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1 Introduction

As the costs of genome sequencing and assembly con-
tinue to decline, new opportunities and methodolo-
gies for research are becoming available. On such
opportunity is the ability to study large-scale genetic
variation across many individuals in a given popu-
lation. Studies such as this have been loosely cate-
gorized under the label “population genomics.” An
important goal of population genomics is to identify
outlier loci which exhibit “locus specific effects” in
contrast to “genome wide effects [1].” For example,
after sampling many individuals in a population, we
would expect to see genome-wide genetic drift be-
tween individuals. However, some interesting subset
of the population may be exhibiting strong selection
at a few loci—separating this locus-specific “wheat”
from the genome “chaff” can help direct the course
of interesting study.

Luikart et al. summarize population genomics as
follows:

The two main principles of population ge-
nomics are that neutral loci across the
genome will be similarly affected by demog-
raphy and the evolutionary history of pop-
ulations, and that loci under selection will
often behave differently and therefore reveal
‘outlier’ patterns of variation[6].

Identifying such outliers can be useful for two rea-
sons. First, by identifying outlier loci, we can also
identify neutral loci—those which are not experienc-
ing locus-specific effects in a population and hence
are more useful for comparative studies such as phy-
logenetic tree construction. Second, and more obvi-
ously, outlier loci are likely to be interesting regions

of the genome, with previously unknown outlier loci
signaling areas of the genome which warrant further
investigation.

Example uses of outlier loci are clustering a pop-
ulation into subpopulations [4] and testing for corre-
lations between genetic distance and geographic dis-
tance between individuals [6].

It is this last example, correlating genetic and geo-
graphic (or some other measure) distance, which we
seek to explore in this project. Specifically, we de-
velop an exploratory data analysis tool to help find
regions of a genome which are changing in correla-
tion with a distance metric. Such areas might be
interesting, for example, if the reason for this corre-
lation is positive selection which gets stronger as the
geographic distance gets larger.

2 Approach

While we presume that the data gathered represents
i) a finished reference genome and ii) finished sam-
ple isolate genomes annotated with the distance from
the reference, in reality the data could represent sim-
ilar draft genomes or even comparable collections of
expressed sequence tags.

Suppose we align each sample isolate sequence to
the reference sequence. For any such alignment we
can consider a window of size K starting at position
i in the reference, and create a two-dimensional data
point for this window with the first dimension spec-
ifying the annotated distance and the second dimen-
sion specifying the genetic distance. With n align-
ments/sample isolates, we would get n such data
points. Figure 1 illustrates this logical construction.

Given this data, how “interesting” is this region of
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Figure 1: Hypothetical plot of genetic distance vs.
annotated distance, for a given window of size K. If
the slope of a line fit to the plot on the right and the
correlation coefficient are both large, this area of the
genome is changing relevant to the annotated sample
distance.

the genome in terms of annotated and genetic dis-
tance correlation? Consider a line fitted to the plot
in Figure 1. If the slope of the line is small, genetic
distance isn’t strongly related to annotated distance,
even if the correlation coefficient of the data is large.
If the slope is relatively large, genetic distance ap-
pears to be related to annotation distance, but this
relationship is only strong if the correlation coefficient
is also large.

Thus, for a particular window, we use
(slope of fit line) = (correlation coef ficient)
as a combined measure of “interestingness.” By
plotting this slope * correlation statistic for each
window at i = 1,2,...,01 — k + 1 (where [ is the
length of the reference genome), we can quickly and
visually find areas of interest in the genome.

3 Methods

As a first pre-processing step, each sample genome
is individually aligned to the reference genome using
the nucmer tool from the Mummer package [5] with
the default parameters. A single global alignment is
produced using the delta-filter tool with the -r
and —-q options. When reconstructing the alignments
for the analysis, we disregard sections of the align-

ments where there are gaps in the reference genome.
This ensures that all n alignments are exactly [ bases
long, where [ is the length of the reference genome.

After a window size K is decided on, the linear
regression line slope and correlation coefficient are
computed for each window beginning at ¢ = 1 to
l —k + 1 as follows: For each alignment, a point
< annotateddistance, geneticdistance > is included
in the calculations if i) the number of gaps in the
sample genome is less than half the window size (since
we treat gaps as missing data, and don’t want to in-
clude erroneous points) and ii) the genetic distance is
defined. Our tool currently implements Jukes-Cantor
as well as Kimura two-parameter genetic distance
measures, both of which are undefined if the genetic
distance is greater than “random.” Finally, while the
correlation coefficient is technically undefined if all
sample points have the same genetic distance, in this
case we define the correlation to be 1 and the slope
to be 0.

The data is displayed for analysis using the pro-
gram kst [7]. Figure 2 shows an example. The top
panel plots correlation, slope, and the correlation
slope statistics for each window indexed by window
start position in the reference genome. (Actually,
correlation = |slope] is displayed, to preserve the sign
of the statistic.) For ease of viewing, all three plots
are scaled so that the maximum of their absolute
value is 1.0.

The bottom panel of the plot shows the number of
sample points used in computing the statistics. (Re-
call that large gaps in a sample alignment can lead
to that alignment’s window not contributing.) The
bottom panel also shows where in the genome the top
5 percentile slope * correlation statistics appear.

3.1 Runtime

Because we align each sample genome to a refer-
ence we avoid needing to do a multiple alignment
between what could be a large number of sample
genomes. Further, because we use streaming algo-
rithms to compute the linear regression line slope and
correlation in constant space (for each window), the
method uses only O(n + [) space. Linear space al-
gorithms are important in the field of population ge-



Name of Isolate Acc. Number Days
GZ01 AY278489 0
ZA-A AY394997 10
7S-C AY 395004 19
GZ-B AY394978 39
HZS-2A AY394983 46
GZ-50 AY304495 64
CUHK-WI AY278554 67
Urbani AY278741 72
Tor2 AY274119 73
Sin2500 AY283794 75
TWI AY291451 82
CUHK-AGO1 AY345986 93
CUHK-L AY394999 150

Table 1: SARS sample isolate names, GenBank ac-
cession numbers, and number of days past December
16, 2002 each isolate was sampled. For this dataset,
we use the number of days as the annotated distance,
allowing us to find areas of the genome where tempo-
ral distance is highly correlated with genetic distance.

nomics, as the number of samples n is often large [6].
The method runs in O(nl) time for both the Jukes-
Cantor and the Kimura distance measures. (Nei-
ther of the time and space bounds include the pre-
processing step of aligning the genomes.)

4 Example: SARS Dataset

SARS is an example of a coronavirus which was first
seen in humans in the second half of 2002. Because
of its lethality, the entire genome for the virus was
sequenced from isolates varying in time during the
outbreak (December 2002 to May 2003). Cristian-
ini and Hahn provide a list of 13 of these, annotated
with sample location and collection date. We repro-
duce this list of isolates, including name, GenBank
accession number, and time of sample collection in
days from December 16, 2002 in Table 1.

This dataset provides an interesting test case for
our tools. Note that in this case, the annotated dis-
tance isn’t geographic, but temporal. As such, loci
where the fit line has a high slope would be mutating

faster than other regions. Where the correlation is
high, we would expect simple genetic drift to be the
only factor present in mutation. Thus, we posit that
areas with a high correlationxslope statistic would be
good candidates for areas which model a “molecular
clock,” and hence would be good candidate regions
for use in phylogenetic analysis.

Figure 2 shows the output of our tool on the SARS
dataset, using the Kimura genetic distance measure
and a 1,000 base pair window size.
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Figure 2: Temporal distance vs. genetic distance
correlation * slope plot for the SARS dataset. The
largest peak in this plot occurs at position 21,507,
which coincides with the start of the spike protein.

The largest peak in Figure 2 occurs at the 1,000
base pair window which starts at position 21,507 in
the reference genome. This position corresponds to
the start of the spike protein, which runs from po-
sitions 21,476 to 25,243 in the reference genome [8].
It appears to be no coincidence, then, that the spike
protein has been used to reconstruct the phylogenetic
history of the SARS virus, since it is already known
to be prone to high mutation rates [2, 9]. Our analy-
sis suggests that the first 1,000 to 1,200 bases of the
spike protein would be best for this use.

A second interesting feature of Figure 2 is the sign
of the slope of the fit line. Since in general we expect
genetic distance to increase with time, we would also
expect the plots in Figure 2 to be non-negative. How-
ever, this is not always the case. These negative slope



regions may be a statistical coincidence or artifact of
our methodologies; thus far we haven’t investigated
these features.

5 Simulation

We simulated a diverse dataset in order to test the
capability of our method. In order to see how our
method would detect various types of mutation, we
created samples by varying open reading frames from
a reference Mycoplasma Genitalium genome accord-
ing to both a variety of region “types” as well as an-
notated distance [3]. For example, we modified some
ORFs as though they were highly conserved, and oth-
ers as though the amount of mutation was correlated
to the annotated distance.

For each sample, the simulation did two major
things to the Mycoplasma Genitalium genome. It
first labeled every open reading frame in terms of the
possibilities of how genes could be altered due to an
annotated distance. Three factors were considered
in determining the likeliness of a single base change
in the region. First, an initial base rate of change
(low, 0.03%; medium, 0.1%; high, 0.5%) determines
the basic amount of “conservation.” Second, a slope
factor in terms of additional percent chance of change
per mile (low, 0.0%; medium; 0.05%, high, 0.1%) de-
termines how much of a factor the annotated dis-
tance is in the amount of mutation. Finally, a ran-
dom amount of percentage chance is added with vary-
ing standard deviation o (low, 0.05%; medium, 0.1%;
high, 0.5%) which affects the strength of the correla-
tion. The formula for determining the mutation rate
for an ORF i on simulated sample j is given by

Mutation Rate; ; = Base Rate;
+ Distance; * Slope;
+ N(O, O'i) y

where N(u, o) is the normal distribution with mean
w and standard deviation o. The above is resampled
if the normal variable caused the mutation rate to be
negative.

Introns were modified in a similar manner; in this
case the base rate of change was high (indicating lit-
tle conservation) and the slope and sigma were both

low (for no relation to the annotation distance). Fur-
ther, we defined “interesting” regions of the genome
(those with a large slope and correlation) to be rela-
tively rare. Twenty sample genomes were simulated,
with random annotation distances in the range 1—
100. Table 2 gives the ORF types we simulated and
the percentages of each in the genome.

Like most things in biology, some of the simulated
regions are more interesting than others. In particu-
lar, ORF IDs 2 and 3 are quite interesting, as they
simulate a change where there is strong correlation
and slope between genetic distance and annotation
distance. ORF IDs 5 and 6 could be moderately in-
teresting as well. However, the rest of the IDs as well
as introns are by design not meaningful. In practice
we expect interesting types such as 2 and 3 to be rare,
therefore we have simulated them as such.

5.1 Results

The simulation produced expected results. The full
genome plot is shown in Figure 3. Figure 4 shows a
small portion. The peaks near bases 193,225 through
193,659 and 240,032 through 242,224 in Figure 4 cor-
respond to “interesting” type 3 ORFs. The peak
around 198,000 corresponds to a type 2 ORF which
occurs from bases 198,517 to 199,152 in the reference
genome. The fourth peak corresponds to a “medium
interest” type 6 ORF from bases 233,038 to 235,458.
Overall it seems the method does a good job sepa-
rating noise from interesting regions. However, due
to the small size of the type 2 ORF, the type 6 ORF
looks equally as important in the plot.

6 Conclusion and Future Work

In this paper we presented an exploratory data anal-
ysis tool, designed to analyze sample genomes (or
other DNA /amino acid sequences) with an eye to-
ward finding regions of the genome which are chang-
ing in strong correlation with an annotated distance.
Through simulation of genome mutation as well as
studying a temporally labeled SARS dataset, we be-
lieve that such a tool can be effectively used to find
previously unknown interesting locus specific effects.



ID Description Percent of ORFs Base Slope Sigma

0 Intron N/A High Low Low

1 Life Gene 25% Low Low Low

2 Interesting 2.5% Medium High Low

3 Interesting 2.5% Low High Low

4  Noise 30% Medium Low High

5 Noise 30% Low Low High

6  Maybe Interesting 5% Medium Medium Medium
7  Maybe Interesting 5% Low Medium Medium

Table 2: ORF types simulated and the relative percentages of each in the genome. The majority of the
ORF's (as well as intron regions) are of no interest in correlating genetic and annotated distance. Those with
higher slope and lower Sigma are considered to be of higher interest.
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Figure 3: Full genome plot for the simulated results.
The tool kst allows for easy exploration of the data.

Here we note that the method is not restricted to
Jukes-Cantor or Kimura genetic distance. If labeled
open reading frames are available for each sample in
the dataset, a measure of selective pressure such as
the K,/K, ratio can be used as well. Further, for
any given window the statistic of correlation x slope
is but one of many which could be measured. An-
other possibility is that of Information Gain, a data
mining concept which utilizes entropy to determine if
a dataset can be split into discrete groups with high
intra-group similarity. While regions of the genome
may be changing in accordance with an annotated
distance, they may not be doing so in a linear, contin-
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Figure 4: Detail of a portion of the simulation results.
The four tallest peaks in the plot correspond to ORF
types 3, 3, 2, and 6, respectively.

uous fashion. In cases such as this, correlation*slope
may be less useful than statistics such as Information
Gain. Unfortunately, when using other statistics, it
may not be possible to retain the O(n+1) space bound
and the O(nl) time bound.

Finally, while we have assumed that the samples
will be sequences, it shouldn’t be much trouble to
modify the technique if all that is given is a list of dif-
ferences between the sample and the reference. (Cer-
tainly, at the very worst the sample genomes can be
reconstructed from the difference information given
in linear time.) We wouldn’t expect the runtime



or the required space to improve, however, for full
genome plots as we have been discussing.

7

Contributions

Shawn O’Neil focused on tool development and in-
tegration with the kst scientific plotting tool, while
Nate Garrison handled all things simulation. Integral
ideas were contributed by both parties.
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