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Abstract. In the bioinformatics literature, pairwise sequence alignment methods appear with
many variations and diverse applications. With this abundance, comes not only an emphasis on
speed and memory efficiency, but also a need for assigning confidence to the computed align-
ments through p-value estimation, especially for important segment pairs within an alignment.
This paper examines an empirical technique, called SEPA, for approximate p-value estima-
tion based on statistically large number of observations over randomly generated sequences.
Our empirical studies show that the technique remains effective in identifying biological cor-
relations even in sequences of low similarities and large expected gaps, and the experimental
results shown here point to many interesting insights and features.

1 Introduction

In the field of comparative genomics, an emphasis is placed on its functional genomics aspects. Most
often we align two or more sequences, because we expect that the important areas selected from
that alignment will point to a significant common biological function, even when we realize that
there can be no absolute guarantee of this. In order to draw our attention very quickly to the most
pertinent similar subsequences, it is necessary to compare the important areas of alignments and
rank them in order of their relevance. For instance, by comparing alignments in related sequences to
those of unrelated sequences with no common biological function, we may derive, for any alignment,
the probability that its important areas occur by mere coincidence. This probability measure is also
known as a p-value, and low p-values relate to high relevance rank.

Many p-value estimation techniques have been suggested and examined previously, for instance,
Karlin-Altschul [7] and Siegmund-Yakir [14], but none have proven completely satisfactory. In this
paper, we focus on using empirical results to improve the p-value approximation in case of align-
ments of noncoding nucleotide sequences of lengths varying from .5 Kb to 12 Kb, with expected large
gaps and low similarities. These alignments are often computed with the complex but biologically
faithful model involving piecewise-linear gap penalty functions as in PLAINS [3]; nonetheless, other
techniques such as LAGAN, EMBOSS, and LALIGN have also proven effective. We demonstrate
the effectiveness of a p-value approximation technique called SEPA (Segment Evaluator for Pairwise
Alignments) as it selects and scores important segments pairs. Furthermore, for random sequences,
we also empirically characterize how various alignment statistics, such as the segment pair lengths,
scores, and magnitudes, distribute as a function of sequence lengths. From this analysis, the parame-
ters for a p-value approximation are estimated, and used to demonstrate the method of sensitivity in
distinguishing important homologies from unimportant chance occurrences of subalignments within
sequences. Furthermore, SEPA is non-subjective, since it can easily be applied to any alignment tool.
We will illustrate this advantage by using it to compare the results of PLAINS with LAGAN, EM-
BOSS, and LALIGN. Because of these strengths and despite its empirical foundation, SEPA fulfills
a practical computational need by speeding up the core search processes in comparative genomics.



2 Overview

We introduce some notations as follows: Assume the sequences to be aligned are X and Y, and their
respective lengths are m and n, where m > n. Let X, and Y, denote respectively the ut? character
of X and the v** character of Y, where 1 < u <m and 1 < v < n.

Let us suppose that aligning X and Y with some arbitrary alignment tool produces an alignment
A of length a, where m < a < m + n. We will represent an alignment A as follows: For each i, Ali]
denotes the i*" position in alignment A, and it is represented as a pair of index coordinates (u,v)
taken from X and Y, and this corresponds to X, and Y, being aligned to each other at position ¢
in Aifu>0and v > 0, or one of X, or Y, being aligned against a gap if either v < 0 or u < 0.

Next, let Afi : j] denote the portion of alignment A[i], Ali + 1],..., A[j]. We will refer to A[i : j]
as a strip or segment pair from position i to position j.

Let ww(i) denote the penalty for a gap of length i. ww(-) can be any arbitrary function, but
for this paper, we will assume it is a p-part piecewise-linear function where each successive slope is
smaller than the previous one. A more specific version of this score-function is where p = 1, which
is the affine function used in the Smith-Watermann algorithm.

Also, let S(i, j) denote the score for strip A[i : j] where the score is computed by adding following
values: m, is a score for each match, my is the penalty for each mismatch, and ww(-) is used to
penalize the gaps. To compute S(i,j) from Afi : j], each match and mismatch within it is added or
deducted from the score individually, while each region of X against a gap and Y against a gap is
penalized as a whole using ww(-) based on the length of that region.

Suppose we have a scheme that marks r non-overlapping strips as important. Suppose that the
endpoints for these strips are denoted as (i1, j1), (i2, j2), - - - , (¢, jr). For each k, we wish to measure
in some way how strip A[é : jix] provides a meaningful correlation between X and Y. One common
mathematical approach is to, given a certain null hypothesis, compute the p-value of Pr(z > s)
where s = S(ig, ji). This p-value is known as the coincidental probability of obtaining a strip with
score at least s. For this paper, we will assume the null-hypothesis is the behavior of important
strips taken from pairwise-aligning randomly generated DNA sequences. Also, if the total scores of
all strips is ¢t = X7_, S(ix,jk), then ( = Pr(z > t,y < r), the probability of obtaining at least a
total score of ¢ using at most r strips.

One should note that coincidental probabilities of the segments (both p-values and () are dictated
by the scheme used to determine the segments as important. One scheme might deem strip Ali : j]
as important, but SEPA might not, and instead SEPA may consider a possibly overlapping strip
Al¢' : j'] as important. As a result, the formula for the p-values and ¢ value could differ from one
scheme to the other. For instance, in the method used to obtain important segments mentioned
in Karlin-Altschul [7], Pr(z > s) = 1 — exp(Kmne=**) holds. However, as argued later in this
paper, for the way SEPA obtains the segments from an alignment A, we approximate the p-value
as Pr(z > s) = e

2.1 Obtaining High-Scoring Strips from an Alignment

Given an alignment A produced from sequences X and Y, we produce important strips as follows:
Given fixed constants W and w, and p (where W is an integer, and w and p are real numbers in the
range [0, 1]), let W denote the window size to be used, w denote the value used to prevent portions
of A of lowest match percentage from becoming considered as important strips, and p denote the
value used to filter away areas of A that have too low of a p-value. We obtain our segment pairs in
the following steps:

(1) For all ¢ from 1 to a — (W — 1), we compute p,(7), the percentage of entries in Afi : ¢ + W — 1]
where a match has occurred. Let 1 and o denote the mean and standard deviation of our p,(+) values.
Next, for each i, we mark?! p, (i) values as “special” if they exceed a threshold value of ;1 +wo. Hence,
we filter away A[i : i + W — 1] if it fails to meet this threshold value.

! The choice of using p+wo as the cutoff value instead of a fixed constant gives us the flexibility of catching
important regions in the two sequences, regardless of how homologous they are to each other.



(2) For each v and w' (with u < o), if p,(u), pa(u+ 1), ..., po(u') are all marked as “special”,
but p,(u — 1) and ps(u’ + 1) are not, then we consider the strip Afu : v/ + W — 1] as important
(i.e., we consider as important the strip starting the leftmost entry repsented by p,(u), up till the
rightmost entry represented by p,(u')).

(3) For each strip Afi : j] deemed important, we trim it so that it starts and ends at a position
in the alignment where a match occurred. Thus, if ¢’ is the smallest value such that i’ > i and A[i’]
is a match position, and j’ is the largest value such that j < j and A[j’] is a match position, then
we trim strip A[z : j] into strip A[¢' : j'].

(4) Next, we merge together any important strips that overlap. Namely, if we have two strips
Ali : j] and A[k : I] such that ¢ < k < j, then we merge these strips into one larger strip A[i :
max (7, 1)].

(5) With all strips now representing non-overlapping regions, we then proceed to give each strip
Al : j] its corresponding score S(i, j), as well as its p-value. We delete A[i : j] if its p-value exceed p,
since that indicates that A[i : j] may be coincidental. We can optionally also collect other information
at this point, such as the length of each strip.

(6) The r strips kept at this step are considered the “good” ones. We now compute ¢, the sum
of the scores of the these strips. Using this value, we can compute (, coincidental probability for all
r strips obtained.

Note that these steps for SEPA are similar to that of [3], except that the calculation for each
segment pair’s coincidental probability differs. Based on empirical experimentation, setting W = 50,
w = 0.5, and p = 0.5 yields segment pairs that are reasonably long, non-coincidental, and have
significantly higher matches than the alignment “background”. We reasoned that since our method
of obtaining segment pairs differs from that of Karlin-Altschul, then the method for computing
p-values for each segment pair cannot build upon their assumptions.

2.2 Methods: Analyzing Segment Pairs

In order to approximate an appropriate p-value estimation for SEPA | we analyzed segment pairs be-
havior over our assumed null hypothesis of alignments for randomly generated nucleotide sequences.
For length values ranging from 1000 bp to 8000 bp, we generated 25 random sequences. We also
generated 25 random sequences of length 500 bp. For each combination of these length pairs, we ran
all 625 possible pairwise alignments using PLAINS, and analyzed results using SEPA where p = 1
(to avoid filtering any segments out due to low p-value). The results for mean length-to-score and
mean mean segment scores are shown in Fig. 1. From this, we infer that both are uniform in terms
of m and n. In the appendix, Figures 5 and 6 elaborate further.

For our random sequences, we also observed the average and variance behaviors for r and ¢
in terms of m and n, where r is the number of segment pairs observed, and ¢ is the total score
of all the segment pairs. Furthermore we found that the mean for r, variance for r, and mean
for t all scale roughly to ko ln (kymn + ke(m + n) + k3), and the deviation for ¢ scales roughly to
max (ko, k14 - d + kot + ksd + k4), where ¢ = min (m,n), d = ||m — n||, and ko, k1, ko, ks, k4 are
constants?. Figures 7 and 8 in the appendix illustrate further how all of this was derived.

Since the average ratio of segment lengths to score is almost uniform in these plots, it suggests
that the gap penalty used to score the strips can be treated as if it is a differently-weighted mismatch.
Also, note that the p-values computed with the model studied by Siegmund-Yakir[14] differs mildly
from the model using the simplifying assumption that gaps are differently-weighted mismatches. For
this reason, it is common for tools to ignore the effects of gaps in generating their p-values, much like
BLAST?. Thus, we may similarly treat our piecewise-linear gap penalty ww(-) as differently-weighted
mismatches in approximating the p-value. Fig. 2 shows a plot of segment scores to frequency from

2 For average 7, ko = 10%, k1 = 7.95 x 107'°, ks = 1.54 x 1077, k3 = 1.01. For variance of r, ko = 10%,
k1 =1.93x1071° ko =1.97x1077, ks = 1.00. For average t, ko = 10°, k; = 4.29x 107 %, ks = 1.33x 1078,
and ks = 1.00. For deviation of ¢, ko = 100, k1 = —5.54 x 107°, ko = 4.63 x 1071, k3 = 1.04 x 1072, and
ks = —65.01.

3 The main reason we did not use BLAST in comparing alignment results is because BLAST was unable
to align most of the sequences mentioned in table 1.
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Fig. 1. Shown above are the mean length-to-score ratio and mean segment scores observed in the strips from
aligning randomly generated DNA sequences. In the plots shown above, a unique line is plotted corresponding
to each value of n in the thousand lengths ranging from 1000 to 8000. For these plots, x represents the m
value divided by 1000, and y represents the mean observed for that particular m and n, and the left plots
illustrate mean length-to-score ratio for the segment pairs, while the right plots illustrate mean segment
pair scores. These plots indicate that, for small n values, the average length-to-score ratio and average score
decrease with increasing m. However, asymptotically (for large n) the average length-to-score ratio and
average segment scores stay roughly constant in terms of m (at 3.1 and 45 respectively) and don’t stray
too far. This leads us to infer that length-to-score ratio can be well-approximated by a constant, and that
segment scores are independent of m and n.

which we derive our p-value approximation. Using it, we approximate that P(z = s) = Ke™**, with

K =8.69x 1072 and XA = 3.26 x 1072, Our p-value of P(x > s) is therefore:

*° K
Plx>s)= / Ke Mdr = —e™
s A

And notice that by this construction, P(z > 30) = A ¢392 ~ 1. We have designed our p-value
estimation this way since strip scores below 30 are empirically observed to be unimportant.

Our next natural step, after obtaining p-values for each segment pair, is to provide a p-value
estimate ( for coincidental probability for the whole alignment, determined by the strips found. As
mentioned earlier, we have learned that both r and ¢t depend on sequence lengths m and n. Hence,
if R and T are supposed to be the number of segment pairs and the total score of the segment pairs
after adjusting for mean and variance based on sequence length, then the coincidental probability
¢ =Pz >T,y < R). More specifically, ¢ is the coincidental probability of seeing a total score of at
least T using at most R segment pairs.

Figure 3 shows the distribution of r and t values observed from randomly generated sequences
after adjusting for mean and variance. From it, we approximate for 7' and R that P(z = T,y =
R) = eCe—at T +beTHerg—arR* +brRier where ¢ = —183.90, a; = 10.1, b, = 9070, ¢; = —2.04 x 108, a, =
0.241,b, = 4.71, ¢, = —27.5. This gives us for zeta that*:

(=Plx>T,y<R)=
/ / Coart +btz+0te—ary2+bry+crdydx _

4 z g2
Note that Erf(z) = ﬁfo e " dx
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Fig. 2. Shown here is a plot of segment scores to frequency for randomly generated sequences using our
assumption that segment score is length-independent. The z axis represents segment score, and the y axis
represents frequency. The tail of this plot is an exponential distribution of form P(S = z) = Ke™>*, where
we have approximated K = 8.69 x 1072 and A = 3.26 x 10~2. This curve is at its highest when z = 30, and
by emprical observation, we have noticed that strips scoring less than 30 are generally unimportant portions
of an alignment.
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Furthermore, table 1 shows a comparison of alignments for biologically related sequences in terms
of unadjusted r and ¢ values, and ¢’ values, all using p = 0.5. Note that ¢’ = —In (¢). The conversion
from ¢ to ¢’ was carried out for convenience in comparing lab results, where higher ¢’ indicates results
that are less coincidental. We chose to use p = 0.5 in all data shown in this table because with it,
SEPA successfully filters away all segment pairs when aligning randomly generated DNA sequences,
while retaining important segment pairs when aligning biologically related noncoding sequences, even
when they have expected high gaps and low similarity regions. For further information regarding
the sequences used, see Table 2 in the appendix.

Also, PLAINS does not always yield the results of least coincidental probability in this table, and
this anomaly has a simple explanation. Note that the nature of PLAINS is to capture the biology
faithfully even when the sequences have expected large gaps and low similarities. Thus it tries to
aggressively align as many regions as possible, and hence in these situations, it produces r and ¢
values that tend to be higher than those from other tools, even though its high r causes its overall
result to appear more coincidental in spite of the compensating higher ¢. However, it turns out that
when we fix r for all the tools, PLAINS yields higher ¢ and hence better ¢’ results. In other words, for
any given r, each of the r segment pairs generated by PLAINS have smaller individual coincidental
probabilities than the best r segment pairs generated by other tools. Figure 4 explains the details
further.

3 Conclusions and Future Work

Our empirical analysis leads us to the conclusion that the SEPA-based p-value technique models
coincidental probabilities much more accurately than the earlier technique employed in [3]. Fur-
thermore, we note that aggressively incorporating too many segment pairs into an alignment can
corrupt the overall result with false positives, in spite of an apparent improvement in the total score,
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Fig. 3. From our alignments over the randomly generated sequences, after adjusting the number of segments
r and the total score t for length-dependent average and deviation behavior, we chose to plot the frequency
of observing certain r and t values. The figure shown here is a surface plot of this, where lighter spots
indicate higher frequencies. From it, we observe that the majority of the data is concentrated in one area.
This area approximates to ece_“tT2+th+cte_“TR2+bTR+CT, where ¢ = —183.90,a; = 10.1,b; = 9070,¢; =
—2.04 x 10%, a, = 0.241,b, = 4.71, ¢, = —27.5.
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Fig. 4. In this figure, we observe the unadjusted r and ¢ values produced by PrAINS, LAGAN, EMBOSS, and
LALIGN from the human-mouse.3 — 9 experiment where we vary the p variable used to filter our segment
pairs. On each curve, we observed the ¢ and r values of each tool when varying p over various values from 0.1
till 0.9. Recall from table 1 that PLAINS performed poorly in terms of ¢’ values for p = 0.5 for the human-
mouse.3 — 9 experiments. However, note from this plot that for any fixed » where PLAINS is comparable to a
different tool, PLAINS receives the highest ¢ value, and therefore if we designed SEPA using a fixed r value
over all alignment tools, then PLAINS would have the highest ¢ value, and hence the highest ¢’ value (i.e.,
the best result). Many other experiments from table 1 have a similar plot to this one.



Test Name PLAINS LAGAN EMBOSS LALIGN
t r t r t r t r
HumanPseudol 356.71 4 7.37 340.32 4 6.00 340.19 4 5.99 106.11 1 5.92
HumanPseudo?2 285.75 3 3.96 281.84 3 3.94 238.30 3 3.87 105.021 6.14
HumanPseudo3  2181.50 14 47.18 441.58 6 22.98 1708.51 10 18.49 642.23 3 -0.00
HumanPseudo4 511.99 7 3.85 2172.40 14 -Inf 296.84 4 4.59 127.851 7.73
HumanPseudo5 792.64 7 7.29 775.74 7 7.29 176.73 1 13.04 184.59 1 13.04
MousePseudol 389.84 4 13.97 386.88 4 13.40 388.88 4 13.78 174.45 1 5.86
MousePseudo?2 461.68 6 8.88 453.64 6 7.77 206.02 2 5.56 208.76 2 5.56
MousePseudo3 7219 1 6.75 7219 1 6.75 8334 1 6.75 84.22 1 6.75
fugu2r 534.14 5 11.15 360.22 3 13.05 151.39 2 14.07 186.37 2 14.07
HForthol 734.82 7 10.94 349.33 4 14.18 374.35 5 13.05 x x X
HFortho2 600.22 4 16.78 555.61 4 16.78 327.91 1 20.18 307.82 2 19.01
HFortho3 637.52 7 14.53 259.44 3 19.05 409.99 5 16.71 x x X
HFortho4 1004.97 10 21.74 529.16 5 -0.00 367.86 4 -0.00 x x X
HFortho5 739.71 7 11.07 450.93 5 13.07 453.61 5 13.07 x x X
human_mouse.1_1 676.29 10 846 52.36 1 18.29 18698 2 17.00 x x X
human_mouse.1_3 552,55 6 15.14 406.79 6 15.14 429.51 6 15.14 x x X
human_mouse.3_9 1260.69 15 15.47 432.25 7 24.23 801.15 121844 x x X
human_mouse.3_16 218.47 3 5.71 X x x 180.05 2 6.77 64.33 1 7.93
human_mouse.4_3 262.19 3 1544 7491 1 17.79 176.83 2 16.59 x x X
human_mouse.4_5 421.71 6 7.35 221.57 3 10.47 401.71 5 8.32 X X X
human_mouse.6_17 986.89 12 23.00 240.10 3 -0.00 260.66 4 -0.00 x x x
human_mouse.7_11 594.32 8 9.06 164.10 2 15.44 476.71 7 9.99 X X X
human_mouse.17_11 608.75 7 13.93 171.96 3 18.57 451.60 6 15.02 x x X
human_mouse.x_x 1302.49 18 17.20 636.82 9 -0.00 568.46 9 -0.00 72.76 1 -0.00
human_dog.6_1 1239.35 14 18.99 424.59 6 -0.00 688.81 8 26.81 x x X
human_dog.6_12 1284.79 14 13.88 548.19 7 21.23 394.04 6 22.44 130.06 2 -0.00
human_dog.6_34 1488.26 16 -0.00 496.14 6 -0.00 900.73 12 -0.00 56.67 1 -0.00
human_dog.7_16 1042.19 13 10.45 128.07 2 22.40 309.03 4 19.84 x x x

Table 1. Shown here for Prains, EMBOSS, LAGAN, and LALIGN are the r, ¢, and ¢’ values obtained
from aligning genomic DNA sequences of lengths between 0.5 Kb and 12 Kb within human, mouse, dog, and
fugu, where the pairs are biologically related and mainly noncoding DNA with expected large gaps and low
homology regions. Please note the loss of precision involved in reporting ¢’ values. Hence, if for a paricular
alignment, PLAINS and LAGAN receive ¢’ values that differ by less than 1 x 102, then their ¢’ values would
“appear” equal in this table.



as illustrated by PLAINS. However, SEPA can modify the overall alignment to select only the best r
segments from an alignment while keeping the confidence in the final result high. It is here that the
strength of PLAINS becomes obvious, since its r segments are less coincidental than its competition,
and have higher scores, and hence better ¢’ values.

However, in spite of the promising results from SEPA, there is still plenty of room for further
improvements by using random portions of DNA from Human, Mouse, and Fugu instead of ran-
domly generated DNA sequences. In that case, our concern shifts from the coincidental probability
of a segment’s score from aligning random DNA, to the coincidental probability of a segment’s
score from aligning unrelated random regions of organisms under comparison. Further extension in-
cludes development of better statistics that realistically capture the base-pair and coding/noncoding
distributions within the sequences, as well as the effects of secondary and tertiary structures.
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Appendix

A Segment Pair Analysis in Further Detail

In order to approximate an appropriate p-value estimation for SEPA | we analyzed segment pairs be-
havior over our assumed null hypothesis of alignments for randomly generated nucleotide sequences.
For length values ranging from 1000 bp to 8000 bp, we generated 25 random sequences. We also
generated 25 random sequences of length 500 bp. For each combination of these length pairs, we ran
all 625 possible pairwise alignments using PLAINS, and analyzed results using SEPA where p =1
(to avoid filtering any segments out due to low p-value), and recorded the results in fig. 5, 6, 7, and
8.
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Fig. 5. Shown above are the mean and variance plots for the segment pair length-to-score ratio from aligning
randomly generated DNA sequences. A unique line is plotted corresponding to each value of n in the thousand
lengths ranging from 1000 to 8000. For these figures, and others that follow, x represents the m value divided
by 1000, and y represents the mean or variance value obtained for that particular m and n. These plots
indicate that, for the most part, the mean takes a constant value at 3.1, and the variance remains below 0.4,
leading us to infer that length-to-score ratio can be well-approximated by a constant.

B Sequence Details

Shown in Table 2 are further details for the sequences used to compare PLAINS against LAGAN,
EMBOSS, and LALIGN. Please note that sequences are expressed in their regular format unless
they end with a “:-1” or “-” symbol, which indicates that they have been reverse-complemented
prior to performing any alignments.
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Fig. 6. Shown here are the mean and variance plots for segment scores from aligning randomly generated
DNA sequences. From this we infer that, although for small n values, the average score decreases with
increasing m, asymptotically (for large n) the average stays roughly constant in terms of m, while the
variance fluctuates wildly around a constant value. Hence, for our scoring method, we model the segment
scores as independent of m and n.
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Fig.7. Shown here are the mean and variance plots for r, the number of segment pairs obtained from
aligning randomly generated DNA sequences. From this, we estimate that the average and variance for r
scale roughly with ©(log(mn)). More specifically, we approximate the mean of r and the variance of r, called
ro(m,n) and r,(m, n) respectively, to scale roughly as ko In (kimn + k2(m + n) + ks) where ko, k1, k2, and
k3 are empirically determined constants. In the case of r4(m, n), we observe that ko = 10%, k1 = 7.95x 1071°,
ke = 1.54 x 1077, k3 = 1.01, and in the case of r,(m,n), we observe that ko = 10%, k1 = 1.93 x 1071,
k2 =1.97 x 1077, ks = 1.00.
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Fig. 8. The plots shown here are the mean and deviation plots for ¢, the total score of all segment pairs
from aligning randomly generated DNA sequences. From this, we estimate that the average total score
scales roughly with ©(log(mn)). Because the variance plot was difficult to quantify in terms of m and n,
we instead model the deviation for total score in terns of d and ¢, where ¢ = min (m,n) and d = ||m — n||.
The lower figure shows the deviation plot, with each curve corresponding to a unique d value, and the
z-axis reprsenting 4 in units of thousands. From this, it was found that the deviation scales roughly with
O(i - d), but never declines below 100. More specifically, we approximate the average total score tq(m,n) to
scale roughly as ko In (kimn + k2(m + n) + k3), and the deviation for total score tp(m,n) to scale roughly
as max (ko, k1t - d + kai + ksd + ka), where ko, k1, k2, ks, and k4 are empirically estimated constants (and
the variance t,(m,n) = tp(m,n)?). In the case of t,(m,n), we observe that ko = 10°, k; = 4.29 x 10710,
ke = 1.33 x 107%, and k3 = 1.00, and in the case of t,(m,n), we observe that ko = 100, k1 = —5.54 x 107°,
k2 =4.63 x 107", ks = 1.04 x 102, and ks = —65.01.
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Name

First Sequence

Second Sequence

HumanPseudol
HumanPseudo?2
HumanPseudo3
HumanPseudo4
HumanPseudob

chrl 8257472 8257969 +
chrl 163548408 163549002 +
chrl 212839737 212843396 +
chr2 215849936 215850977 —
chr3 154761512 154762855 —

NCBI34:19:54160379:54161804:1
NCBI34:4:174948678:174951482:-1
NCBI34:19:47480657:47491789:1
NCBI34:12:52960755:52965297:1
NCBI34:20:62845714:62856853:-1

MousePseudol
MousePseudo?2
MousePseudo3

chrl 6930250 6930693 +
chr10 34897773 34898331 +
chrl 101195551 101195966 +

NCBIM32:4:116062392:116064688:1
NCBIM32:3:111151293:111157009:1
NCBIM32:19:41974653:41984383:1

fugu2r

NCBI34:6:10803176:10817954:1

FUGU2:scaffold_3266:7199:8502:1

HForthol
HFortho2
HFortho3
HFortho4
HForthob

NCBI34:22:17268346:17274146:1
NCBI34:22:19452941:19466562:1
NCBI34:21:31952480:31961633:1
NCBI34:4:78536922:78549607:1
NCBI34:1:23574363:23584195:1

FUGU2:scaffold _115:304567:308251:1
FUGU2:scaffold _385:130429:132429:1
FUGU2:scaffold 492:107025:110089:-1 |
FUGU2:scaffold_1018:38886:42563:-1
FUGU2:scaffold 2020:1332:3570:1

human_mouse.1_1
human_mouse.1_3
human_mouse.3_9
human_mouse.3_16
human_mouse.4_3
human_mouse.4_5
human_mouse.6_17
human_mouse.7_11
human_mouse.17_11
human_mouse.x_x

hgl7 chr1:1045045-1049199
hgl7 chr1:109911-115784
hgl7 chr3:920975-927750
hgl7 chr3:40927-45344
hgl7 chr4:1016348-1026634
hgl7 chr4:33206-37263
hgl7 chr6:1515792-1522464
hgl7 chr7:253979-256656
hgl7 chr17:203511-209188
hgl7 chrX:928373-936336

mm6 chr1:58087808-58093089 —
mm6 chr3:108302834-108307402 +
mm6 chr9:13034270-13040751 —
mm6 chr16:36425494-36426630 +
mm6 chr3:43806778-43808958 +
mm6 chrb:116454347-116457564 —
mm6 chr17:5319541-5327318 +
mm6 chr11:47406997-47414401 —
mm6 chr11:46304241-46308929 —
mm6 chrX:100457186-100463788 +

human_dog.6_1
human_dog.6_12
human_dog.6_34
human_dog.7_16

hgl7 chr6:48183-58637
hgl7 chr6:791946-797744
hgl7 chr6:1248975-1255904

canFam1 chrl:66683762-66688436 —
canFam1 chr1:58385127-58391875 +
canFam1 chr34:40546832-40556432 —

hgl7 chr7:40725-45009

canFam1 chr16:22868000-22875215 +

Table 2. Sequence Details for the Biologically Related Alignments Ran. All the sequences are retrieved from
ENSEMBL database [www.ensembl.org].



