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ABSTRACT

Motivation: With the recent availability of large scale data sets pro-
filing single nucleotide polymorphisms (SNPs) and quantitative traits
data across different human sub-populations, there has been much
attention directed towards discovering patterns of genetic variation
and their connection to gene regulation and the onset/progression
of disease. While previous work has focused primarily on correla-
ting individual SNP markers with gene expression and disease, it
has been suggested that using haplotype blocks instead of individual
markers can significantly increase statistical power.

Results: We present BlockMapper, a probabilistic generative model
for genotype data and quantitative traits data, such as gene expres-
sion or phenotype measurements. BlockMapper discovers the block
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structure of genotype data and associates these inferred blocks to
patterns of variation in quantitative traits data, whilst accounting for
non-genetic factors. Our model achieves high accuracy for predic-
ting Crohn’s disease phenotype in Chromosome 5q31 and reveals
novel cis-associations between two haplotype blocks in the ENm006
genomic region and GDI1, a gene implicated in X-linked mental retar-
dation. Our results underscore the importance of accounting for the
influence of large sets of SNPs on patterns of regulatory/phenotypic
variation and represent a step towards an understanding of human
genetic variation.
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Human quantitative traits data (e.g.: gene
expression, phenotypic measurements)

Fig. 1. The joint BlockMapper model for haplotype and quantitative traits
data. We first partition genotype data into a set of haplotype blocks and
then assign labels to each haplotype block to summarize genetic variation
within the block. These labels, along with non-genetic factors such as gender
and sub-population, are then related to a set of quantitative traits measure-
ments, such as patterns of gene expression or phenotypic measurements. The
result is a set of associations between haplotype and quantitative traits which
1 INTRODUCTION allows the prediction of new measurements given genotype data.

An important question in molecular biology and medicine is how

patterns of genetic variation influence gene regulation and pheno-

type in humans. Previous studies for understanding the influence of The problem with this approach is that it may miss weaker asso-
genetic variation on gene regulation and phenotypic traits involvedtiations due to lack of sufficiently large phenotypic differences
searching for genetic variants in unrelated individuals and mapbetween individuals in the study (Ardliet a—, 2002). As a way
ping these to patterns of gene expression (Straegel., 2007) to overcome this, the second approach genotypes a dense set of
or phenotypic traits (Cheungt a—, 2005; Morleyet a—, 2004; = SNPs across multiple individuals, and then make use of the allele
Wanget al,, 2005). These studies are based on one of two approdrequencies in these individuals to correlate for disease (Waab
ches. One approach makes use of linkage analysis to find candida2@05). In this genome-wide association approach, high-throughput
genomic regions which vary between pedigrees, and then perforiechnologies for profiling quantitative traits (such as microarrays)
linkage disequilibrium (LD) mapping to search for genetic mar- allow for the detection of more subtle interactions, but at the cost of
kers in these putative disease-correlated regions found by linkageaving to simultaneously test an extremely large number of statis-
analysis (Cheungt a—, 2005; Morleyet a—, 2004). tical hypotheses and maintain both high sensitivity and specificity
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(Strangeret al., 2007). Instead of testing against individual SNPs,2 A MODEL FOR HAPLOTYPE BLOCK

neighboring SNP markers can be grouped together into haplotype DISCOVERY IN GENOTYPE DATA

blocks (Botstein and Risch, 2003) which can then be correlated witlﬁ—he first component of the BlockMapper model allows us to disco-
disease. Using haplotype blocks in this way can drastically reducger sets of haplotype blocks consisting of regions of low recombi-
the number of hypotheses to be tested, whilst providing reSiStanCr‘?ation. The goal here is not to develop a completely novel model

to _genotyping errors. This qpp_roach is_faciIiFa_\te_d by t_he fact thatfor genotype data, but rather to extend the existing model of (Jojic
neighboring SNPs are often in linkage disequilibrium with one ano-gt 4| 2004) to give improved reliability for learning the underly-

ther (Gabriekt al., 2002), such that they tend to be inherited jointly ing haplotype block structure of the genotype data. The generative
in haplotype blocks with relatively little haplotype diversity within process described by the Jojital. model for a given individual is
a block (Dalyet al, 2001). Such blocks can arise due to recom-j|ustrated in Fig. 2 and is as follows:
bination hotspots in the genome, population bottlenecks or genetic
drift, all of which act to preserve low haplotype diversity in distinct 1.
regions of the genome.

In this paper, we present a joint probabilistic model for geno-
type and quantitative traits data which enables associating patterns

of genetic variation with patterns of gene expression and other phe-S- GVen the pair of ancestorss;, = i1y = n), sample a
pair of alleles(zy, yx) from the ancestral haplotypd® with

notype measurements. We call the model BlockMapper since it A n

learns the relationships between haplotype blocks and the patterns probabilitiesrj, (z ), Ry (yx)-

of gene expression and other phenotype measurements. The Block4. To account for two possible orderings of a pair of alleles, select
Mapper model has two parts: the first part infers reliable haplotype ~ the phasen, € {0, 1} with equal probability. Ifm, = 1,

Sample a class (e.g.: a subpopulation) according Ric)

2. Sample a pair of ancestofs;, t1) independently according to
initial distributionség(s1), 65(t1) over the ancestors

blocks from the genotype data which are used in the second part to
infer relationships to gene expression and other phenotype measures,
ments. While both parts of BlockMapper model can be learned in
tandem, for clarity, we show in this paper how to learn them sequen-
tially. A flowchart summarizing the joint BlockMapper model is

swap the values dfry, yx ), otherwise leave them unchanged.

Conditioned on the current pair of ancestral states tx),
transition to the next pair of ancestor staes. 1, tx+1) with
transition probabilitiedy, (sk, sk+1), 0% (tx, tk+1), iIncrement
the locusk and return to 3.

shown in Fig. 1: the first component accounts for the haplotype
block structure of genotype data and allows us to simultaneouslyVe repeat the above process for all individugls: 1,-- -, J. The

infer recombination hotspots and mutations and the phase at eagk@phical representation of the above process is shown in Fig. 3 as
locus in the genotype. The second component then associates tAd3ayesian network, consisting of a set of nodes encoding random
discovered haplotype blocks to a set of quantitative trait measure¢@riables in our model and directed edges indicating dependencies
ments across the same set of genotyped individuals. We will shol€tween variables.

that the BlockMapper model both provides an accurate model for When we apply the model, we assume the genotype data
variability in genotype data and infers biologically significant asso-Z1 - -- T~ ¥1 - .. yn Was generated by this stochastic process and
ciations between haplotype blocks and patterns of gene expression
and disease in both the Chr5g31 and ENm006 genomic regions.
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Fig. 2. The generative process used to model the genotype data of each indiig. 3. Bayesian network for the model of genotype data. Nodes correspond
vidual (shown for a subset of markers). For each SNP marker, a pair of0 observed and unobserved variables as well as model parameters, with
ancestral indices andt are generated: alleles are then sampled from thedirected edges between nodes representing conditional dependencies enco-
shared ancestral haplotypBsfor ancestors andt to generate maternal and ded by our probability model. For each individyaknd at each genomic
paternal haplotypes. Genotypes are obtained by swappingahdt indi- locusk, we first samplg a cIa;s, then a pair of ancesfsfst;,) conditi-
ces with equal probability at each locus, to capture the fact that the phase @ned on the ancestofs] ,¢] ) at the previous locus, then generate a
unknown. genotype(z],, yJ,) from the ancestral haplotypes. The phasg at locus
k determines which genotype measurement is associated with the paternal
haplotype and which with the maternal.



aim to infer the values of all the unobserved variables and paramendices{s? }, {t1} and the phase variabldsn? }), as well as esti-
ters. Hence, the model allows us both to perform haplotype phasingate the transition probabilitie® and the ancestral haplotypes
by inferring the phase variabldsn }, and to partition the resulting R. Computing the exact posterior over these unobserved variables
haplotypes into blocks of SNP markers by inferring the sequences dé intractable: to address this, we follow the learning procedure
ancestral indices; ... sy andt; ...ty for each individual. These adopted by Jojiet al. (2004) and resort to a tractable variational
blocks are extracted from a learned librarybfancestral” haploty-  approximation to the required posterior distributions (Jorelaal.,
pesR = {R!... R*}. The model also accounts for the presence 0f1999). This variational approximation allows us to infer the chains
different classes of individuats such as those arising from different of ancestral indice$sx} and{tx} separately from one another via
sub-populations (Gabriglt al., 2002; HapMap Consortium, 2005; the forward-backward algorithm (Rabinet al., 1989). The transi-
Pritchardet al, 2000). Different classes are assigned different ini-tion probabilities® and emission probabilitieR are modified to
tial and transition probabilitie®° = {©7 ... ©%}. We frequently  account for the phase variable at each locus, as well as the Dirichlet
assume that all individuals come from a single class, in which caserior distributions on these parameters, so that
thec superscript is dropped.

We make a number of key extensions to the model of Jja.: Ri(z) o > [al =2]Q(s] = i) + [yl = 21Q(t] = i) + 8

e ‘Soft’ ancestral haplotypes Previously, Jojicet al. used a J
library of ancestral haplotypes consisting of single alleles, g, (; n) ZQ(Si - i75i+1 =n)+Q(t = ’ivtiﬂ =n)

where any difference between these ancestral haplotypes and ;
the observed individual haplotypes was accounted for by a fi=n]
single noise parameter shared across all loci. We modify the +v @

model to define ‘soft’ ancestral haplotypes where each locus . e
contains not a single allele, but a probability distribution over WhereQ refers to the approximate posterior distributions computed

alleles corresponding to emission probabilities for each possiV!@ the variational method andrefers to a specific observed allele.
ble allele. This allows for highly localized variability as well as 1 NUS: £ (2) is updated according to the frequency with which one

genotyping errors in the data to be accounted for in the Iearne&!‘n'tS allelez given state at IOCU_Sk’ andg (i, n_) IS updated accor-
ancestral haplotype. ding to the frequency with which one transitions from state

i ) staten. Both variational inference and parameter estimation can be
» Parent-child phase constraintsThe above model assumes ,..mplished here in a fashion analogous to the standard parameter
that the ggnotype_s for individuals are generatec_:l i.i.d. from On%pdates in the Baum-Welch algorithm for learning HMMs (Rabi-
another: in practice however, we are often given genotypesyer et 51, 1989), with the basic parameter updates for our model
for parent-parent-child trlos_ which provides us with constralntsgiVen by Jojicet al. (2004). By iteratively updating approximate
on some of the phase_ variables, for _the chllqren- In par- posterior distributions over phase, ancestral indices and the model
ticular, we can use this parent-child |pformat|on to infer the parameters via an EM algorithm (Dempségral, 1977; Neal and
phase variables at heterozygous loci, V\{h?re the phase cqfinion 1998), we are guaranteed to increase a lower bound on the
often be unambiguously resolved for a child's genotype given, jielihood of the data with each update step and thus improve
the genotypes of the parents. We can incorporate this parenige it of our model to the data. Note that our inference procedure
child information at these loci into our model by fixing the ¢, e naturally modified to account for missing genotype data by
phase variables at loci where the phase can be unambiguously, ;ming over all possible alleles for a given missing marker.
resolved. For a given locus, we could re-arrange the ancestral indices, and
e Dirichlet prior on emission probability To allow for the pos-  the corresponding distributions indexed by these, without affecting
sibility of alleles being observed at particular loci which are not the probability distribution defined by the model. Thus, as a post-
present in the training set, we define a Dirichlet prior over theprocessing step, we permute ancestral indices at each locus so that
ancestral allele distribution. This allows a small prior probabi- the most probable transition is to the same ancestral index. This per-
lity for each possible allele, where the probability is given by mutation leads to longer contiguous stretches in which no transitions
counts of pseudo-observations (pseudo-coyhtShe quantity  between ancestors occur. Fig. 4a shows an example of this learning
[ is set to be equal for all alleles and loci. process.

e Recombination prior In a similar fashion, we define a 2.2 Discovering haplotype blocks

Dirichlet prior over the transition probabilitie€®. However, in ) . o .
this case, we define a different prior probabilities for staying in QUr model discovers haplotype blocks implicitly as regions where

the same ancestral haplotype and switching between ancestrme probability of transitioning from one ancestral haplotype to ano-

haplotypes (recombination). The pseudo-counts for switching{]her is small. Thisecombination probabilitcan be computed at

are set tav, and those for remaining in the same pattern are sePetween any locus andk + 1 as
to ary. Hence,y acts as aecombination priorso that higher

S
values ofy favor staying in the same ancestral state and lower P(ski1 7 s1) = Z 73, Ok (Sk, Skt1) @
values favor transitions to other ancestral states. Sk Sk+175k
2.1 Variational inference and learning wherem* = Y, m* ' 0x_1(sk-1,5:) is the marginal pro-

To perform inference and parameter estimation in the generativbability under our model of being in statg. at locusk. Given
model, we must compute the posterior distributions over unobthis recombination probability, we define a haplotype block as a
served variables (namely the class variabfes}, the ancestral region where the recombination probability is belo%. Any point



(a) Section of individual unphased genotypes. (b) Haplotype block partitioning
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Fig. 4. a) Individual haplotypes spanning SNP markers 15 to 64 in the Chr5g31 data, along with the mappings to the ancestral haplotypes: each color indicates
the ancestral haplotype from which the observed allele is drawn; b) Haplotype block partitioning of the Daly 5931 data. Each block shows the mapping to the
ancestral haplotype library for all 387 genotyped individuals. Colorings within a block for a given individual indicate the most likely ancestral index labelling
associated with the block for that individual. The blue graphs above each block show how the probability of recombination varies across the 103 markers.
Vertical blue lines indicate recombination hotspots: loci where the probability of recombination exceeds 0.05. A haplotype block is defined as the region
between two consecutive recombination hotspots. As the recombination prior pararreterases, recombination is made less likely, leading to fewer and

longer haplotype blocks. Experiments in the rest of this papefyuse2 which allows for many, short haplotype blocks. For comparison, the haplotype blocks
discovered in Dalyet al., 2001 are shown in red.

where the probability of recombination exceeds this value is therepaternal chromosomes can then be computed from the posterior dis-
fore considered to be a boundary between two blocks and is likely taributions Q(s1...sn) and Q(¢1 ...tn) so thatQ(S, = 1)
represent a recombination hotspot. Note that the recombination pra&@({sx = l}xes) and Q(T» = I') o< Q({tx = !'}xes), Where
bability is affected by the recombination prigidiscussed earlier. If k£ ranges over loci within haplotype bloék Thus, our model for
~ is large, recombination is discouraged, favoring a smaller numbegenotype data allows us to partition the data into haplotype blocks
of longer haplotype blocks: similarly, #f is small, the haplotype is and determine posterior distributions over the block labels for each
divided into a larger number of shorter blocks, as shown in Fig. 4b.individual. These block labels will be used in Section 4 to predict the
For any individual, we can compactly approximate their hap-value of quantitative traits measurements for that individual, such as
lotype by requiring that only one pair of ancestral haplotypes islevels of gene expression or phenotypic measurements.

used within each haplotype block: soandt¢ are forced to be
constant within a block for that individual. We assign the Iabel3 COMPARATIVE RESULTS ON LEARNING
HAPLOTYPE BLOCK STRUCTURE

(s,t) = (S», Tp) to that block as a summary of the genetic variation
for that block. As we know that few transitions between ancestra3.1 Learning the block structure of Chromosome 531

haplotypes occur within a block, this will be a reasonably accuratgp, applied our model to data from Chromosome 5g31 (Raky.
approximation to the underlying mappings to ancestral haplotypesyng1) " consisting of genotypes of 129 parent-parent-children trios
For any blockb, we can infer the distribution over the ancestral  4fileq across 103 genomic loci. All 129 children in the data set
haplotypes used and use these as labels for the given block. Digze patients with Crohn's disease. The model was learned using
tributions over the block labels, andT; for the maternal and 4 _ ~ jncestral haplotypes and model parameters ef 0.001



B = 0.01 for all loci k, ancestral indices; and alleles. The pro- ---Our method (soft inference)

bability of recombination at each locus was then computed using 03 —Our method (soft inference + using known phase) |
Jojic et al. (hard inference)

Eqgn. 1. We repeated this for recombination prigrs- 2, 5, 10, 100

and threshold the probability of transition at a constant valeGsf 025
in each case. The genotypes for a subset of the training individuals
and the set of learned ancestral haplotypes are shown in Fig. 4a
and haplotype block boundaries are shown in Fig. 4b, along with
the haplotype block boundaries reported by Detyal. shown in

red. Here, increasing effectively smoothes over the probability

of recombination, leading to a smaller number of longer haplotype
blocks. We found thaty = 2 gave us the best predictive error on
independent test data: this setting-pfalso led to a partitioning o1 02 03 02 05
which gave good agreement with the partitioning reported by Daly Fraction of data missing p

et al. (Fig. 4b).

Prediction error

Fig. 5. Mean and standard deviations of prediction error on independent test
3.2 Comparison with original Jojic et al. model genotype data as a function of the fraction of datahich is missing. The
prediction errors shown are obtained from the method of &djial. (red),

We now compare the following three models: . e
P 9 from our method which accounts for variability in the ancestral haplotypes

e our model excluding parent-child information, (green) and combined with making use of parent-child information (blue).
e our model including parent-child information, so that the child 0.02, )

phase is known at many loci, 02 Eaaz‘lzg@ff
¢ the model from Joji@t al. (2004) where ‘hard’ ancestral hap- 018 —Our method

lotypes are learned and parent-child information is not used. 016

o
N

We wish to compare how well these models represent the true pro-
bability density over haplotypes. To achieve this, we tested each
model’s ability to predict missing values in the haplotype data. The
idea is that, if a model is correctly capturing the correlations bet-
ween adjacent SNP measurements, then it will be better at predicting
SNPs which are not observed. Whenever our data is fully observed,
we can artificially remove observations at random locations and then
test the ability of each model to fill-in the gaps correctly. 0.0% 01 02 03 0.4 05
. . . . Fraction of test data missing p

We applied this comparison method to the three models using the
Chr5q31_ dat‘_”l described above. Tralnlng/tg_st sets were Cons_tr.uct%_ 6. Mean and standard deviations of test prediction error as a function
from all individuals who were Crohns’-positive so that the training f the fraction of test genotype locations made missing for our model (blue),
set contained 115 individuals (100 children and 15 parents) and th@stPHASE (red dotted) and HaploBlock (green dashed).
test set consisted of 29 children. We trained each model three times
with different random initializations and in each case selected theorresponding predictive accuracy plots are shown in Fig. 6: as can
one that achieved best bound on the training data likelihood. be seen, our model (blue) outperforms both HaploBlock (green das-

For the test data, we artificially removed a fractioof the SNP  hed) and fastPHASE (red dotted) by a significant margin, where we
measurements and used each learned model to fill-in these missimgake about half the number of errors. This result, in tandem with
values. Fill-in was achieved by sampling from the posterior distri-the improved predictive accuracy when using parent-child relations-
bution over the missing alleles. Fig. 5 shows the average predictiohips, indicates that we can more accurately model genotype data by
error rates across 10 training/test splits for each modet,\@sies  accounting for the underlying haplotype block structure and through
from 0 to 0.5. Compared to (Jojiet al., 2004), our model provides the improvements presented above.
a significant improvement in accuracy on this fill-in task, indicating . .
that it more accurately captures the true distribution of haplotypes: -4 Learning the block structure of the ENmOO06 region
Making use of parent-child information leads to a further improve-We applied our model to genotype data consisting of 573 SNPs from
ment in performance, so that our model is making a quarter of théhe ENmOO6 region (located on X chromosome) common to the
number of fill-in errors compared to the Jojic model. 270 individuals of the HapMap Phase Il data (HapMap Consortium,

. . 2005). Briefly, the 270 individuals consist of 30 parent-parent-child
3.3 Compansgn with the Hap.IoBIock and FastPHASE trios of Yoruba individuals from Ibadan, Nigeria (YRI), 30 trios of
haplotype inference algorithms Utah individuals with European ancestry (CEU), 45 Han Chinese

We also used this fill-in task to compare the predictive accuracy ofndividuals from Beijing, China (CHB) and 45 Japanese individuals
our model with other haplotype inference algorithms: HaploBlockfrom Tokyo, Japan (JPT).
(Greenspan and Geiger, 2004) and fastPHASE (Scheet and Step-Using the same parameters forp, 3 and~ as above, we learned
hens, 2006). Each algorithm was used to infer missing SNP valuesur model from this data and partitioned the data into 19 haplotype
exactly as described in the previous section. To make the comparblocks (Fig. 7). As can be seen, individuals in the three populati-
son fair, we used the version of our model which does not make usens (CEU, YRI and CHB+JPT) have noticeably different usage of
of the known phase information for the children’s genotypes. Thethe ancestral haplotypes. We computed the average block lengths
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Fig. 7. Haplotype block partitioning of the ENm006 data. Each block shows the mapping to the ancestral haplotype library for all 270 HapMap genotyped
individuals. Vertical blue lines indicate recombination hotspots discovered by our model. A haplotype block is defined implicitly as the region between two
recombination hotspots. Colorings within a block for a given individual indicate the most likely ancestral index labeling associated with the block for that
individual. Population labels are shown on the right of the diagram and known protein-coding genes in the ENm006 genomic region are shown at the top, each
linked to SNPs in the genomic regions spanned by that gene.

for each sub-population separately using the block partitioning deri- Our model considers the blocks jointly and is able to suppress
ved from each individual’s recombination probability. We find the spurious relations due to correlations between block states across
average block lengths ard.6, 21.3 and 39.0 markers for CEU, different blocks. For example, if variation in a single haplotype
YRI and CHB+JPT sub-populations respectively. Consistent withblock b completely explains variation in the expression of a parti-
previous results (Gabriglt al., 2002; HapMap Consortium, 2005), cular geneg, then a model that would consider blocks separately
we find that the average block length for the YRI sub-population to(for example, using multiple linear regressions) would also find
be the lowest, followed by the CHB+JPT and CEU sub-populationsrelationships between the gempand all blocks whose states are cor-
Having presented our method and results for learning a set of hapelated with the state @t Such spurious relations are ignored by our
lotype blocks, we now present our model for relating blocks to traitapproach and the remaining relations which are most informative are

measurements. discovered by the model.
Let us assume the haplotypes fbiindividuals have been parti-
4 A JOINT BAYESIAN MODEL OF HAPLOTYPE tioned into B non-overlapping haplotype blocks using the method
AND REGULATORY/PHENOTYPIC VARIATION described above. For each IndIVIdgaWG define the label for a par-

ticular blockb as an ordered palﬁ = (Sb,Tb)j, representing the

We now turn to the problem of I|_nk|_ng the_ statt_as _Of these ha_plo'pair of ancestral haplotype indices inferred for this block, with the
type blocks to patterns of quantitative trait variation. To aCh'eveancestraI indices ranging frofin - - A. We represens, and T}, as
this, we introduce the model which is shown as a Bayesian newVo%dicator vectors of lengtd so that, if a block is associated with

in Fig. 8. This model assumes that a subset of haplotype blOCkﬁ,]eath ancestor, the” element of the indicator vector is one and
affect each quantitative measurement of regulatory and phenotypiﬁ:1e remaining elements are zero
variation through a linear relation. These quantitative measurements LetZ be aJ x G matrix, wherez/ is the measurement of thé"

! 9

may include phenotypes, high throughput gene expression data %antitative trait of thej*" individual. We can represent the mea-

any other continuous measurement that may be putatively linked 19 rements of a particular trajtfor all individuals byz,. We would
genetic variation.



now like to infer associations between haplotype block labels anc blocks b= 1,...,B
guantitative trait measurements whilst rejecting noisy or spurious
associations. To optimize predictive accuracy, we will encourage
sparsity in our model to favor only a small number of blocks influ- Wig T,
encing any given trait. We model this explicitly using a binary Block label Relevance variable
relevance variablev,, associated with each combination of block | tent block
and trait, such thaiv,, = 1 indicates an association between the ‘ \ expression profil  Hig) € Torbo
block b and measurement, andwy, = 0 indicates no associa-

tion. We place a Bernoulli prior distribution over eaok, in which \

P(wpg = 1) = p so that smaller values g¢f favor more sparse N /

solutions. |

We model a particular trait for an individual; as a weighted sum @ %Ry
of contributions from the subset @& blocks which are considered Observed trait Noise precision
relevant according tW, so thatz) = >, weg(S7 + T7)" py, +
noise, whergu,, is a A-dimensional vector of weights for a particu-
lar block-trait pair. As the influence of a particular haplotype block
on a trait is independent of the individual, the relevance variables ] o
W and the block contributiong,, are shared across all individuals. Fi9- 8- Bayesian network for the model linking haplotype block structure
Thus, theA weights for any given block-trait pair allow us to model to regulatory and phenotypic traits. The boxes, or “plates”, indicate that the

L LT . tructures contained within them are replicated a number of times indica-
the joint patterns of variation in block label and trait measuremengS . o .

L ed at the top of each plate. This replication allows for multiple haplotype
across individuals.

. . IxA . \th . blocks to contribute to particular a gene expression/phenotypic measurement
We define a matridly, € R**", where(j, a)"™ elementis given  for 4 given individual. Each gene/phenotype in our network is assigned a
by [Sy = a] + [T} = a]. Assuming a zero-mean isotropic Gaussian set of indicator variables which select haplotype blocks that are likely to be

quantitative trait g = 1,...,G

noise with precisiompg, we have relevant given the model parameters and the data.
1 T . .
P(ZIW,L, p, p) = H N(zg; Zwbngubg, —1I) 2 To carry out the optimization, we use variational Bayes (Attias,
g b Pg 1999) that performs approximate Bayesian inference by iteratively

updating@Q(W), Q(u|p) andQ(p) so that each update increases
the bound orlog P(Z). To prevent the premature switching off of
haplotype blocks for certain genes, we use an annealing strategy
1 in which we progressively decrease the sparsity prior probability
P =||N ; —I)G ; 3
(1,p) H (Bag; po, PgTo JGammdpy; co, o), (3) over the relevance variables for a fixed number of variational Bayes

iterations, until it reaches the target sparsity value.
where the parameters of the prior distributions are shared across all

blocks and traits. Given the quantitative measurements and the hap-

lotype block structure acroskindividuals, we then aim to learn a 5 RESULTS ON LEARNING ASSOCIATIONS

model that maximizes(Z): BETWEEN HAPLOTYPE BLOCKS AND TRAITS

P(Z) = z P(Z|W,L,u, p)P(W)P(p, p)P(L) dps dp 5.1 Linking hgplotype block structure in Chr5¢31 to
WL kP Crohn’s disease phenotype

4.1 Variational Bayes learning of associations Here, we applied our BlockMapper model to predict Crohn’s disease
ghenotype in the Chr5g31 data (Day al., 2001). The data con-

We place a Normal-Gamma prior distribution on the weightsnd
the inverse variancgs, such that:

b,g

The m.arginalization over Fhe random variables required tg COMPUtRigts of the genotypes and the phenotypes (presence (+1) /absence
5(2) in the above quat_lon cha_lnnot be_ computled Zna}lytlcall)_/, ar; -1) of Crohn’s disease) for 387 individuals. We first inferred the
ence we cannot_ m_axmlnze t 'S qua}ntlty\]ex;:t 3|/ l;g'g Sehctlon haplotype blocks from the genotype data for all 387 individuals (see
we resdortfto av.arllaltlona approxllmatlog ( OoraAm., I )Wbere d Sec.3.1). Then, we used the Bayesian learning technique described
instead of maximizing”(Z), we instead maximize a lower boun above to learn the association between the haplotype block labels

onlog P(Z), and the phenotypes of a randomly chosen subset of 287 individu-
P(Z,W,L, i, p) als. We evaluated the accuracy of our model by measuring the error
log P(Z) > > / Q(W, L, p, p) log QW,L,p,p) when predicting presence/absence of the disease on the remaining

“_”L e ) ] o 100 individuals. We repeated this experiment for 10 independent

Here, Q approximates the required posterior distributions over theyin_test splits. Since our model predicts a real-valued trait corres-

latent variables: in particular, we use the approximation ponding to the input haplotype block labels, we used the sign of the

QW,L,u,p) = QW)QL)Q(u|p)Q(p) = predicted mean trait value to indicate presence (positive) or absence

wp 1—w . . s (negative) of the disease. To investigate the sensitivity of our model

H py” (1= qvg) """ QL)N(ptpg g, o1g) GamMMdpg|ag, By) to the sparsity priop, we repeated the above experiment for a range

b9 of values and found that the error rate was consistently similar for
where the distribution over block labelg(L) = [, Q(S»)Q(T3) 0.1 < p < 0.6. For examplep = 0.3 yielded an error rate of
is obtained from Section 2.2 and is held fixed. 23.1% with a standard deviation df.45% computed over the 10



splits. We found that the genotype information relevant to predicto a haplotype block is informative of variation in GDI1 expres-
ting Crohn’s was highly localized, with haplotype blocks 2 and 10sion, as given by variations in the median GDI1 expression with
(Fig. 4b) being the most informative towards predicting Crohn’srespect to haplotype block label within the YRI sub-population in
diseaseyf < 4.76 x 10~°, Wilcoxon-Mann-Whitney test, alpha block 2 (p < 2.22 x 10™*, Wilcoxon-Mann-Whitney test, alpha
value ofl x 10~* Bonferroni-corrected). These results indicate thatvalue of0.01 Bonferroni-corrected for all pairwise tests of 6 assig-
patterns of genetic variation in Chr5q31 are informative towards prened ancestral indices over 3 sub-populations) and the CHB+JPT
dicting the Crohn’s disease phenotype and that our haplotype blocksub-population in block 55 < 3.33 x 10™%). We only tested
manage to capture this variation. associations between genes and which were discovered by our rela-
5.2 Linking genetic variation in ENmO006 to GDI1 232}2’]{;d§f| ;g:etshgfrg%gg;: L:Joscek: Bonferroni correction for the
expression To see the extent to which gene expression is explained by
We then evaluated our model’s predictive accuracy on continuouson-genetic information, we also learned a baseline model that
gene expression measurements from the HapMap project. Thesxplains the gene expression usiogly non-genetic factors con-
measurements consist of the expression profiles for 47,294 genassting of age, gender and population. In the case of GDI1, we
profiled in EBV-transformed lymphoblastoid cell lines (Stranger found that incorporating the haplotype block information in addi-
et al, 2007). In particular, we focused on a set of 28 genes locatetion to the non-genetic attributes used by the baseline model reduced
in the ENmOOG6 region, allowing us to search for cis- associationghe population-specific test prediction errors (i.e.: squared predic-
with the haplotype blocks established in Section 3. tion error computed over subsets of individuals from a particular
We randomly split the set of haplotype block labels and genesubpopulation) byt.9% for CHB+JPT,1.1% for YRI and —2.1%
expression data across to the 270 individuals into three sets - 170 féor CEU, suggesting a contribution from both subpopulation and
training, 50 for validation and 50 for testing. We learned the modelgenetic variation within populations to the variation of GDI1 across
using the training set, while optimizing the sparsity prior parame-individuals. We computed test error for other genes in the ENm006
ter p on the validation set using prediction error as the criterion.region, such as ARHGAP4, RENBP, HCFC1 and TKTL1 and
The prediction error used was the sum of squared residuals betweeld not observe corresponding reductions in prediction error for
the model’s estimate of the gene expression and the true level dhese genes. Although the number of individuals here is relatively
expression. We foung = 0.2 minimized the error on the valida- small, the fact that we are able to infer significant associations
tion set and subsequently used this value for evaluating predictiobetween haplotype blocks and gene expression suggests that con-
error on the test set. We repeated the above analysis for 5 differestdering larger data sets would allow the prediction of more reliable
train-validation-test splits with 3 random initializations in each split. associations.
Fig. 9a shows the frequency (over 5 data splits and 3 random initiali-
zations) with which each gene is associated to each haplotype blodk DISCUSSION AND CONCLUSIONS
according to the average magnitude of the relevance varialles  In this paper, we presented BlockMapper, a Bayesian model for
To assess the impact of accounting for non-genetic factors ifearning haplotype block structure from genotype data and asso-
explaining gene expression variation, we made use of all the availeciating the discovered blocks with quantitative traits. We have
ble non-genetic traits (gender, population and parental information)presented the two components of the model, where the first com-
We use the parent-child relationships in the HapMap data to recagtonent infers a set of reliable haplotype blocks from genotype data
age as a categorical variable (child/parent/unknown). We incorpoand the second learns associations between these blocks and quanti-
rated these additional factors into our probability model from Eqn.tative traits, such as gene expression. We have shown that our model
2 by encoding the states for each non-genetic factor in a fashiofor genotype data significantly outperforms standard haplotype infe-
analogous to the encoding for terrhg for the haplotype blocks, rence algorithms on the task of predicting missing alleles in test
effectively treating the three additional variables as three ‘virtual’data. We also demonstrated that BlockMapper has good predictive
blocks. Using the training/testing methodology described aboveaccuracy when predicting Crohn's disease phenotype in the Chr5g31
we learned a model which also accounts for both the influence ofegion. Using our model, we discovered novel cis-associations bet-
non-genetic factors on gene expression as well as the influence @feen haplotype blocks 2 and 5 in the ENmO0O06 region of ChrX and
haplotype blocks. Fig.9b shows the frequency (over 5 data split§&DI1, a gene implicated in X-linked mental retardation.
and 3 random initializations) with which each gene is associated In this paper, we learned the two parts of the model in sequence:
with haplotype blocks and the non-genetic attributes: in contrast tan future we would like to extend this so that the block structure
Fig.9a, we can see that the model has eliminated many spuriowend relationships are learned in tandem, allowing haplotype blocks
associations between genes and haplotype blocks which are in fatd be discovered which are more relevant to the traits of interest.
due to population-specific differences in gene expression. Indeedn addition, we primarily focused on finding cis-associations in this
we find that gene expression is well predicted by the populatiorwork: we intend to scale-up our analysis to a larger set of genes to
variable, consistent with recent reports that support this hypothesiind both cis- and trans- associations. Also, we currently treat each
(Spielmaret al., 2007). gene expression as an independent observation but we can also take
In particular, Fig. 9b also highlights significant cis-associationsinto account co-expression/co-regulation between genes by learning
between blocks 2 and 5 in the ENmMO0O06 region and the GDI1 genghese relationships from data (Segéahl., 2003). Finally, it will be
which has been implicated in X-linked mental retardation (Shis-important to study alternative non-linear relationships between the
hevaet al., 1994). Figs. 9c,d show the relationship between GDI1haplotype blocks and traits. This work also calls for access to large
expression levels and the haplotype block labels for blocks 2 and Hata sets of genotypes and traits measured across a larger number
across all individuals: as can be seen, the particular label assigned individuals than used here. Our model and results, in tandem



(a). With genetic factors

L1CAM
AVPR2
ARHGAP4
RENBP
HCFCA1
CXorf12
IRAK1
MECP2
OPN1LW
OPN1MW
TKTL1
FLNA
EMD
RPL10
DNASE1L1
TAZ
ATPEAP1
GDI
SLC10A3
FAM3A
G6PD
IKBKG
CTAG2
GAB3
DKC1

(b). With genetic and non-genetic factors (c). GDI1 and HapBlock 2
MPP1
F8

MTCP1 .

9.4 T CEU .
2 4 6 8 10 12 14 16 2 4 6 8 10 12 14 16 Age Gen. Pop. vRI
) . 92
Haplotype block index Haplotype block index + CHB+JPT

N T2 3 a4 5 & 7
_:l Probability of relevance Ancestor index

0 1

106 .

104}

* "
.-
F.

102+

-

:
13
!
:

b
+

¥

%

a
=)
ey

* aee

© ©
o ®
At #e

©
~

+ CEU
YRI
+ CHB+JPT

(d). GDI1 and HapBlock 5

©
N

Genes

=)
=)

.

Expression level

-
e w

10.4

fork

102

-

e

+ 4

o reemed
A
+ ﬁ-‘n}-‘n:tm -
bt e O
Lk

DR

9.8

9.6

Fig. 9. a) Relevance variables linking haplotype blocks and gene expression: each entry represents how frequently a given haplotype block is associated with
a given gene under our model; b) Relevance variables learned when non-genetic factors are included in the model — accounting for non-genetic factors has
removed many spurious associations which can be better explained by non-genetic factors, such as population; c,d) GDI1 expression versus haplotype bloc}
labels for haplotype blocks 2 and 5 in the ENmO0O06 region, with measurements broken down according to the 3 sub-populations (CEU, YRI, CHB+JPT). Lines
indicate the median of gene expression for a given block label. Each gene expression measurement is displayed twice, showing the expression value agains
the ancestral index for each of the maternal and paternal haplotype blocks. The plots indicate that the ancestral index in haplotype blocks 2 and 5 is informative
of variability in GDI1 expression, particularly in the YRI and CHB+JPT sub-populations.
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