in use to-
day. These algorithms identify similar regions between
an input sequence and all sequences in the databases of
known DNA and protein sequences. These similar re-
gions are calledalignments. The results of these sim-
ilarity searches allow biologists to formulate hypotheses
on the possible functions of the query sequence, which
are then tested in the wet lab. Identifying possible func-
tions through database searches can dramatically reduce
the number of experiments needed.

The difficulty in using similarity searches as a starting

point is that the time required to interpret the large textual
reports increases as the size of databases increases. Fuchs
remarked that as more sequence data are gathered “data
interpretation is likely to become the time-limiting factor
in genome analysis [6].”

Previous work in biological sequence visualization con-
centrated onsingle sequence representations, which are al-
ternatives to the DNA alphabet. The H-Curve, a 3D curve
defined iteratively, was suggested by Hamori and Ruskin
to represent a long DNA sequence [9]. H. Jeffrey devel-
oped another iterative method, the chaos game representa-
tion [10]. Wu extrapolated the work of Hamori and Jeffrey
and presented a third iterative method called W-Curves
[19].

While single sequence representations can find inter-
esting features of individual sequences, such as repetition
of nucleotides, they are difficult to use for comparing se-
quences. Comparison of two sequences would involve
detailed visual inspections of a pair of three-dimensional
curves or 2D plots. Therefore, they do not seem appro-
priate for finding similarities between sequences. More-
over, while single sequence representations are very good
for viewing small amounts of sequence data, they are sim-
ply not designed for large datasets.

Instead of devising a new method for representing DNA
sequences, we focus on representing the large amount of
data from sequence similarity algorithms in a more com-
prehensible manner. Our motivation is to develop new
visualization techniques that enable biologists to discover
sequence relationships that are very difficult to determine
from textual reports.

3 Alignment Viewer’s Representation
Alignment Viewer (AV) is a result of a collaborative ef-

fort between computer scientists and molecular biologists.
This collaboration enabled us to determine the most impor-
tant features of the output of similarity search algorithms.
We then designed the representation to enhance these fea-
tures graphically.

First, AV depicts positional information. Each align-
ment is between a subsequence of the query sequence and
a subsequence of a sequence from the database. The posi-
tion and length of an alignment identify a region of simi-
larity between two sequences. In the X-axis, AV plots the
absolute positionin the query sequence. An alignment is
signified by a comb-like object, such as the ones shown
in Figure 1. The beginning, end, and the relative length
of each object correspond to the beginning, end, and the
length of the alignment.

Second, AV depicts theframe numberof each align-
ment. The frame number defines how the DNA sequence
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Figure 1: Several alignments represented in AV

is translated into a protein sequence. DNA sequences are
composed of a four letter alphabet (A, C, G and T for each
of the four nucleotides). Three DNA bases encode onepro-
tein residue(also called anamino acid), so there are 64
possible residue encodings. These 64 encodings represent
the 20 fundamental residues with some redundancy. Pro-
tein sequences use a 20 letter alphabet for the 20 different
residues.

A DNA sequence can encode a protein sequence start-
ing from the first, second, or third position. The start-
ing point determines how bases are grouped into residues.
DNA sequences are double stranded, with one strand
named positive and the other negative. Sequences from
the negative strand must be translated into proteins in re-
verse (from right to left, as the sequence is usually written).
Thus, there are six different ways of translating a DNA se-
quence into a single protein sequence: start from the first,
second, or third nucleotide of the positive strand, or from
the first, second, or third nucleotide of the negative strand.
These six ways of translation are called thereading frames
of the sequence, and are labeled withframe numbers+1,
+2, +3, or -1, -2, -3, respectively. Biologists do not always
know the starting position of the encoding, or which strand
a sequence came from. Thus, when comparing a DNA se-
quence to a protein sequence, all six possibilities must be
considered, and the frame number recorded.

AV presents reading frame information using both col-
ors and layers in the Z-direction. AV puts all +1 frame
alignments in the first layer, +2 frame alignments in the
second, and +3 frame alignments in the third. The fourth

layer is reserved for all negative frame alignments; these
alignments appear only as white lines. The white line la-
beled C in Figure 1 is a negative alignment in the fourth
layer. The user can choose to reverse the negative and pos-
itive frames so that the negative frames appear in the first
3 layers and with color, and the positive frames in the 4th
layer as white lines. This separation between the positive
and the negative frames is because usually the biologist is
interested in only positive frame alignments, or only nega-
tive frame alignments.

The frame number is also encoded by color. Color actu-
ally has a dual purpose, encoding both frame number and
residue pair score (explained later). So each frame is coded
with two colors. The +1 frame alignments uses red and
blue, +2 alignments green and yellow, and +3 alignments
magenta and cyan.

We encoded the frame information using both layers
and color so frame information is visible from all viewing
angles. For example, when viewed down the Z-axis, the
layer information is lost if only the Z-coordinate is used
to distinguish frame numbers. On the other hand, if only
color is used, objects toward the front would mask out ob-
jects near the back when viewed down the X-axis. By sep-
arating the frames into layers, the amount of information
encoded in each layer is reduced.

AV can also assign the colors dynamically. In this mode,
the frame with the highest score is assigned red/blue, with
green/yellow and magenta/cyan assigned to the 2nd and
3rd highest scoring frames, respectively. Dynamic color
assignment is a crude way of guessing the correct reading
frame for a given sequence.

Third, AV depicts thesimilarity scoresalong the Y-axis.
The search algorithms produce statistical measures of sim-
ilarity. These statistical techniques rely on thesubstitution
matricespioneered by Dayhoff et al. in [5]. Each matrix
entry measures the likelihood of one amino acid replacing
another in a sequence due to genetic mutation and natural
selection. As some amino acids are functionally similar to
other amino acids, some substitutions are favored biologi-
cally more than others.

Similarity algorithms use substitution matrices to com-
pute thesimilarity scoreof an alignment. For a given
pair of residues in an alignment, an algorithm like BLAST
looks up the entry in the matrix and gets theresidue pair
score. This residue pair score is then a measure of the
strength of the match. To compute the actual score of
the alignment, BLAST sums all the residue pair scores in
the alignment. The location on the Y-axis of an alignment
represented by a comb object corresponds to its similarity
score. For example, in Figure 1, the alignment labeled B
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has a score of 95.
If the residue pair score is positive, then the replacement

of the residues is considered likely and represented by the
positive colors of each frame (red, green, and magenta). If
the residue pair score is negative, the replacement is con-
sidered unlikely and negative colors are used (blue, yellow,
and cyan).

Each of the residue pair scores is also encoded by the
length of the tooth—the stronger the value of the residue
pair score, the longer the tooth. For example, the line la-
beled A in Figure 1 has a residue pair score of 17, and the
line labeled B has a score of -4.

We implemented AV on Sun and SGI workstations run-
ning X windows. Commercial visualization engines might
have served our needs, but using an existing package would
still have involved a fair amount of development. We also
wanted to integrate AV with our development of a DNA
sequence analysis database system [15]. Furthermore, we
wanted to distribute our application to molecular biolo-
gists, who might not have easy access to commercial vi-
sualization packages.

In summary, AV represents the length and position of
alignments, the frame numbers, the similarity scores, and
the residue pair scores. These elements of the textual re-
port are essential to the data analysis, and demonstrate
the multi-dimensional nature of sequence similarity data.
By collaborating with biologists working on sequencing
projects, we ensure that the above representation is under-
standable and effective in the analysis of sequences.

4 Case Studies of Alignment Viewer
We now discuss an AV visualization of theHuman

Immunodeficiency Virus(HIV), and a visualization of a
sequence from a well-studied plant calledArabidopsis
thaliana, commonly known as mustard weed. These case
studies have been chosen because they are of interest to
the molecular biologists in our research group and because
they illustrate features of AV.

We took a section of the HIV sequence and ran the
BLAST algorithm against GenBank and PIR. The se-
quence (GenBank Sequence K02012) has 5362 bases,
which translates to about 1787 residues. The BLAST tex-
tual report is roughly 3200 pages, and contains a total of
6692 alignments to the GenBank database. Each alignment
in the text report looks like the one shown in the right hand
side of Figure 5, where the text report has been parsed and
converted to hypertext by our analysis engine [15]. We fil-
tered out all alignments to copies of HIV, and 1867 align-
ments remain, which is still roughly 800 pages of printed
text. Analyzing this amount of data in a textual report is
prohibitive.

Figure 2 is AV output for the same report. The graph-
ical view condenses 800 pages of text into one screen of
information. The left hand side is a 3D view, while the
right hand side is a 2D projection. The positions and rel-
ative lengths of the alignments provide a quick summary
of where alignments are located along the query sequence.
By rotating the 3D figure, the user can immediately see that
there are no negative frame alignments, since there are no
white lines in the fourth layer. This example shows that
using a single color for all negative frame alignments al-
lows the user to immediately determine whether the query
sequence is positive or negative.

The color guide on the right hand side of the picture
shows dynamic color assignment. We see a large region of
green/yellow +3 frame alignments toward the front of the
sequence from about 1 to 500, and a second large region
of red/blue +2 frame alignments from about residue 500 to
1450.

Sometimes a single DNA sequence encodes proteins in
two slightly overlapping frames. The complicated mecha-
nism that makes this possible is called aframe shift[18].
Biologists are interested in frame shifts, especially since
they are very important to the function of the sequence
and are difficult to discover. In this example, the first
green/yellow region seems to encode one protein in one
frame, and the second red region seems to encode a dif-
ferent protein in another frame. The color changes suggest
the occurrence of a frame shift. Indeed, in HIV, the so-
calledgag protein in the first region is known to overlap
with thepol protein in the second region [18]. The detec-
tion of the frame shift in the text report would require look-
ing through 800 pages of text. AV’s representation makes
this phenomenon stand out immediately.

In Figure 3, the zoom feature in AV has enlarged the
gagprotein region. The two regions A and B correspond
to large concentrations of positive residue pair scores. Re-
member a positive residue pair score corresponds to a
strong match. Biologists are interested in identifyingcon-
served regions, which are regions that have been preserved
over evolution, and are less likely to change due to muta-
tion and selection. Such a region usually plays an impor-
tant role in the function of the sequence. The large con-
centration of positive scores suggest that the two regions A
and B are conserved.

We also see in Figure 3 a region labeled C where nega-
tive residue pair scores are abundant. These negative scores
suggest a region where residues are weakly conserved,
since there are more differences between the query and the
database sequences. Most of these alignments are to the
gagprotein of theSimian Immunodeficiency Virus(SIV), a
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Figure 2: AV visualization ofHuman Immunodeficiency Virus(HIV) BLAST PAM250 output

distant relative of HIV that infects monkeys. Thus, region
C is likely to correspond to a segment where HIV and SIV
are different biologically. Since SIV cannot infect humans,
biologists are very interested in such differences.

The ability to interactively zoom into the relevant re-
gion was important in the identification of these conserved
regions. Zooming away from the image makes it easy to
detect broad similarity features. Zooming in makes details
clearer and simplifies the identification of regions A and B
as local regions of high similarity to other sequences.

As described above, our representation emphasizes con-
served regions. In scanningArabidopsissequences using
AV, our research group found many sequences with pos-
sible conserved regions. Figure 4 shows one of these se-
quences. The two red bands labeled A and B are quite
obvious. Region A is apparent from almost every angle,
whereas region B is more visible when viewed down the
Z-axis as shown. The ability to rotate and view the vi-
sualization from different perspectives was crucial to the
identification of this region. The alignments in the A and
B regions of this report are to a variety of binding proteins
and ribonucleoproteins, suggesting that conserved regions
A and B might share a common function with these other

database sequences.
AV uses a fat line approach to ensure rapid rotation and

zooming. During a mouse-driven user interaction, such as
rotation or zooming, each alignment is reduced to a sin-
gle fat line; when the user releases the mouse button, the
full-feature visualization is displayed. The number of lines
drawn during a single rotation in the example from Fig-
ure 2 is 1857 using fat lines compared to 123,229 for the
full image.

Sometimes detailed information about a particular
alignment is needed. Biologists must then consult the tex-
tual report. AV projects the 3D representation onto the XY-
plane as shown in Figure 2. The user can translate, zoom,
and rotate both the 3D and 2D representations. The 2D pro-
jection was created to allow direct interaction with a single
alignment. When a user clicks on an single alignment, the
hypertext document browser showing the text report [15]
will jump to the correct place and display the detailed in-
formation about that alignment. Figure 5 shows this inter-
action during the analysis of the HIV similarity report. The
details of the alignment labeled B is shown in the right half
of the figure. The hyperlinks from the graphical output to
the textual output ensure that all information is accessible.
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Figure 3: Closeup view of the HIVgagprotein region

Finding all information related to a particular alignment
becomes easier because AV provides a visual index to all
of the alignments in a report, whereas in the past users had
to search through pages of text to find an alignment.

When the user chooses the alignment, a curve plot also
appears on the screen as shown in Figure 5. The plot,
which we call thealignment matrix curve, shows the dif-
ferent similarity scores from different substitution matri-
ces. Different substitution matrices allow different degrees
of mismatches and mutations. These matrices are either
experimentally or theoretically derived. ThePAM (Point
Accepted Mutations)matrices [5], use a rough measure
of how many generations of evolution it would take to
mutate one sequence into another. Thus, the PAM scale
corresponds roughly with different evolutionary distances,
where a low number signifies a close evolutionary distance.
For example, the PAM120 matrix allows fewer mutations
than PAM250.

The HIV BLAST result in Figure 2 uses PAM250. This
means the similarity algorithm was most sensitive to align-
ments near a PAM distance of 250. Biologists do not al-
ways know which matrix is more advantageous to use for
a particular sequence.

In the matrix curves of Figure 5, the similarity scores
were recomputed and normalized statistically using differ-
ent matrices [11]. The X-axis on the curve plot is the evo-
lutionary distance measured in PAM, and the Y-axis is the
renormalized score computed using a particular PAM ma-
trix. The alignment matrix curve for different alignments
peaks at different distances. For example, the alignment

Figure 4: Arabidopsis 128I14T7 AV visualization

labeled A peaks at PAM60, whereas the alignment labeled
B peaks at PAM120. These peaks provide estimates of the
evolutionary distances of the alignments. This curve was
added to AV to help biologists determine which substitu-
tion matrix to use.

Most of the alignment matrix curves from the HIV
PAM250 report peaked mostly around 40-120 PAM. Since
PAM250 is most sensitive for alignments at 250 PAM, and
less sensitive for alignments at 60 PAM, these peaks might
suggest that the initial choice of PAM250 is too insensitive
for most of the alignments in this report. After looking at
these matrix curves and their peaks, we ran BLAST with
PAM60. Figure 6 shows the result. There was a noticeable
decrease in the number of alignments from 1867 to 1516.
The major features were retained, and the amount of low
scoring alignments near the bottom of the plot (score� 50)
decreased significantly.

The PAM60 textual output is also over 800 pages, and
the comparison between these two outputs with different
matrices is not feasible using only the textual outputs; how-
ever, the visualization overviews provided by AV concisely
summarize the textual data, making the above comparison
possible.

Our research group has a database of over 21,000 se-
quences and their analysis reports. Instantaneous access to
all of the data is as critical in the analysis as the data inter-
pretation. Each hypertext report has a static AV plot that is
rotated to a fixed position. The static image then serves as
a hyperlinked icon to the actual AV input file. Since AV is
integrated with the World Wide Web, any user with AV in-
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Figure 5: HIV BLAST PAM250 Alignment Viewer visualization (Alignment Matrix Curves and Hyperlinks)

Figure 6: HIV BLAST PAM60 AV visualization

stalled on her workstation can click on the image icon and
interact with the AV visualization directly.

In this section, we showed several examples of the use
of AV. In particular, we showed how to identify a possi-
ble frame shift by looking for a color change. We also
showed how to find possible conserved regions by scan-
ning for large concentrations of positive colors that corre-
spond to strong matches. AV allows the user to examine
the data closely using zoom, translate, and rotate. These

features also helped in the discovery of conserved regions.
The visualization is hyperlinked with the textual report to
provide the most detailed information. AV also provides
alignment matrix curves to estimate the evolutionary dis-
tance of an alignment between two sequences. This addi-
tional piece of information can be used to estimate which
substitution matrix to use next. These features of AV have
proven useful in the analysis of sequence similarity.

5 Conclusion and Future Work
The results of sequence similarity algorithms are large,

discrete, and multi-dimensional, which lead to difficult and
ineffective analysis of textual reports. Although the posi-
tional, compositional, and similarity information are con-
tained in these reports, it is difficult to determine the bio-
logical significance of the alignments. For example, it is
difficult to determine whether two alignments are in the
same region, or whether there are regions where two se-
quences share similar conserved composition.

AV provides a novel data representation and visualiza-
tion method for the output of BLAST, one of the most pop-
ular alignment algorithms. The graphical representation
provides a visual index to the output. AV encodes align-
ment data by using features such as colors and layers for
different frames, and allows interactive zooming, transla-
tion, and rotation. The fat line technique provides real-time
feedback during interaction. The alignment matrix curves
present an estimate of the evolutionary distance of an align-
ment.
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AV visualizes high level information contained in the
similarity reports. The advantages of this approach are
that AV offers a concise view of the global features and
eases the interpretation. The potential disadvantage of
omitting the details in the textual reports is mitigated by
hyperlinks from the visualization to the text report. AV
is used as a visualizer for data contained in these hy-
pertext reports, in the same way external viewers are
used to view images on World-Wide Web (WWW) doc-
uments. Our research group manages data from several
genome sequencing groups, including 15,000 Arabidop-
sis sequences from Michigan State University. A total of
21,000 AV visualizations can be found in the similarity re-
ports of plant genome sequences located on our WWW site
(http://lenti.med.umn.edu). The WWW documents pro-
vide easier access and distribution of the data to the biology
community. AV is in use on a regular basis by biologists in
our research group.

We plan future enhancements. The capability to choose
different colors interactively is required for different output
media. Also, the information encoded by the Y-axis can be
other biologically meaningful similarity measures besides
similarity score. We also plan to develop techniques for
viewing the output of multiple algorithms as well as tech-
niques for viewing several reports simultaneously.

As depicted in the case studies, AV greatly reduces the
amount of time required to review and analyze the BLAST
output. By visually presenting all the information from an
alignment report, AV frees molecular biologists from the
drudgery of the text reports, and enables new types of anal-
ysis.
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