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Accuracy Assessment of
Diploid Consensus Sequences

Jong Hyun Kim, Michael S. Waterman, and Lei M. Li

Abstract—If the origins of fragments are known in genome sequencing projects, it is straightforward to reconstruct diploid consensus
sequences. In reality, however, this is not true. Although there are proposed methods to reconstruct haplotypes from genome
sequencing projects, an accuracy assessment is required to evaluate the confidence of the estimated diploid consensus sequences. In
this paper, we define the confidence score of diploid consensus sequences. It requires the calculation of the likelihood of an assembly.
To calculate the likelihood, we propose a linear time algorithm with respect to the number of polymorphic sites. The likelihood
calculation and confidence score are used for further improvements of haplotype estimation in two directions. One direction is that low-
scored phases are disconnected. The other direction is that, instead of using nominal frequency 1/2, the haplotype frequency is
estimated to reflect the actual contribution of each haplotype. Our method was evaluated on the simulated data whose polymorphism
rate (1.2 percent) was based on Ciona intestinalis. As a result, the high accuracy of our algorithm was indicated: The true positive rate

of the haplotype estimation was greater than 97 percent.

Index Terms—Haplotype, polymorphism, shotgun sequencing, diploid.

1 INTRODUCTION

IN shotgun sequencing strategies, random fragments are
generated from whole genomes or clones and then
sequenced using Sanger four-dye dideoxy technique. In
shotgun sequencing projects, the sequence coverage is
usually between 5 and 10. This redundancy improves the
quality of the reconstructed genome. The sequence assem-
bly in shotgun sequencing usually follows a three-step
procedure: overlap-layout-consensus. Even though the
objective of shotgun sequencing has been to determine a
haploid consensus sequence, fragments are from the diploid
genome in a eukaryotic organism. Because the origins of
fragments are unknown, the reconstruction of diploid
consensus sequences (or, interchangeably, the reconstruction
of haplotypes) in the consensus determination step is a
challenging problem. It is necessary to differentiate poly-
morphisms from sequencing errors and then to infer the
phases between adjacent polymorphisms. Lancia et al. [7]
formulated the diploid shotgun sequencing problem by a
graph theoretic approach. To deal with error seen in
fragments, they defined several combinatorial problems such
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as Minimum Fragment Removal (MFR), Minimum Snip
Removal (MSR), and Longest Haplotype Reconstruction
(LHR). Further development along this direction can be
found in Lippert et al. [11]. Li et al. [9] proposed a method
based on a probabilistic model. In this work, the probabilities
of different haplotypes (conditional on the assembly
layout) were calculated. It is a computationally intensive
problem to find the most likely haplotype because of the
large number of possible haplotype configurations; our
strategy was to consider one pair of polymorphic sites at a
time and then combine the phase information between
adjacent pairs to construct haplotype segments.

In this haplotype reconstruction problem, a complete
solution should include an assessment of the accuracy
about estimated haplotypes. To assess the accuracy of a
haploid consensus sequence, it is sufficient to provide the
quality measure of each consensus base. Churchill and
Waterman [4] introduced a statistical method to address
this problem for the case that fragments are from one target
haploid chromosome. The sequence assembler, Phrap
(http:/ /www.phrap.org), calculates the quality values of
consensus bases. However, when diploid consensus se-
quences are determined, it is not sufficient to provide the
quality measure of each polymorphism. For a complete
assessment, the phase between polymorphisms should be
considered and the phase information needs to be incorpo-
rated into the accuracy assessment. But, the calculation of
likelihood of an assembly is required to incorporate the
phase information into the accuracy assessment of haplo-
type estimation. In our previous work in [9], a realistic
solution to calculating the likelihood was not feasible
because the number of haplotype configurations grew
exponentially with respect to the number of polymorphic
sites. In this paper, we present, by using a Markov
structure, a fast algorithm of linear complexity with respect
to the number of polymorphic sites to calculate the
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likelihood of an assembly. We consider two approaches to
sequencing error rates: the quality scores, if they are
available, and adaptively estimated overall sequencing
error rates. Based on this likelihood calculation, we define
a confidence score for estimated haplotypes.

Furthermore, we use the confidence score and the
likelihood calculation to improve haplotype estimation.
The haplotypes with a confidence score below a specified
threshold are broken to increase the accuracy. The like-
lihood calculation is used to estimate the sample fraction of
each haplotype in the fragments. Hereafter, we refer to this
fraction as haplotype frequency. If the fragments are from
one individual, the nominal haplotype frequency is one-
half. However, due to factors such as homozygosity,
duplication, amplification bias, and misalignment, devia-
tions may exist to some extent. A good estimate of the real
haplotype frequency may help us detect abnormalities. We
estimate haplotype frequency by maximizing likelihood.

In shotgun sequencing, particularly whole-genome shot-
gun sequencing, fragments of different sizes are prepared to
provide different levels of continuity, see [1], [13], [2], [5].
The fragments are subcloned into plasmid, cosmid, or
bacterial artificial chromosome (BAC) according to the size
of fragments and then two-end sequenced. Our perspective
is that the two-end sequencing strategy also provides long-
range continuity in haplotype estimation because the two-
end sequenced reads of each fragment cover more poly-
morphic sites. In this paper, we exploit the information
from two-end sequencing to estimate longer haplotypes. In
our simulation study, the polymorphism rate was based on
the reported polymorphism rate (1.2 percent) of Ciona
intestinalis in [5]; the high polymorphism rate, which is
higher than other organisms such as Fugu rubripes
0.4 percent) and Homo sapiens (0.1 percent), was appropriate
for evaluating the accuracy of our method, see [2], [13].
Two-end sequencing of clone libraries (plasmid, cosmid,
BAC) was simulated; the fragments of variable size (1.8K bp
~ 120K bp) were generated complying with their propor-
tions in the Ciona intestinalis sequencing project, see [5].

This paper is organized as follows: In Section 2, we
describe our model, a Markov structure that allows us to
compute the likelihood of an assembly efficiently. Then, we
consider the problem of inference. And, finally, we present
the algorithm of reconstruction haplotype. In Section 3, we
present results based on Ciona intestinalis and discuss some
related issues. In Section 4, we give the technical proof.

2 METHODS
2.1 The Probabilistic Model

Consider n potential polymorphic sites and m fragments.
Following the common practice in probability, we use
uppercase letters to represent random variables and low-
ercase letters to represent their values. We denote two target
chromosomes by S = {S;1 Sk ... Sk, k=1,2}. Each letter
takes values from the alphabet A = {A,C.G, T, —, M}, where
— denotes an internal gap, and M denotes any sequence of
two or more nucleotide bases. For simplicity, we assume
that the genotypes are independently and identically
sampled from the composition probabilities:

Chromosome 1|{A G C C M A G A T T C
Origih 1|A G A C M A G A ¢ ¢ ¢
2/C CTA - GCTA ¢ ¢

1l¢ G CC M AGATT ¢

2{/C ¢C T A — TOCT A GT

2/¢ C T A -—GCT - G T

1/¢ 6 ¢ C M A GA C T C
Chromosome 2|C C T A — G C T A G T

Fig. 1. An illustrative example of the problem. The two target
chromosomes are shown at the top and bottom, respectively. The fifth
polymorphic site, “M,” in this case, represents “CCC.” Six fragments are
aligned in the middle. In reality, the targets and origins of fragments are
not observed.

/J,(LL, b) = PI‘(SL]' = a, SQJ‘ = b) = PI"(SLJ‘ = b7 Sgyj = (Z),
a, be A

The origins of the fragments are denoted by F = {F}, i =
1,...,m} and they appear according to Bernoulli trials:

[ 1 with prob A\; = A,
T2 withprob g =1— A\

We denote the true bases of the assembly matrix by Y =
{Yi;i=1,...,m,j=1,...,n} and they relate to the target
haplotype by Yi; =Sk ¢=1,2. The observations X =
{Xij,i=1,...,m,j=1,...,n} are the measurement of Y
via the following random error model:

nij(bla) = Pr(X;; = b|Y;; = a),a € A,b € B,

where B = {4,C,G, T, —,M,¢}, the null symbol ¢ denotes any
ambiguous determination of a base or positions beyond the
ends of a fragment. The errors can be categorized as single-
nucleotide replacement, single-nucleotide insertion, dele-
tion, and errors involving multiple nucleotides. Sometimes,
we drop the subscript of 7 when no confusion is incurred.
We have assumed that measurement errors occur indepen-
dently with identical distribution across the assembly
because the notation is complicated without the assump-
tion. The random fragments are generated either in the
direct or reversed orientation. To deal with the issue, we
introduce the complementary letters as follows: A=T,
T=4G=CC=GM=M ¢=¢ and = = —. In Fig. 1, we
illustrate the data structure by a hypothetical example. For
the sake of notational simplicity, we skip the issue of
orientation and nonpolymorphic sites. The two target
chromosomes are shown at the top and bottom, respec-
tively. Six fragments are aligned in the middle.

In reality, only the assembly matrix {xz;;} is observed
while the information of S and F is missing. Thus, we need
to estimate S and F based on the observations. Technically,
the estimation of S can be based on its conditional
distribution given data Pr(S|X). According to the Bayes’
rule, we have

Pr(X,S)

Pr(X) (1)
where Pr(X) =3 ¢ Pr(X,S). The formula to compute
Pr(X,8) is given by

Pr(S|X) =
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Fig. 2. Definition of four index sets. T'(k) = As(k) JAs(k) =
Ao(kE+1)UAs(k 4 1).

Pr(X,S) = Pr(S)Pr(X|S)

[TPs(s0 sﬂ)} {ﬁ w[Prxlse|.

i=1 i=1 k=1 j=1

We define the most probable haplotypes by: maxg Pr(S|X).It
is possible that we cannot determine all of the phase
information because the coverage and origins of fragments
are not strictly uniform across the entire clone. Thus, we look
for relatively shorter haplotype segments that exceed some
level of confidence. Due to the computational complexity, Li
et al. [9] proposed a pairwise strategy to find the most
probable haplotype configuration. The calculation of the
confidence score for a given haplotype configuration is also
based on (1) and (2). However, the marginal probability,
Pr(X), is the sum of joint probabilities over all haplotypes.
The complexity of a straightforward algorithm is O(5%").
Next, we develop an algorithm of linear complexity with
respect to the number of polymorphic sites.

2.2 A Markov Structure

We start off with one locus and then move along the
chromosome recursively. Suppose we have dealt with £ — 1
loci and are considering the kth locus. We notice that only
fragments that cover the position are relevant. Denote the
index set of those fragments covering the kth locus by Q(k).
We note that only these fragments are relevant for the
calculation. Let ©(k) = U§:1 Q(j). We decompose Q(k) into
four subsets: A (k) includes those fragments covering the kth
locus but neither the (k—1)th nor the (k+ 1)th; As(k)
includes those fragments covering both the (k—1)th and
kthlocusbutnotthe (k + 1)th; As(k) includes those fragments
coveringboth the kthand (k + 1)thlocusbutnotthe (k — 1)th;
A4 (k) includes those fragments covering the (k — 1)th, kth
and (k+ 1)th locus. We write I'(k) = As(k) | JAy(k). An
illustration of the definition is shown in Fig. 2. It is easy to
check that T'(k) = Ao(k+ 1) JA4(k+ 1) and

O(k+1) = O(k) | JM(k+ 1) | JAs(k +1).

Fig. 3 shows how the index sets evolve as the calculation
moves along a clone. If we compute likelihood iteratively
along the chromosome, then we need the dependence
structure of Q(k + 1) on ©(k). According to the definition of
I'(k), we have the following:

JANUARY-MARCH 2007

k kE+1

A1 (k) Ai(E+1)

™~

fragments starting

Ag(k) Az(k+1) at k-+1-th loci
As(k) As(k +1)

Ag(k) — Ay(k+ 1)

Fig. 3. An illustration of the recursive structure of the index sets.
Formula (3) uses this structure.

Proposition 1. {Sy1 =ai,Sk2 =as, F; = f;, i € (k)} is a
Markov chain.

It is interesting to see that the dimension of this state vector
varies across loci. We define

ag(ar, az; fi, i € T'(k)) = Pr(Xy; = i, j=1,... .k,
= 1, e, My Sk.l = al,Sk‘g = ag;E = fL', 1€ F(k))

Based on the above Markov structure, we can recursively
compute ay(ay,as; fi, ¢ € T'(k)) as follows:

Theorem 1.

> LE=)
apri(ar, as; fi, i € T(k+1)) = plar, az) [H Ny ]
hol

[T ont@ieala) + X n(@jpm |a2)]]

| (k+1)
I n@ikalay) I n@ikalay)
| FEAs(k+1) JeA (k+1)

> I e |%)}

| i=12, j€ha(k+1) [761\2(k+1)

Z ap(bi, bas f5, j € F(k))}

by,ba
3)

Please notice that if Ay(k+ 1) is empty, then we skip the
corresponding summation in the formula. If, at position d,
the set I'(d) is empty, then we have

PI‘(XZ‘j:.Zij, i:1,...,m,j:1,...

,d) = Z ag(ay, az).

ay,as

(4)
Despite the appearance of the formula, we can prove the
following result:

Proposition 2. The complexity of the algorithm defined by (3)
and (4) is linear with respect to the number of polymorphic
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sites. The expected complexity is proportional to e*, where  is
the average coverage.

This is true because, in each step of the recursion, we deal
with one more locus by (3) and keep the state variables
{ar(a1,a9; f;, i € I'(k))} in memory. The memory size is
thus the state dimension, which is not constant along a
chromosome. Denote the coverage variable by K. Approxi-
mately, it follows a Poisson distribution with the parameter
k. On average, the memory size is proportional to E[2X] =
Elee 2K] = ¢% according to the moment generating func-
tion of Poisson distribution.

The peak memory usage is an important issue in
practice. Of course, we can keep the active coverage in
some manageable range by randomly skipping some
fragments. Next, we evaluate the worst case by the Poisson
distribution

K'e

4!

—K

Pr(K > m) :i

Jj=m

Let Wy, Wy, --,W,, be independent and exponentially
distributed random variables with parameter x. According
to the structure of the Poisson process [12], the above
quantity equals

Pr(K>m)=Pr(Wi +Wo+---+W,, <1)
1 mym—1—rt
_ / R T
namely, an incomplete Gamma integral. In the case of Ciona
intestinalis shotgun sequencing, x is seven and
Pr(K > 20) = 0.000044, Pr(K > 23) < 1075, Thus, it is very

unlikely that the memory requirement exceeds 2%. Our
simulations justify this analysis.

2.3 Sequencing Error Rates and Quality Scores
The values of 7;;(bla) are crucial in our reconstruction
procedure. If we assume that base-calling is independent
and identically distributed across the assembly and
nij(bla) = n(bla), then we can apply an E-M procedure
sketched in [9] to estimate them.

Another approach makes use of the quality scores
provided by some base-calling algorithms ([6]). We can
connect these scores to our model if a valid probabilistic
interpretation is available. First, we consider the cases of
SNDPs. Write

eij = Pr(Base — call # a|True base = a).

The quality scores are usually given in the following
transformed form:

q7] =-10 logm €7jj.
Approximately, we have

a=1b,

a#b.

The error-bias parameters {w(bla), a # b, a € A,b € B} can
either be set to some constants or can be estimated from
data. In the case of complex indels, we align an observed

1-— Eij
eijw(bla)

s0la) = {

sequence with a template and calculate 7;;(bla) by multi-
plying scores from each position. In the haploid case, Li
et al. [10] provided a method to calibrate quality scores and
estimate conditional error probability using a mixture of
logistic regressions.

2.4 Inference of Haplotype Frequency

Next, our focus turns to the issue of haplotype frequency.
For any fixed value of ), the recursive algorithm, (3) and (4),
allows us to efficiently compute the probability of the
fragment assembly, or the likelihood as it is called in
inference theory. Denote the log-likelihood of the observed
assembly by

LX) =logPr(X; \),

where X is the assembly matrix. By maximizing the log-
likelihood with respect to the haplotype frequency para-
meter in the range from 0 to 1/2, we can obtain its estimate.
In general, the maximum likelihood estimate is asymptoti-
cally efficient under regular conditions. In other words, it is
one of the most accurate estimates in the large sample
scenario. Alternatively, if we have several hypothetical
values for the haplotype frequency known from a genomic
or genetic context, say, A =0,1/4,1/3,1/2, then we can
select the value that achieves the largest likelihood. In real
genome assembly, we can use the estimate of haplotype
frequency to monitor the existence of misalignment of
“bad” fragments.

2.5 Reconstruction of Haplotype

The conditional probability Pr(S|X) plays a key role in our
reconstruction and we term it a confidence score. The
reconstruction procedure is a generalization of that given in
[9]. We start by considering each adjacent pair. To
determine the haplotype for two loci, we check the odds
ratio of the two most probable states and the pairwise
confidence score. In addition to forward linking of adjacent
loci, we also check confidence scores and adjust solutions in
a backward fashion.

Algorithm 1.

1. For each locus, we report the most probable
genotype according to the single confidence score.

2. For each adjacent pair, we report the most probable
haplotypes according to the odds ratio and pairwise
confidence score.

3. Link the haplotype phases obtained in Step 2 and
construct haplotype segments. If inconsistent adja-
cent pairs occur, then we consider these sites jointly.

4. Evaluate the overall confidence score for each
haplotype segment.

5. If the confidence score is below a threshold, we
check the pair of loci with the smallest pairwise
confidence score obtained in Step 2. Then, we
compute the overall confidence score by flipping
the phase between these two loci. If the score
exceeds the threshold, we stop; otherwise, we break
the segment into two. In this case, we repeat Steps 4
and 5, respectively, to these two segments.



92 IEEE/ACM TRANSACTIONS ON COMPUTATIONAL BIOLOGY AND BIOINFORMATICS, VOL. 4, NO. 1,

Cy

JANUARY-MARCH 2007

Fig. 4. Bridging two contigs by mate-pair fragments. Two possible configurations are shown.

In the case where the nominal frequency value is known,
we can still use its estimated value in the calculation of
confidence scores to achieve adaptive reconstruction and,
consequently, to improve accuracy of reconstruction.

2.6 Mate-Pair Information and Second-Stage
Bridging

The above model applies to the case of two-end sequencing if
we assign the letter ¢ to those uncalled bases in the middle of
each fragment. However, when we evaluate the overall
confidence score by (3) and (4), a clone remains active even at
those polymorphic sites between the two ends. This may
increase the coverage severalfold. We notice that the mate-
pair information does not provide much extra help in regions
(scaffolds) of high coverages. Thus, we skip the mate-pair
information in the first round of Algorithm 1. If two contigs
are connected by at least one clone through mate-pair
fragments after the first round, then we apply the algorithm
to the two contigs and “bridging” clones, trying to determine
the phase. We present some details in what follows. Suppose
one contig consists of two haplotype segments S§L> and SéL),

another contig consists of S{R)

and S§R>. Two possible phase
configurations between the two nonoverlapping contigs are
shown in Fig. 4 and we denote them by C); and C,
respectively. Suppose some clones overlap with one contig
at one end and overlap with another at the other end.
Denote these clones by Z = {Z;,i € I}. For each clone Z,
denote by J; 1 the index set of those polymorphic sites that
overlap with SiL) and S§L> . Similarly, we define J;  for the
polymorphic sites on Z; at the other end. Thus,

Z; = {ijj e Ji,L} U {ij,j c JLZ,R}- Then,

Pr(Z|Cy) = [ ] Pr(ZCy),Pr(ZI|Co) = [ | Pr(Z]|Cy),

iel iel
where
Pr(Z|Ch) = ey, Pr(ZilSi) Tles,, Pr(ZiilStY)
3T, Pr(ZilSS) ey, Pr(Z1S50)
Pr(Z|Co) = ALy, Pr(ZilSt) Ties , Pr(ZijlS5Y)

L R
+511es, PI"(Zij\Séj ) [Lics, Pr(Zij|S£j .

Based on the calculation, we make the following decision
according to a threshold larger than one:

SiL) SéR)
SéL) S§R)
\—/
Co
accept C;  if gigg—;; > threshold,
accept Cy  if %g—f; > threshold,
no decision if otherwise.

We iterate this bridging step to extend haplotype segments.

To evaluate the confidence score of any extended contig,
we regard a “bridging” clone as one single fragment by
including its mate-pair information. We emphasize that the
two mate-pair fragments of a clone are not considered
jointly if they fall in the same contig because the extra phase
information is negligible in this case. Only the two mate-
pair fragments from a “bridging” clone are treated as linked
in (3). Thus, coverage is not an issue anymore.

3 RESULTS AND DISCUSSION

Ciona intestinalis is an important organism to study the
origins of chordates and vertebrates. A draft of its protein-
coding portion has been reported ([5]). Its high polymorph-
ism rate, about 1.2 percent as reported, makes it an ideal
case for reconstructing haplotypes from shotgun sequen-
cing. To evaluate the proposed methodology, we simulated
contigs according to the parameters obtained from Ciona
sequencing.

The simulation was based on the stochastic model
proposed in [8]. Denote the clone length by H. According
to the random model, the number of polymorphic sites in
the clone, denoted by N(H), is a Poisson random variable
with the parameter AH, where 1/\ measures the average
interarrival distance between adjacent polymorphic sites.
Conditional on the total number, the positions of poly-
morphic sites are uniformly distributed along the interval
[0, H]. We generated random fragments (1.8K bp ~ 120K bp)
according to their proportions in the Ciona intestinalis ([5])
and simulated two-end sequencing of the fragments. The
average sequencing read was 650 bp and coverage was
seven. To match the polymorphism rate of Ciona intestinalis,
the expected interarrival time between potential adjacent
loci was set to be 66 bp. The sequencing error rates were
about 4 percent.

We are applying the method to reconstruct the diploid
genome using the whole-genome shotgun sequencing data;
see http://genome.jgi-psf.org/ciona4/ciona4.down
load.ftp.html. Namely, we first align reads to the published
reference sequence and then apply Algorithm 1 to each
scaffold. Fig. 5 shows a part of one scaffold in which nine
fragments were aligned; the two targets are shown at the
top. Four polymorphic sites, including an indel ccc/- - -,
were observed in this region of about 40 nucleotides. This is
quite typical in the Ciona intestinalis genome ([5]).
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scaffold_1611 #1 aaCgagataatagaatTagaagtgt-—-atcttcccca-Ccct-t
#2 aaTgagataatagaatAagaagtgtCCCatcttcccca-Acct-t

aaCgagataatagaatTagaagtgt-——atcttcccca-Ccct-t
aaCgagataatagaatTagaagtgt-—-—atcttcccca-Cecct-t
aaCgagataatagaatTagaagtgt-—-atcttcccca-Ccct-t
aaCgagataatagaatTagaagtgt-—-atcttcccca-Cecct-t
aaTgagataatagaatAagaagtgtCCCatcttcccca-Acct-t
aaCgagataatagaatTagaagtgt-——atcttccccacCcct-t
aaTgagataatagaatAagaagtgtCCCatcttcccca-Acct-t
-aCgagataatagaatTagaagtgt-—-—atcttcccca-Cecct-t

atTagaagtgt---atcttcccca-Cecctgt

Fig. 5. Part of a scaffold from Ciona intestinalis. Nine fragments were
aligned and four polymorphic sites were observed. Nonpolymorphic and
polymorphic sites are represented by small and large letters, respec-
tively. The two targets are shown at the top.

3.1 Reconstruction of Haplotype Segments
We reconstructed haplotype segments by applying Algo-
rithm 1. In Step 2, we scanned each adjacent pair of loci for
significant haplotypes. The threshold was set as follows: The
pairwise confidence score is larger than 0.5 and the odds ratio
of the top two most probable cases is larger than 1.1. We
reported outcomes under two haplotype frequencies, 0.5 and
0.25. The results are shown in Table 1. In the case of r = 0.5,
the true positive rate was 97.05 percent. The percentage of
correctly detected pairs among all is 88.96 percent. We also
include results for the case of » = 0.5 without mate-pair
information. In the case of haplotype frequency r = 0.25, the
performance was still satisfactory considering the coverage
and sequencing error rates.

The performance of the method on genomes of less dense
polymorphisms is tested by another simulation. We
simulate a situation of a polymorphism rate of 0.3 percent,

which can be found in some regions of Homo sapiens. The
results are shown in Table 2.

3.2 Length of Haplotype Segment and Two-End
Sequencing

The gain of two-end sequencing of variable size fragments
and the proposed bridging strategy using mate-pair
information can be measured by the average length of
haplotype segment. In the simulation of the Ciona intestinalis
genome, on average, each haplotype segment contains
70.36 polymorphic sites while it contains only 45.43 poly-
morphic sites without mate-pair information. In the case of
0.3 percent polymorphic rates, on average, each haplotype
segment contains 33.87 polymorphic sites while it contains
only 5.06 polymorphic sites without mate-pair information.
This shows that two-end sequencing strategy offers
significant haplotype information and the bridging strategy
works well.

3.3 Error Patterns

We categorize false positive errors in Table 3. As we can see,
phase errors are rare. Some errors are of partial genotypes.
Namely, one base in a genotype is mistaken and the other
one is correct.

3.4 Confidence Scores for Haplotype Segments

The accuracy assessment of haplotype estimation is
exemplified in Fig. 6. The estimated haplotype segments
can be evaluated by the scores coupled with them. We
checked the consistency of observed probability scores
versus nominal scores calculated by (4) and (3) in Fig. 7.
When the confidence score is larger than 0.5, the empirical

TABLE 1
The Reconstruction Result from a Simulation Based on Ciona intestinalis
haplotype frequency A=1/2 A=1/2 A=1/4
mate-pair information w/0 mate-pair | w/i mate-pair | w/i mate-pair
total # polymorphism 674246 674246 671359
# polymorphism reported (including singleton) 618034 618034 554442
true positive rate (all reported) 97.51% 97.05% 96.08%
percentage of correctly detected sites 89.38% 88.96% 79.35%
average segment length 45.43 70.36 31.10

The polymorphism rate is 1.2 percent. The total size of scaffolds is about 60M bp. To determine the significance of pairwise comparison, we set the
thresholds for pairwise confidence to be 0.5 and the odds ratio of the two most probable cases to be 1.1. The number of polymorphisms in the final
report includes singletons, namely, those single sites that cannot be connected to others. In this case, we report their genotypes. The true positive
rates are for those reported sites, either genotypes or haplotypes. The last two accounts are the percentage of correctly detected pairs among all the
polymorphic sites generated and the average lengths of haplotype segments.

TABLE 2
The Reconstruction Result from a Simulation of a Polymorphism Rate 0.3 percent, cf. Table 1
haplotype frequency A=1/2 A=1/2 A=1/4
mate-pair information w/o0 mate-pair | w/i mate-pair || w/i mate-pair
total # polymorphism 179686 179686 180294
# polymorphism reported (including singleton) 165188 165188 151501
true positive rate (all reported) 98.23% 96.0% 94.49%
percentage of correctly detected sites 90.31% 88.25% 79.40%
average segment length 5.06 33.87 19.39
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TABLE 3
Error Patterns

Error type A=1/2]x=1/4

Truth ’ Reconstructed percentage
heterozygote | heterozygote, one match 1.23 2.77
heterozygote | wrong phase 1.72 1.15
Total 2.95 3.92

The polymorphism rate is 1.2 percent.

results are quite consistent with the expected ones. When
the confidence score is smaller than 0.5, the empirical error
rates are slightly higher than the nominal ones. This is due
to the fact that we reject some phases in the pairwise
comparison step using a threshold of 0.5. We can correct the
bias in the range of low probability by a straightforward
empirical method. We also check the confidence scores of
each haplotype segment versus number of polymorphic
sites. Most of the errors occurred in short segments with
less than four polymorphic sites due to factors such as low
coverage and relatively large distance from other poly-
morphic sites.

3.5 MLE of Haplotype Frequency

A theoretical assessment of the estimation is hard to establish
due to the complicated data structure. To study its statistical
performance, once again we used the simulation explained
earlier except that the scaffold size was 120K bp. The left side
of Fig. 8 shows the histogram of MLE when the true
frequency is one-quarter. It is approximately a normal
distribution. The right side of Fig. 8 shows the histogram of
MLE when the true frequency is one-half. The averages and
standard deviations of the estimates are shown in Table 4.
The larger the scaffold size, the more accurate the MLE.
The estimation of haplotype frequency can be applied to
the detection of duplications in shotgun sequencing. Fig. 9
shows the log-likelihood as a function of the haplotype
frequency, respectively, for the heterozygous and homo-
zygous cases. The scaffold size was 120k bp. As expected,
the likelihoods were maximized, respectively, at around
one-half and zero. In comparison, the change of coverage
has been used as an indication of duplication [3]. In
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Fig. 7. Observed error rates versus nominal scores calculated by (4)
and (3).

practice, we estimate haplotype frequency for each contig
and a significant change in value may indicate that an
abnormality, such as misalignment, has occurred.

3.6 Composition Probabilities

Other than sequencing error rates and haplotype frequency,
the parameters in our model also include the compositional
probabilities. Churchill and Waterman [4] derived an E-M
procedure to estimate the compositional probabilities,
sequencing error rates from the assembly for the one-
chromosome problem. In principle, similar ideas apply to
our case. If we assume independence of composition
between two haplotypes, then we have a more parsimo-
nious representation: p(a,b) = p(a)u(db). With the informa-
tion of S, the estimates of composition probabilities are
simply frequencies. The iterative E-M algorithm is based on
estimation of S. We note that the conditional probabilities
Pr(S|X) are no longer independent among polymorphic
sites and we have to estimate them jointly. Computation-
ally, this is a challenging problem due to the large size of
the space S. The following strategy is easy to implement:

e Reconstruct the most likely haplotype under the
current parameter values.

Template 1:
Template 2:

Segment 7 starts at 144 and ends at 201 - size: 58 - confidence score: 0.9960188778
ATACCTCGTTCCGAATGCGAATACCGCTCAATACTGAACCTGTAAACCAACGCGTAGA
TCCATAATGGTAC-TACACCGGTGTATCTCCGGTACTCGAGAAGTCTGTGAATTGTAG

Fig. 6. Examples of accuracy assessment. The haplotype segments with positions, sizes, and confidence scores are produced by our program.

Segment 8 starts at 202 and ends at 230 - size: 29 - confidence score: 0.9752074893
Template 1: TAATTACCATAGTGACATCAGTTCAATTT
Template 2: ACGCCGTACCCTCCTA-AGCAAAACGACA

Segment 9 starts at 231 and ends at 254 - size: 24 - confidence score: 0.6125626073
Template 1: ATGCCAACATTCTCCCCGCAGCTA
Template 2: —GAAATTGTGGTGTTAATTGAGAT
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Fig. 8. Histograms of MLE estimates. Fragments were generated from scaffolds of size 120K bp. Left: The true haplotype frequency is one-quarter.

Right: The true haplotype frequency is one-half.

e Update the frequency of each of the positive
nucleotide bases.

3.7 Code

We have coded the algorithms presented in the paper in C
on the Linux platform and have tested them on various
simulation examples. We will be happy to send our code to
readers at their request.

APPENDIX

Proof of Theorem 1. Because the derivation is quite lengthy,
we include some explanatory remarks after each step.
Without loss of clarity, we use the same letter in different
subscripts in the same line. The scope of each subscript is
restricted by its domain. These domains are separated by
semicolons or can be identified from the context.
According to the definition of «y, only the fragments in
O(k) are relevant. Therefore, we have

akt1(ar, ag; fi, i € D(k+1))

=Pr(Xij=zy, j=1,...,k i € O(k+1);

Ska1,1 = a1, Spp12 = a3 Fy = fi,i € T(k+ 1))

(next sum over cases of Aj(k+ 1) and Ag(k + 1))

since'(k+1) = As(k+ 1) UA(k+ 1))

=> > (Pr(Xyj=mij, j=1,...,k+1,
biba f;=1,2, i€ Ay (k+1)UAy(k+1)

1€ 0O(k+1);Sp1 = by, Sk = by

Skr11 = a1, Spr12 = ag; Fy = fii € Q(k+ 1))}

TABLE 4
Statistics of the Maximum Likelihood Estimates of
Haplotype Frequency

mean STD
r=0.5 | 0.4867 | 0.0122
r=0.25 | 0.2501 | 0.0134

(next apply the Markov structure)

;b; fi=1,2, i€ (k+1)UAy (k+1)
{Pr(Xipt1 = Tigr1, ¢ € Qk + 1)|Spr11 = a1, Sp12 = ag;
Fy=fi,ie Q(k+1))
Pr(X;j =z, j=1,...,k, 1 € O(k); Sg1 = b1, Sk2 = bo;
Sp11 = a1, Spr12 = ag; Fy = fi,i € Q(k+ 1))}
(notice that T'(k) = Ay(k + 1) | JAu(k +1))

-

bibe  fi=127eh (k+])  fi=1,2, i€ha(kt1)

{Pr(Xijs1 = Zipg1, © € QEk+ 1)[Sky11 = a1, Spr12 = ag;
Fy = fi,i € Q(k+1))

Pr(Xij=wij, j=1,....k i € O(k); Sp1 = b1, Sk.2 = b;
Skl = 01, Spp12 = a2; Fy = fi,i € T(k);

Fi=fiyi€ M(k+1);Fi = fii € Ay(k+1))}

(next factorize some quantities by independence of fragments

and base compositions)

= > )

b1,by fi i€y (k+1) fi, i€As(k+1)
{ [ H Pr(Xipt1 = @it |Shers; = af7):|
Qi)

Pr(Xjj =z, i € O(k),j=1,...,k Sk = b1, Spa = by;
F; = fi,i € T(k))Pr(Sps1,1 = a1, Spp12 = a2)

Pr(F = fi,i € Ay(k+ 1))Pr(F, = fi,i € As(k + 1))}

(notice that Q(k + 1) = Ay (k + 1) | JAa(k + 1) | As(k+1)

U A4(k+ 1) and move common terms out of summation)
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Fig. 9. The log-likelihood curve—logarithm of probability of observations as a function of haplotype frequency. The scaffold size is 120K bp. Left: The
true haplotype frequency is one-half. Right: The true haplotype frequency is one—homozygous case.

= PI‘(S}CJAJ =a, S]ﬁLLQ = ag)PI'(F[ = fi,Z' € Ag(k + 1)) 2 Z Al 1(F;=h)
= Pr(Si11 = a1, Sky12 = a2) H Ay '

h=1

Pr(Xips1 = @i 1| Ski1,r, = ay,) _
i€ As(k+1)UA (k+1)
3 1 T on(@ineilan) + X n(@jeialas)
Z {ak(bla by; fi,i € T(k)) e+

b1,b2 fi, i€As (k+1)

n(zjks1lay)

H Pr(Xi 1 = Tigs1|Ski1,r = ay,) JEAS (k+1)UA, (k+1)
i€y (k+1)

Pr(F, = fii € Ai(k+ 1) i)

{fjl,Q,jeAQ(lH—l) JEAs (k+1)
fir i€A1(k+1)

ak(bi,bas fi, 5 € T(K)) o
H Pr(Xipr1 = Tipt1|Skr1,r, = ay,) } i !

ieA (k+1)

(The last line is H M0z pi1|ar) + Xan(@ipr1lasz) |)
i€M; (k+1)
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