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METHOD AND SYSTEM FOR ACCURATE 
CONSTRUCTION OF LONGRANGE 

HAPLOTYPE 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

0001. This application claims priority to U.S. Provisional 
Application No. 61/492.365 filed Jun. 1, 2011, which is 
hereby incorporated by reference in its entirety for all pur 
poses. 

STATEMENT OF GOVERNMENT SPONSORED 
SUPPORT 

0002 This invention was made with Government support 
under contracts GMO73059 and HG002357 awarded by the 
National Institutes of Health. The Government has certain 
rights in this invention. 

FIELD OF THE INVENTION 

0003. The present invention generally relates to the field of 
computcr diagnostics. More particularly, the present inven 
tion relates to methods for analyzing a genome. 

BACKGROUND OF THE INVENTION 

0004. The term haplotype refers to the combination of 
alleles at multiple loci along a chromosome. In linkage dis 
equilibrium (LD) mapping, haplotype-based tests are thought 
to improve power for detecting untyped variants. In popula 
tion genetics studies of evolutionary histories, haplotype data 
have been used to detect recombination hotspots as well as 
regions that have undergone recent positive selection (Myers, 
S. Bottolo, L., Freeman, C. McVean, G. & Donnelly, P. A 
fine-scale map of recombination rates and hotspots across the 
human genome. Science 310,321-324 (2005); Sabeti, P. C. et 
al. Detecting recent positive selection in the human genome 
from haplotype structure. Nature 419, 832-7 (2002); these 
and all other references cited herein are incorporated by ref 
erence for all purposes). Despite its usefulness, haplotypes 
cannot be directly assayed using existing high-throughput 
genomic or sequencing technologies which instead generate 
genotype data-unordered pairs of alleles. While reconstruct 
ing haplotype from genotypes is straightforward in some 
special settings (e.g. in the presence of relatives, in sperm, or 
for X chromosomes in males), statistical inference of haplo 
type from autosomal genotype data with no known relatives is 
challenging. 
0005. The paper by Kong etal (Kong, A. etal. Detection of 
sharing by descent, long-range phasing and haplotype impu 
tation. Nature Genetics 40, 1068-75 (2008)) showed that 
distantly related individuals can be used accurately to infer 
haplotype phase from genotypes. Individuals sharing long 
haplotypes, “pseudo parents, could be used to phase each 
other just as the two parents in a trio can be used to phase the 
unordered genotypes of their offspring. They showed an 
impressive performance improvement over an existing algo 
rithm, FastPHASE (Scheet, P. & Stephens, M. A fast and 
flexible statistical model for largescale population genotype 
data: Applications to inferring missing genotypes and haplo 
typic phase. American Journal of Human Genetics 78, 629 
644 (2006)), but due to high computational burden could not 
compare against the related PHASE 2.1.1 algorithm 
(Stephens, M., Smith, N. & Donnelly, P. A new statistical 
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method for haplotype reconstruction from population data. 
American Journal of Human Genetics 68, 978-89 (2001)). 
0006 Numerous methods have been developed to infer 
haplotypes. The method of Clark, A. G. Inference of haplo 
types from PCR-amplified samples of diploid populations. 
Mol. Biol. Evol. 7, 111-122 (1990) begins by identifying a 
pool of unambiguous (homozygous) individuals, and phases 
the remaining individuals based on a parsimony heuristic that 
seeks to minimize the total number of distinct haplotypes in 
the sample. For a small number of linked markers, multino 
mial-based model fit by the Expectation-Maximization (EM) 
algorithms can be quite effective (Excoffier, L. & Slatkin, M. 
Maximum-likelihood estimation of molecular haplotype fre 
quencies in a diploid population. Mol Biol Evol 12, 921-927 
(1995); Hawley, M. E. & Kidd, K. K. Haplo: a program using 
the em algorithm to estimate the frequencies of multi-site 
haplotypes. J Hered 86, 409–411 (1995); Long, J. C., Will 
iams, R. C. & Urbanek, M. An E-M algorithm and testing 
strategy for multiple-locus haplotypes. Am J Hum Genet 56, 
799-810 (1995)). The partition-ligation (PL-EM) algorithm 
of (Niu, T., Qin, Z. S., Xu, X. & Liu, J. S. Bayesian haplotype 
inference for multiple linked single nucleotide polymor 
phisms. American Journal of Human Genetics 70, 157-169 
(2002)) was proposed to accelerate computation, and to keep 
the EM algorithm from becoming trapped in poor local 
modes. These methods identify common haplotypes. How 
ever, the multinomial model is inappropriate for rare haplo 
types, which is a serious weakness because for any fixed 
sample size of individuals, a majority of haplotypes become 
rare or unique as the number of marker increases—either by 
increasing marker density or by expanding the genomic 
region. 

SUMMARY OF THE INVENTION 

0007 An important feature of the phasing problem, which 
was ignored by the early methods, is that all haplotypes are 
related through a genealogy; as Such a “rare' haplotype that 
resembles a common haplotype is more plausible than a 
“rare' haplotype that resembles no other observed haplotype. 
The coalescent-based likelihood function underlying the 
PHASE program has followed (Stephens, M. Smith, N. & 
Donnelly, P. A new statistical method for haplotype recon 
struction from population data. American Journal of Human 
Genetics 68, 978-89 (2001)). Subsequently, PHASE 2.1.1 
incorporates intermarker distance to account for the linkage 
disequilibrium (LD) between linked markers (Stephens, M. 
& Scheet, P. Accounting for decay of linkage disequilibrium 
in haplotype inference and missing-data imputation. Ameri 
can Journal of Human Genetics 76, 449-462 (2005)). 
0008. In the embodiments described below, discussions 
pertaining to PHASE refer to the latest version, PHASE 2.1.1, 
unless otherwise specified. In comparisons using simulated 
and real data, it was found that PHASE consistently outper 
forms other existing methods. When implemented via 
Markov Chain Monte Carlo algorithms (MCMC), PHASE is 
computationally intensive where it can be difficult to perform 
analysis of large-scale datasets, such as those generated in 
genome-wide association studies (GWAS). It should, none 
theless, be understood that other programs beyond PHASE 
can be implemented consistent with the teachings of the 
present invention as would be understood by those of ordinary 
skill in the art. An embodiment of the present invention is 
described herein as PHASE-EM. PHASE-EM will be used to 
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describe features of the present invention, however, the 
present invention is not limited to the PHASE-EM embodi 
ment. 

0009. In an embodiment of the present invention, a modi 
fied version of the PHASE model is implemented that is 
substantially more accurate than the FastPHASE model. 
Modifications in an embodiment of the present invention 
include using a parameterization EM algorithm similar to that 
of the FastPHASE model, and to perform optimization on 
haplotypes rather than MCMC sampling. In an embodiment, 
the imputed haplotypes themselves are used as hidden States 
in the HMM because this is believed to be important for the 
PHASE models accuracy. This increase in accuracy 
becomes more pronounced with increasing sample size. This 
difference is attributed to the PHASE models likelihood 
which produces long, shared haplotypes between pairs of 
individuals. 
0010. These and other embodiments and advantages can 
be more fully appreciated upon an understanding of the 
detailed description of the invention as disclosed below in 
conjunction with the attached Figures. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0011. The following drawings will be used to more fully 
describe embodiments of the present invention. 
0012 FIGS. 1A and 1B are graphs of phasing error rate as 
a function of marker index-distance according to an embodi 
ment of the present invention. 
0013 FIGS. 2A and 2B are graphs of phasing error as a 
function of sample size and inter-marker distance according 
to an embodiment of the present invention. 
0014 FIGS. 3A and 3B are graphs of error rate in the panel 
of 200 Mexican haplotypes using PHASE-EM according to 
an embodiment of the present invention. 
0015 FIG. 4 is a representation of a Hidden Markov 
Model common to PHASE and FastPHASE according to an 
embodiment of the present invention. 
0016 FIG. 5 (Table 1) is a table of switch error rates 
corresponding to the three trio-panels used in FIG. 1 accord 
ing to an embodiment of the present invention. 
0017 FIG. 6 (Table 2) is a table of error rates for the 
Mexican panel as a function of sample size according to an 
embodiment of the present invention. 
0018 FIG. 7 is a block diagram of a computer system on 
which the present invention can be implemented. 

DETAILED DESCRIPTION OF THE INVENTION 

0019. Among other things, the present invention relates to 
methods, techniques, and algorithms that are intended to be 
implemented in a digital computer system 100 such as gen 
erally shown in FIG. 7. Such a digital computer is well-known 
in the art and may include the following. 
0020 Computer system 100 may include at least one cen 

tral processing unit 102 but may include many processors or 
processing cores. Computer system 100 may further include 
memory 104 in different forms such as RAM, ROM, hard 
disk, optical drives, and removable drives that may further 
include drive controllers and other hardware. Auxiliary stor 
age 112 may also be include that can be similar to memory 
104 but may be more remotely incorporated such as in a 
distributed computer system with distributed memory capa 
bilities. 

Nov. 7, 2013 

0021 Computer system 100 may further include at least 
one output device 108 such as a display unit, video hardware, 
or other peripherals (e.g., printer). At least one input device 
106 may also be included in computer system 100 that may 
include a pointing device (e.g., mouse), a text input device 
(e.g., keyboard), or touch screen. 
0022 Communications interfaces 114 also forman impor 
tant aspect of computer system 100 especially where com 
puter system 100 is deployed as a distributed computer sys 
tem. Computer interfaces 114 may include LAN network 
adapters, WAN network adapters, wireless interfaces, Blue 
tooth interfaces, modems and other networking interfaces as 
currently available and as may be developed in the future. 
0023 Computer system 100 may further include other 
components 116 that may be generally available components 
as well as specially developed components for implementa 
tion of the present invention. Importantly, computer system 
100 incorporates various data buses 116 that are intended to 
allow for communication of the various components of com 
puter system 100. Data buses 116 include, for example, input/ 
output buses and bus controllers. 
0024 Indeed, the present invention is not limited to com 
puter system 100 as known at the time of the invention. 
Instead, the present invention is intended to be deployed in 
future computer systems with more advanced technology that 
can make use of all aspects of the present invention. It is 
expected that computer technology will continue to advance 
but one of ordinary skill in the art will be able to take the 
present disclosure and implement the described teachings on 
the more advanced computers or other digital devices such as 
mobile telephones or “smart” televisions as they become 
available. Moreover, the present invention may be imple 
mented on one or more distributed computers. Still further, 
the present invention may be implemented in various types of 
Software languages including C, C++, and others. Also, one of 
ordinary skill in the art is familiar with compiling software 
source code into executable software that may be stored in 
various forms and in various media (e.g., magnetic, optical, 
solid state, etc.). One of ordinary skill in the art is familiar 
with the use of computers and Software languages and, with 
ani understanding of the present disclosure, will be able to 
implement the present teachings for use on a wide variety of 
computers. 
0025. The present disclosure provides a detailed explana 
tion of the present invention with detailed explanations that 
allow one of ordinary skill in the art to implement the present 
invention into a computerized method. Certain of these and 
other details are not included in the present disclosure so as 
not to detract from the teachings presented herein but it is 
understood that one of ordinary skill in the art would be 
familiar with such details. 

0026. Using data in a cohort of 35.528 Icelandic individu 
als genotyped by deCode, (Kong, A. et al. Detection of shar 
ing by descent, long-range phasing and haplotype imputation. 
Nature Genetics 40, 1068-75 (2008)) demonstrated that the 
accuracy of haplotypes inferred by FastPHASE is limited to a 
short range: the error rate rise to 30% for phasing a region of 
6.4 Mb. This error rate is comparable to the individual error 
rate reported in Scheet et al. (Scheet, P. & Stephens, M. A fast 
and flexible statistical model for largescale population geno 
type data: Applications to inferring missing genotypes and 
haplotypic phase. American Journal of Human Genetics 78, 
629-644 (2006)). 
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0027. Kong et al. proposed long-range phasing method 
(LRP), which is based on the rationale that, in a large sample, 
Some individuals may be closely related, such as second 
cousins. The LRP implements a heuristic algorithm that iden 
tifies “surrogatc' parents, who share at least one allele iden 
tical-by-state (IBS) with the proband over an extremely long 
region (e.g. 1,000 consecutive SNPs). The phasing of the 
proband is inferred by constructing the two obligatory hap 
lotypes that must be shared by his/her surrogate parents. The 
LRP method was successful for the deCode sample consid 
ered in Kong et al.: for the 10 Mb MHC region on chromo 
some 6, 87% of the individuals can be fully phased, and 7% of 
the remaining individuals can be phased for 90% of the het 
erozygous sites; overall, 93.7% of the heterozygous sites can 
be phased unambiguously. But in many human populations, 
randomly sampled individuals are on average much less 
closely related than they are in the Icelandic population. As a 
result, the LRP method will not apply because many individu 
als will find no 'surrogate’ parents in the sample, unless a 
Substantial fraction of the population is sampled. 
0028 Higasi et al. genotyped 100 haploid Japanese 
genomes from complete hydatidiform moles (CHM), which 
arise when an empty egg with no nucleus is fertilized by a 
normal sperm (Higasa, K. etal. Evaluation of haplotype infer 
ence using definitive haplotype data obtained from complete 
hydatidiform moles, and its significance for the analyses of 
positively selected regions. PLoS Genet 5, e1000468 (2009)). 
By pairing these haplotypes into pseudo individuals and 
using FastPHASE and Beagle to recover phasing informa 
tion, the study provided and estimate of the error rate for the 
HapMap Japanese population. When applying the Extended 
Haplotype Homozygosity (EHFI) test to either haplotypes 
inferred by FastPHASE or the true CHM haplotypes, the 
authors found evidence of positive selection using the true, 
but not the inferred, haplotypes. This result highlights the 
need to improve accuracy in existing statistical methods for 
haplotype inference. 
0029. The PHASE model consist of a score S(h,..., h; 
p, 0) on N imputed haplotypesh. . . . , h, which are binary 
sequences of alleles and each is of the length 1, and p and 0 are 
parameters of a Hidden Markov Model (HMM) (Rabiner, L. 
R. A tutorial on hidden markov models and selected applica 
tions in speech recognition. In Proceedings of the IEEE, 
257-286 (1989)). This score decomposes as 

where 
10030 S(h,{h}p,0) 

is large if h, appears to be a mosaic of the other haplotypes 
(h). The score when the imputed haplotypes share longer 
subsequences and will be particularly large if h, and h (for 
some index k) are identical at every SNP. Given a large panel, 
the procedure of Kong et al. provides an excellent means of 
optimizing it in an embodiment of the present invention 
(Kong, A. et al. Detection of sharing by descent, long-range 
phasing and haplotype imputation. Nature Genetics 40, 1068 
75 (2008)). Since panel sizes are generally much smaller, 
pseudo parents are not explicitly demarcated but recognize 
that this relationship is indeed present through the latent 
variables in the model. 

0031 Method 
0032 Model and Notations. 
0033 Shown in FIG. 8 is a block diagram 800 describing 
features of a specialized model according to an embodiment 
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of the present invention. As described below model 802 
shown in FIG. 8 is substantially more accurate than the Fast 
PHASE model. Modifications and improvements of an an 
embodiment of the present invention are further shown in 
FIG.8. For example, a model according to an embodiment of 
the present invention includes a parameterization EM algo 
rithm 804. Also, an embodiment of the present invention 
perform an optimization on haplotypes 806 rather than 
MCMC sampling (such as in the “wphase' approach 
described in Marchini et al. (Marchini, J., Howie, B., Myers, 
S., McVean, G. & Donnelly, P. A new multipoint method for 
genome-wide association studies by imputation of geno 
types. Nature Genetics 39,906-13 (2007))). In the model 
according to an embodiment of the present invention, 
imputed haplotypes are used as hidden states (808) in the 
specialized HMM (812) to improve accuracy. This increase in 
accuracy becomes more pronounced with increasing sample 
size. This difference is attributed to the PHASE models 
likelihood which produces long, shared haplotypes between 
pairs of individuals. 
0034. In an embodiment of the present invention, every 
haplotype in the sample is modeled as an imperfect mosaic of 
haplotypes from a haplotype pool (810). This idea can be 
illustrated using the following example. The HapMap phase 
III project genotyped 50 parent-offspring trios from the 
Yoruba population in Nigeria (YRI); the trio relationship 
allows the accurate phasing of the 200 parental haplotypes. 
This panel was used to phase a new sample, unrelated to any 
of the HapMap trios. An embodiment of the present invention 
seeks the most plausible configuration where the new haplo 
types are derived from recombination and mutation events on 
the known HapMap haplotypes. To phase multiple individu 
als in the absence of an appropriately known haplotype pool, 
a method according to an embodiment of the present inven 
tion aims to jointly model all unobserved haplotypes based on 
the observed LD patterns. Specifically, an embodiment of the 
present invention achieves this by iteratively optimizing the 
phasing configuration for one individual, treating all the other 
individuals in the sample as phased. 
0035. In developing the model, let G denote the N by L 
matrix of genotypes for N diploid individuals genotyped at L 
SNP-markers; Ge{0, 1, 2, 2} corresponds to genotypes AA, 
AB, BB, and missing, respectively. The 2N by L. matrix A is 
composed of imputed, phased haplotypes, and the rows A2 
and A2, represent those from the jth individual. The matrix A 
is imputed data, but it also acts as model parameters. A is 
used to denote the matrix A with the jth individual’s imputed 
haplotypes “removed (for simplicity of notation, the row 
indexing is left unchanged), and this Submatrix acts as model 
parameters for the jth individuals haplotypes. A Hidden 
Markov Model (HMM) is developed having a hidden state 
sequence H, an emitted sequence B, and jump variables J. The 
emitted sequence B is produced by taking the element of the 
current imputation Art and changing its value with a small 
probability 0. The conditional probabilities of the HMM (for 
the jth individuals haplotypes) are 
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0036 Model parameters are placed after the semicolon to 
distinguish them from random variables. The first equation 
says that the jump variables J are drawn as independent 
Bernoulli random variables. The next equations state that if 
the jump variable J is Zero, H-H and the hidden state does 
not change. On the other hand if J-1, the next hidden state 
He is drawn from a uniform distribution. As a result, the 
hidden state H may jump' but end up at Hanyway. FIG. 
4 shows this HMM model 400 as a Bayesian network but does 
not explicitly show that H 402 and H 404 are independent 
conditional on J. (406)=1}. 
0037. At each site, a hidden state emits one allele with high 
probability while emitting the otherallele at the mutation rate, 
0. The probability of a jump in hidden states between two 
consecutive markers is proportional to the local recombina 
tion rate, p. Using the physical distance between markers and 
a coalescent-based population genetics model, PHASE puts a 
prior on p, and jointly infers all aspects of the HMM by 
MCMC. In PHASE-EM as an embodiment of the present 
invention, the coalescent-based Bayesian prior is eliminated; 
as a consequence, the model parameters, p and 0, can be 
estimated by closed-form EM updates. 
0038. To make the equations above defined for k=1, p=1 
and Ho-1, so that the dummy jump variable Jo always equals 
1. A complete and marginal likelihoods are now obtained 
where the dependence on the current phasing A is stressed: 

W 

q (H. J-1, Hk-1)g (B. H. : 6., A)q(J-1: p.) 
k=1 

Following PHASE we will optimize the score 

(5) y 

0039. As implemented, the model above uses a simpler 
emission distribution, removes the divergence time variable 
T, and lacks Bayesian priors. In the model above as an 
embodiment of the present invention, the hidden states of the 
HMM are the imputed haploypes themselves. This is a pri 
mary difference between FastPHASE and the model above. 
0040 PHASE also has a random ordering V on the samples 
so that the parameters can be scored by a PAC-likelihood 
(PAC stands for Product of Approximate Conditionals). By 
simplifying the PHASE model, the primary reason that 
PHASE would be more accurate than FastPHASE can be will 
optimize identified. The PHASE model can capture longer 
range sharing without the need for complex hierarchical mod 
els. 
0041. To learn p and 0, the EM algorithm is used as in 
FastPHASE in an embodiment of the present invention. The 
score is no longer the likelihood of a single model, but by 
applying Jensen’s inequality, it can be verified that the param 
eter updates defined below still increase the score S and 
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optimize a minorizing Q-function as in the usual EM algo 
rithm. The parameter updates are given as: 

2N (2N-2) 

Recall from equation (2) that 

for s=0, 1. 
0042. The Forward-Backward algorithm is used to com 
pute the conditional probabilities above. On the order often 
parameter updates using a phasing. A found by FastPHASE 
can be used. After the parameters are at reasonable values, 
parameter updates are interleaved with haplotype optimiza 
tion described now. The parameters are held fixed, and a 
current phasing A is obtained. New haplotypes C', C are then 
accepted for the jth individual based on the change in score 

(6) 
AC, C, A2;-1,..., A2;):=X logg (B = C, p. 9, A-) 

s=0 

(7) 
-X loga;(B = A2; , ; p, 0, Al) 

0043. If A(C, C, A2. . . . . , A2...) exceeds a nominal 
threshold (e.g., set to 0.3 in the present implementation that is 
an embodiment of the present invention), A.<-C' and 
A-C are updated. Just as in PHASE, this update is made 
before optimizing haplotypes for any other individuals. 
0044) There are two basic optimizations on haplotypes 
that are performed. The first is a single site move in which 
(A.A.)=(a,b) are set to be the highest scoring pair (a,b) 
that is compatible with the observed genotype G. The second 
move is a crossoverin which new haplotypes C" =A 1 
are created. The proposed haplotype C" is the same as A2. up 
to index t-1 and for larger indices it has the same sequence as 
A-. Likewise the second haplotype C in the proposed 
pair is identical A. at indices up to t-1 and to A. for 
larger indices. These moves are considered at every site tand 
are only made if they result in a non-negligible increase in the 
score S() over the current configuration. 
0045 Data Analysis. 
0046 Two trio datasets are used to assess the performance 
of an embodiment of the present invention to be described 
here. The parent-child family structure allows for inferring 
the two haplotypes in the children unambiguously at most 
markers, except triple heterozygous sites (e.g., both parents 
and the child are heterozygous) and sites where one or more 
individuals have missing genotypes. Knowing the haplotypes 
in the children, all haplotypes are inferred in the parents. 
These haplotypes, excluding ambiguous sites, are treated as 
the standard. 
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0047. In an embodiment of the present invention, phasing 
methods are applied to the parents, without using the chil 
dren's genotype. Results from these analyses are comparable 
to analyzing unrelated individuals. These parents genotype 
data are analyzed using FastPHASE and Beagle separately. 
FastPHASE was run with 20 hidden states, 10 restarts, and 35 
EMiterations per restart. Twenty hidden states, instead of the 
default setting of 10, were chosen because this gave a lower 
error rate. For Beagle, the default setting was used and the 
program was allowed to run for 10 iterations and took n=1 
sample. Using the output of either FastPHASE or Beagle as 
starting points, the method is applied by fitting the model 
parameters for 10 iterations without changing the inferred 
haplotypes, followed by three more iterations of both updat 
ing the parameters and optimizing the haplotypes. 
0048. The first dataset consists of 45 CEU trios and 50YRI 

trios, genotyped on the Illumina Human Hap650Y arrays as 
part of the International HapMap Project, Phase III (Consor 
tium, T.I. H. A second generation human haplotype map of 
over 3.1 million snips. Nature 449, 851-61 (2007)). Specifi 
cally, focus is placed on the region of chromosome 9q, which 
included 13,976 SNPs. As a standard, the data that was used 
was the phased haplotype data generated by the HapMap 
consortium excluding ambiguous markers. In all analyses, 
the CEU and YRI trios were analyzed separately. 
0049. The second dataset includes 492 Mexican trios that 
were genotyped as part of an ongoing GWAS of asthma. The 
recruitment protocol was reviewed and approved by the Insti 
tute Review Boards of the Mexican National Institute of 
Public Health, the Hospital Infantil de Mexico, Federico 
Gomez, and the U.S. National Institute of Environmental 
Health Sciences. Parents provided the written informed con 
sent for the child’s participation. Children also gave their 
informed assent. The characteristics of this cohort are 
described previously (Hancock, D. B. et al. Genome-wide 
association study implicates chromosome 9q21.31 as a sus 
ceptibility locus for asthma in mexican children. PLoS Genet. 
5, e1000623 (2009)). This dataset is useful for two reasons. 
First, it allows for assessing the performance of various phas 
ing methods in an genetically admixed population, a subject 
that has not been systematically studied. Second, as described 
below, the accuracy of haplotype inference depends on the 
sample size; therefore, as one of the largest trio-sample that 
has been genotyped to date (984 parents), analyzing this data 
provides a more realistic measure of the phasing accuracy 
expected in a GWAS study. 
0050 
0051. It should be pointed out that most previous studies 
comparing haplotype inference methods have focused on the 
rate of switching error, which is the error probability between 
consecutive pairs of heterozygous sites. The Switching error 
rate measures the short-range phasing accuracy and is useful 
in some applications such as estimation of local recombina 
tion rate. But other analyses, such as the extended haplotype 
homozygosity (EHH) test used for detecting recent positive 
selection, depend on accurate phasing over a longer range 
(see Sabeti, P. C. et al. Detecting recent positive selection in 
the human genome from haplotype structure. Nature 419. 
832-7 (2002)). In these settings, the error rate between a 
random pair of SNPs, referred to as the individual error rate, 
is the relevant quantity. Furthermore, because a higher error 
rate is expected between markers that are far apart, it is useful 
to characterize the error rate as a function of distance. 
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0052. In an embodiment, SNPs were indexed according to 
their physical positions, 1, 2, ..., N, and define the distance 
between a pair of SNPs, i and j, by the difference in their 
indices, li-il. This metric was chosen because none of the 
methods otherwise considered here, FastPHASE, Beagle, 
and PHASE-EM, take into account physical or recombination 
distance. The error rate at distance, d, is then computed over 
all pairs of markers that ared SNPs apart. 
0053 Results 
0054. Two software packages are used to analyze large 
scale high-density SNP data: FastPHASE (see Scheet, P. & 
Stephens, M. A fast and flexible statistical model for larges 
cale population genotype data: Applications to inferring 
missing genotypes and haplotypic phase. American Journal 
of Human Genetics 78, 629-644 (2006)), and Beagle (see 
Browning, B. L. & Browning, S. R. A unified approach to 
genotype imputation and haplotype phase inference for large 
data sets of trios and unrelated individuals. American Journal 
of Human Genetics 84, 210-23 (2009)). Both programs 
employ Hidden Markov Models (HMM’s), which can be 
computed efficiently via the EM algorithm and without 
lengthy MCMC runs. 
0055 FastPHASE implements a Markov Jump Model, in 
which the hidden states represent clusters of “similar hap 
lotypes. The number of hidden states is fixed and constant, 
and is usually set to a small number (e.g., 10-20) in practice. 
Similarly, Beagle represents local haplotype clusters by a 
directed acyclic graph (DAG). This graph is learned through 
agreedy algorithm and allows the number of hidden states to 
vary from region to region. Although the Beagle HMM typi 
cally has many more hidden states than that in FastPHASE, 
the computation in Beagle is not hampered because most 
hidden-state transition and emission probabilities are exactly 
ZO. 

0056 To assess the accuracy of PHASE-EM, haplotypes 
were inferred for the HapMap CEU andYRI parents as unre 
lated individuals, first using FastPHASE and subsequently 
updating the FastPHASE results with PHASE-EM. FIG. 1A 
compares the error rates generated by FastPHASE and 
PHASE-EM using trio-based phasing as the standard. As 
expected, the error rate increases with inter-marker distance, 
with the limit approaching the random guess error rate of 
50%. On the CEU trio data, the error rate incurred by Fast 
PHASE rises from 0.0165 to 0.0646 to 0.391 at Smp's with 
index distance of 1,5, and 50 respectively. Applying PHASE 
EM to the output of FastPHASE, phasing accuracy improves 
regardless of marker distance; the reduction in error rate 
ranges between 10%-20% (see FIG. 1B), and is comparable 
with the difference between PHASE and FastPHASE found 
in (Lai, T. L., Xing, H. & Zhang, N. Stochastic segmentation 
models for array based comparative genomic hybridization 
data analysis. Biostatistics 9, 290-307 (2008)). 
0057 Analysis of the HapMap YRI dataset yields qualita 
tively similar results. But PHASE-EM achieves a greater 
error reduction on this set: between 20%-35% depending on 
the index distance. Even for adjacent SNP pairs, the PHASE 
EM error rate is 26% lower than the FastPHASE error 
(0.031%). The greater improvement is due mainly to the 
higher error rate FastPHASE produces on the YRI data, which 
suggests that FastPHASE model with 20 states may be insuf 
ficient to model the level of haplotype diversity in an African 
population. In contrast, PHASE-EM achieves similar accu 
racy on the two datasets despite a poorer YRI starting con 
figuration. 
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0058. The difference between PHASE-EM and Fast 
PHASE becomes more pronounced as the sample size is 
increased. In the subsample of 100 Mexican parents, a 
decrease in error rate is seen by about 10-20%. When 
PHASE-EM is run on larger data sets (400, 800, 1200 and 
1968 chromosomes), this gap in performance widens consid 
erably. Using the entire dataset, PHASE-EM nearly halved 
the error rate compared to FastPHASE. Increasing the sample 
size from 100 to 984, the switch error rate of FastPHASE 
dropped from 0.0477% to 0.04.13% whereas PHASE-EM 
(initialized from these phasings) decreased from 0.04.13% to 
0.0236%. Beagle had an error rate of 0.0363% which also 
represents a significant gain inaccuracy. However, despite the 
difference in switch error, almost no difference was found in 
the final PHASE-EM error-rate when initializing from 
Beagle rather than FastPHASE. This indicates that model 
refinements (such as the addition of the divergence time vari 
able of PHASE) may be more important than better optimi 
zation moves. Table 2, shown in FIG. 6, shows the effect of 
sample size on the Switch error rates. 
0059. In addition to inferring the most likely haplotype 
configurations, PHASE-EM produces two confidence mea 
Sures as a bi-product of its optimization. Let 
A. 

be a measure of uncertainty for the contiguous set of SNPs 
indexed k, k+1,..., k'in the jth imputed haplotype. This is the 
log likelihood of the imputed phasing minus the maximum 
log likelihood of a phasing after a single crossover is per 
formed somewhere between SNPs k and k. To illustrate, 
shown in FIG. 3A is the switch error rate stratified by this 
confidence measure in the left panel. The error rate of Fast 
PHASE is shown for comparison. Shown are the pairs of 
SNPs with index distance given on the x axis and whose 
confidence measure falls in the intervals (-1, oo). (-5,-1 and 
(-o,-5, respectively. A very negative number means that all 
crossovers resulted in significantly lower likelihood and so a 
switch error is less likely, and this is reflected in the error 
rates. 

0060. In FIG. 3, the dotted line indicates that fewer SNP 
pairs fall in the high-confidence crossover stratum as the 
inter-marker distance increases; in the Mexican data, half of 
the SNP-pairs can be phased with high crossover confidence 
at a distance of 37 SNPs apart. The crossover measure allows 
for identifying a large set of long haplotypcs that are still 
accurately phased. The usual switch error is also provided for 
these three panels in Table 1 shown in FIG. 5. 
0061 
0062. The ability to accurately construct haplotypes from 
unphased genotype data plays pivotal roles in population and 
medical genetics studies. Previous studies have largely 
focused on accuracy over short range, such as the error rate 
between consecutive heterozygous sites (Switching error), 
although some downstream analyses relies on accurate phas 
ing over a long range (see Sabeti, P. C. et al. Detecting recent 
positive selection in the human genome from haplotype struc 
ture. Nature 419, 832-7 (2002)). In the present disclosure, a 
new method is disclosed, implemented in program PHASE 
EM, with a goal to improve the long range phasing accuracy 
over FastPHASE and Beagle. The error rate is characterized 
as a function of marker spacing and observed that the error 
rate of FastPHASE, Beagle and PHASE-EM increase rapidly 
as a function of marker spacing. It is likely that a similar 
pattern holds for most other existing phasing algorithms with 
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the exception of the heuristic-drive LRP method proposed in 
Kong et al. This latter method, however, relies on substantial 
pairs of individuals in the sample sharing haplotypes on the 
order of 1000. For this to hold, either the underlying popula 
tion is extremely inbred or the sample size needs to be very 
large. The allele sharing is examined in 10 windows of 1000 
SNPs in the HapMap CEU andYRI parents as well as the 984 
Mexican parents and found no individual-pair sharing a hap 
lotype at this length. Therefore, it is unlikely that LRP can be 
directly applied to data collected on non-founderpopulations. 
0063 Given that the error rate increases with an increase 
in distance between SNPs, it is can be important to account 
for the uncertainties in the downstream analysis. Two mea 
Sures are disclosed: cross-over confidence and single-site 
confidence. The cross-over confidence was found to be highly 
informative while single-site confidence offers additional 
information. An analysis, such as the EHH, can be improved 
by accounting for the uncertainties. 
0064. The presently disclosed method relates to several 
other approaches. Like FastPHASE, Beagle, PHASE and 
many other methods, PHASE-EM, as an embodiment of the 
present invention, adopts an HMM model. A key feature in 
PHASE-EM is the hidden states of the HMM is every putative 
haplotype in the sample. There is a connection between this 
idea and the heuristic notion of “surrogate’ parents that 
underlies LRP: the hidden state can be thought as the best 
“surrogate’ parent; the optimization in PHASE-EM, which 
favors staying in a hidden State for long segments, coincides 
with features in LRP where long range allele sharing is a 
hallmark for “surrogate’ parents. In other words, the HMM in 
PHASE-EM aims to choose the most-likely “surrogate' par 
ents in the sample. 
0065. The success of the parameterization presented here 
indicates that the use of other haplotypes as hidden states for 
the HMM likelihood is an important difference between Fast 
PHASE and PHASE. The PHASE model can simultaneously 
capture shared haplotypes at both local and large scales, and 
yet the model is not hierarchical. Some aspects of PHASE 
have been omitted which may improve performance (the 
divergence-time variable, for example), but it is useful to 
illustrate that the single retained aspect of PHASE produces 
more accurate phasings than FastPHASE. 
0066. It should be appreciated by those skilled in the art 
that the specific embodiments disclosed above may be readily 
utilized as a basis for modifying or designing other algo 
rithms or systems. It should also be appreciated by those 
skilled in the art that such modifications do not depart from 
the scope of the invention as set forth in the appended claims. 
What is claimed is: 
1. A computerized method for interpreting genetic data, 

comprising: 
receiving genetic data for at least two individuals; 
analyzing the received genetic data; 
implementing a model, wherein the model implements a 

simplified emission distribution, has no divergence time 
variable, and does not implement Bayesian priors; 

determining a local recombination rate based on the model; 
determining a mutation rate based on the model; 
determining a long range haplotype based on the local 

recombination rate and the mutation rate. 
2. The method of claim 1, wherein the received genetic data 

is analyzed with a PHASE algorithm. 
3. The method of claim 1, wherein the received genetic data 

is analyzed with a FastPHASE algorithm. 
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4. The method of claim 1, wherein the received genetic data 
is analyzed with a Beagle algorithm. 

5. The method of claim 1, further comprising computing an 
error rate as a function of genetic distance. 

6. The method of claim 5, wherein the genetic distance is a 
function of physical position. 

7. The method of claim 1, wherein the model models every 
haplotype is modeled as an imperfect mosaic of haplotypes 
from a haplotype pool. 

8. The method of claim 1, wherein the model is a Hidden 
Markov Model. 

9. The method of claim 1, wherein the local recombination 
rate and the mutation rate are determined using an EM algo 
rithm. 

10. The method of claim 1, wherein determining the long 
range haplotype comprises performing a haplotype optimiza 
tion. 

11. A computer-readable medium including instructions 
that, when executed by a processing unit, cause the process 
ing unit to interpret genetic data, by performing the steps of 

receiving genetic data for at least two individuals; 
analyzing the received genetic data; 
implementing a model, wherein the model implements a 

simplified emission distribution, has no divergence time 
variable, and does not implement Bayesian priors; 

determining a local recombination rate based on the model; 
determining a mutation rate based on the model; 
determining a long range haplotype based on the local 

recombination rate and the mutation rate. 
12. The computer-readable medium of claim 11, wherein 

the received genetic data is analyzed with a PHASE algo 
rithm. 

13. The computer-readable medium of claim 11, wherein 
the received genetic data is analyzed with a FastPHASE algo 
rithm. 
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14. The computer-readable medium of claim 11, wherein 
the received genetic data is analyzed with a Beagle algorithm. 

15. The computer-readable medium of claim 11, further 
comprising computing an error rate as a function of genetic 
distance. 

16. The computer-readable medium of claim 15, wherein 
the genetic distance is a function of physical position. 

17. The computer-readable medium of claim 11, wherein 
the model models every haplotype is modeled as an imperfect 
mosaic of haplotypes from a haplotype pool. 

18. The computer-readable medium of claim 11, wherein 
the model is a Hidden Markov Model. 

19. The computer-readable medium of claim 11, wherein 
the local recombination rate and the mutation rate are deter 
mined using an EM algorithm. 

20. The computer-readable medium of claim 11, wherein 
determining the long range haplotype comprises performing 
a haplotype optimization. 

21. A computing device comprising: 
a data bus; 
a memory unit coupled to the data bus; 
a processing unit coupled to the data bus and configured to 

receive genetic data for at least two individuals; 
analyze the received genetic data; 
implement a model, wherein the model implements a 

simplified emission distribution, has no divergence 
time variable, and does not implement Bayesian pri 
ors; 

determine a local recombination rate based on the 
model; 

determine a mutation rate based on the model; 
determine a long range haplotype based on the local 

recombination rate and the mutation rate. 
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