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Abstract—Recent improvements in the accessibility of high- the two haplotypes have different alleles (referred as 2).
throughput genotyping have brought a great deal of attention  Several statistical, combinatorial and hybrid methods have
to disease association and susceptibility studies. This paper ex- been successfully applied to the haplotype inference problem

plores possibility of applying combinatorial methods to disease .
susceptibility prediction. The proposed combinatorial methods also referred as phasing problem [9]. We use GERBIL [9]

as well as standard statistical methods are applied to publicly and PHASE[10] to infer haplotypes for population.
available genotype data on Crohn’s disease and autoimmune  The traditional direct statistical association so far is unsat-
disorders for predicting susceptibility to these diseases. The isfactory and arguably is not applicable to complex disease
quality of susceptibility prediction algorithm is a§sessed using  gince it mostly relies on an assumption that the disease is
leave-one-out and leave-many-out tests - the disease status of . .
one or several individuals is predicted and compared to the causeq by a single Mendellan.ge.ne [,6]' Indeed, some com-
their actual disease status which is initially made unknown Plex diseases, such as psychiatric disorders, are character-
to the algorithm. The best prediction rate achieved by the ized by a non mendelian, multifactorial genetic contribution
proposed algorithms is 77.78% for Crohn’s disease and 64.99% with a number of susceptible genes interacting with each
for autoimmune disorders, respectively. other[11], [12]. Disease association analysis usually results in
. INTRODUCTION claims that a presence of a given SNP considerably increases
Recent improvement in accessibility of high—throughpu{he risk of a cergall_n db|sease which argblof limited use for"
genoping brought & grea deal of tienion o dseatlSC222 SECEPDILy bcause susepive SN e el
association and susceptibility studies [1]. High density map%lpact as it would be expected from the independent SNPs.

of single nucleotide polymorphism (SNPs) [2] as well ad .
massive genotype data with large number of individuals antd The qtt)ser\lled _\évleaknesst_of sttr?tltsncal hmethodsfmay Ielad
number of SNPs become publicly available [3], [4], [5]. By 0 a quite plausible assertion that each case ol complex

now most of analysis of the new data is undertaken in Stgjseases may have a unique chain of genetic as well as

tistics community [6], [7]. different line of attack on diseaseenvwonmental elements [6]. On the contrary, this study tries

susceptibility adhered to computational community with art.o assess accumulated information using combinatorial tools

emphasis on designing rather than analytical methodolog)}_?OﬁmgI 'f[hat the;? EX'St certtztim ((:jon?lblnatolrlal flhependenmes
The main goal of disease association and susceptibili{ aplotypes which are scattered all over lengthy sequences

o : : L : nd are difficult to recover and, therefore, have not yet
analysis is to identi ene variations or, in general, hap- " ! ' LD
Y v 9 g pHt_een (statistically) analyzed. This paper explores possibility

lotypes and genotypes which are susceptible to a partic . . .
lar disease. There are basically two main steps in diseagfe applying combinatorial methods to known case/control

susceptibility analysis: (i) the population haplotyping f:mdS'FUdieS with thet_g_?_pe to refiably (to certain extent) predict
(i) identifying of the haplotypes/genotypes susceptible tcg'?;asi. s?sgep ' .L'ty' | dicti laorith hich
the diseases. Unfortunately, existing methods for the step% € hrst describe several prediction aigorithms whic

introduce substantial noise drastically decreasing associati v ”?OS“Y based on combinatorial optimization. Thgn we
escribe the leave-one-out test for comparative estimation

strength of methods applied for step (ii) [7]. é)f prediction quality of a discrimination algorithm as well

The main obstacle in population haplotyping is that th ! L C
methods of inferring two haplotypes from individual data®S bootstrapping strategy for estimation of significance of

are too expensive [8]. The vast majority of the data are iﬂb\tsmed r:esults. d methods to two dat ts. The first
the genotype formFor each bi-allelic SNP, genotypes spec- € apply proposed metnods to two data se, s 'he rs
ify whether the corresponding individual is homogeneousdata set consists of case/control study of Crohn’s disease [3]
ie., the both haplotypes have the same allele, indicati if 129 family trios. The other set for autoimmune disorder
}:.)r('a,sent allele (major, referred as 0, or minor }eferred 3] consists of 1036 unrelated case/control individuals. We
1), or the corresponéling individual ,is heterog,eneous i_ee_lchieved correct prediction rate of 77.78% and 64.99%,
' " "réspectively. After applying bootstrapping we obtain with

This work is partially supported by NIH Award 1 P20 GM065762-01A1.95% confidence the correct prediction rate of 75.38% for



Crohn’s disease. We have also performeédante-Carlo test compute LOD score (likelihood of odds ratio) of each SNP
by running our methods on Crohn'’s disease’s data with rams follows.

domly swapped case/control markers. The average prediction ) fd;(i) )

rate falls to 50% for all proposed methods. This confirms LOD;(i) = log Gy 0,1,2

predominating genetic susceptibility of Crohn’s disease [14 ’
high association of the chosen haplotype region with Crohn
disease as well as capabilities of the proposed methods
detect such susceptibility.

The rest of the paper is organized as follows. Sectio
Il describes several statistical and proposed combinatori
susceptibility prediction methods. Section Il describes an
discusses prediction susceptibility results for real data.

]:or genotypey,, if the cumulative LOD score of all SNPs
i';ym:l Lj(gn,;) is greater than 0, then the output disease
status s(g,,) is set to 1 §, is predicted to be in case

opulation) and -1, otherwise.

) Graph-based Prediction Algorithmdhe two methods

re based on the followingenotypegraph X = {H, G},
where the verticedl are distinct haplotypes and the edges
are genotypes each connecting its two haplotypes (vertices).
[I. PREDICTION ALGORITHMS FORDISEASE When applying graph heuristics {8, we found that it is

SUSCEPTIBILITY necessary to increase the densityXof This can be achieved

We will first describe the input and the output of a predy dropping certain SNPs (or, equivalently, keeping only

diction algorithm. Then we describe implemented algorithm§ertain tag SNPs). Indeed, dropping a SNP may result in
including the closest neighbor and statistical heuristics arf@llapsing of certain vertices i, i.e., different vertices

three proposed graph-based algorithms. become identical. Collapsing vertices may also result in
Data sets have. genotypes and each has SNPs. The collapsing certain edges (genotypes). A SNP dropping is not
input for a prediction algorithm includes: allowed if that results in collapsing edges from case and

G1) Training genotype saf; = (g; ;),i =0,...,n—1,j = control populations, but collapsing of edges from the same

D 1 mg 3 c }{/8 1 ;‘% (9:3),¢ e population is allowed.

(G2) 5isease s’tJaIUs(g;)’ € {-1,1}, indicating if g;,i = A simple greedy strategy consists of (1) traversing all the
0 n—1isin case (1)’or in control -1) and  SNPs and (2) dropping a SNP if it is allowed that will result

(G3) Testing genotype,, without any disease status. in keeping a minimal subset of SNPs which do not collapse

The input data can also be phased, then each genotypeglesn.OtypeS from opposite populations. Unfortunately, in the
. orfginal graphX we may already have collapsed edges from
represented by a pair of haplotypes.

We will refer to the parts (G1-G2)of the input &sining opposite populations - in fact, Dalgt al data contain such

set and to the part (G3) as the test case. The output 81‘3” of gen_otype_s.. In this case we J.USt remove the both
enotypes in training set. Our experiments show that on

prediction algorithms is the disease status of the genOty@%erage, we are left with 22 tag SNP’s out of 103 for Daly

Gnsy €., 5(gn). ,
Haplotype-based algorithms are supposed to more ac et al [3] data and 34 tag SNP’s out of 108 for Uedtal

rately take in account combinatorial structure of data b 3] data.
they suffer from the noise contributed by uncertainty in After collapsing the graplX’ we add the edge correspond-

. - . ing to the test-case genotypg. If the edgeg, collapses
phasing of original genotype data. Our experiments Shovaith another edge;, then we set the predicted disease status

that adaptation of genotype-based algorithms to haplotype o . ;
only slightly affects accuracy of prediction indicating highsfg”) = s(g:). Otherwise, we apply one of the following two

quality of our phasing method methods for computing the disease stai(g, ).

. - . . First Neighbor: s(g,,) attains 1 if
Below we describe the prediction algorithms which have 9 5(gn)
been implemented and verified on both data sets. Although > s(e) >0
there is a huge literature on classification and prediction e adjacent to gn

algorithms and general approaches such as neural netwoggy -1, otherwise. In other words, the predicted disease status
[15], SVM [16] and classification trees [17], we decidedg decided by voting among all adjacent edges.
to confine ourselves mostly to statistical and combinator-

ial algorithms. We first describe the following well-known ~ Second Neighbors(g,,) attains 1 if

universal prediction method. > e adjacent to ¢ S(€)

(1) Closest Genotype NeighhoFor the genotypey,, find Z (S(e) - ' 5(e) > >0

the closest genotypg; using Hamming distance and then ¢ adiacent to g»

sets(gn) <« s(gi)- and -1, otherwise, whewe) is the number of edges adjacent

(2) The LOD-based Prediction AlgorithriThis is a standard to e. This method enhances the First Neighbor algorithm by
statistics method based on allele frequency. For each SNdking in account the second neighbors.

j =1,...,m, we find the allele frequencyd;(0) of 0's (4) LP-based Prediction AlgorithmThis method assumes

in the case population. Similarly, for the same SiNPwve that certain haplotypes are susceptible to the disease while
find the allele frequency scorgd;(1) of 1's and fd;(2) of  others are resistant to the disease. The genotype susceptibility
2's in the case population and the corresponding frequency then assumed to be a sum of susceptibilities of its two
in the control populationf(z;(0), fh;(1), fh;(2)). Then we haplotypes.



We want to assign a positive weight to susceptible hapve repeatedly randomly swap case and control markers and
lotypes and a negative weight to resistant haplotypes sutten run the prediction algorithm. The expected prediction
that for any control genotype the sum of weights of itgate should be 50% corresponding to random data prediction.
haploptypes is negative and for any case genotype it 8uch test confirms that the programming implementation
positive. We would also like to maximize the confidencedoes not rely on illegal information, and that the genotype
of our weight assignment which can be measured by th#ata contain disease susceptibility.
absolute values of the genotype weights. In other words, The confidence level of obtained data is confirmed by
we would like to maximize the suhmof absolute values of bootstrapping. We have performed a specified number of

weights over all genotypes. random samplings with replacement from the original data
Formally, for each vertex; (corresponding to haplotype) and then run our algorithms on each of these samples. The
of the graphX we wish to assign the weight;, reported prediction rate is the worst observed in 95% of
samples of the resulted distribution.
—-1<p; <1 (1) Another way of bootstrapping is to randomly choose 20

cases and 200 controls as training set and predict others,
and repeat these samplings 100 times reporting the average
s(eij)(pi +pj) >0 (2) prediction rate.
. ) (2)Data Sets
where s(e;;) € {—1,1} is the disease status of genotype g gata set Dalgt al[3] is derived from thes16 kilobase
represented by edge;. _ region of human Chromosomgg31 that may contain a
The total sum of absolute values of genotype Weights igenetic variant responsible for Crohn’s disease by genotyping

such that for any genotype-edgg = (h;, h;),

maximized 103 SNPs for129 trios. All offspring belong to the case
population, while almost all parents belong to the control
Z s(eij)(pi + pj) () population. In entire data, there are 144 case and 243 control
eis=(hi;h) individuals.

The formulation (1-3) is a linear program which can be The data set of Uedet al [13] are sequenced from 330kb
efficiently solved by a standard linear program solver sucbf human DNA containing gene CD28, CTLA4 and ICONS
as CPLEX [18] or LPsolve [19]. which are proved related to autoimmune disorder. A total

For the left-out testing genotypg,, we compute the sum of 108 SNPs were genotyped in 384 cases of autoimmune
of weights of its haplotypes. If the sum is strictly positive, thedisorder and 652 controls.
genotype is attributed to the case, otherwise it is attributg@) Experimental Results
to the control. Figure | For those haplotype-based methods, we use two different
(5) Combined Prediction AlgorithmThe disease status of phasing algorithms PHASE[10] and GERBIL[9] to infer
the left-out testing genotypeg, is assigned as follows: if LP- population haplotypes, but report result of GERBIL only,
based finds non-zero sum of haplotype weightsgfgrthen because PHASE gives similar result. The best prediction
s(gn) is assigned accordingly. Otherwiseg,,) is assigned rate achieved by the combinatorial method for Crohn's
according to LOD-based prediction algorithm. disease and autoimmune disorder are 77.78% and 64.99%,
respectively. From Table | we can find that our graph-based
prediction algorithm give a better result than traditional

In this section we first describe the testing framework fogtatistics methods, and even better if we combine both of
evaluation quality of prediction algorithms, then we providghem.
experimental results over all prediction algorithms described The data set of Uedat al [13] is unrelated case/control
in the previous section. population, so the haplotype structure is much more complex
(1) Estimating the Quality of Prediction Algorithms than that of Dalyet al [3], which are described in family

We have applied leave-one-out cross-validation to evaluaigos. For haplotype-based prediction methods, the complex-
the quality of susceptibility-predicting algorithms as follows ity will affect the prediction rate. As a result, the prediction
We predict the disease status of each genotype in the givefte for Dalyet al is higher, as of 77.78% , while for Ueda
data set by applying the susceptibility-predicting algorithngt al, is 64.99% only.
to the rest of the data which is regarded as the training set.The Figure 1 shows the distribution of the genotype
Then we compare the predicted susceptibility with the actugfeights for the LP-based prediction algorithm. The height
disease status. We report the prediction rate separately {f columns is proportional to the number of cases (positive
cases and controls as well as for the entire population.  height) and the number of controls (negative height). It is

For verification purposes we also perform the followingeasy to see that cases prefer the right side while the controls
Monte-Carlo random test (MCT). The original associatiorprefer to be on the left side of the distribution.
of n genotypes with markers is randomly scrambled, i.e., |n Table Il we report bootstrapping rates, i. e., the 5th
1 _ - worst rate out of 100 runs (95% confidence) and different
Instead, we may maximize minimum absolute value over all genotyp . .

ﬁpotstrapplng rates — averaged over 100 random samplings

weights. Our experiments show that the results are quite similar for the bo
objectives. of 20 case and 200 control genotypes.

Ill. RESULTS



TABLE |
THE COMPARISON OF THE PREDICTION RATES OB PREDICTION METHODS FORCROHN'S DISEASE (DALY et al)[3] AND AUTOIMMUNE DISORDER
(UEDA et al) [13]. GENOTYPE DATA ARE PHASED BYGERBIL [9].

Prediction Methods
Data Set | Population| Closest [ LOD First Second Linear Combined
Neighbor Neighbor | Neighbor | Programming| Method
Case 54.17 47.22 67.39 67.13 62.19 86.11
(Daly et al) Control 58.85 64.20 57.38 56.96 84.72 72.84
Total 57.11 57.88 61.06 62.44 76.24 77.78
Case 43.75 56.51 22.66 41.15 30.47 65.97
(Uedaet al) Control 65.95 54.75 83.74 64.42 84.97 64.42
Total 57.72 55.41 61.10 55.79 64.77 64.99
0 TABLE Il
40 4+ THE COMPARISON OF THE PREDICTION RATES OF TWO PREDICTION
20 METHODS (LINEAR PROGRAMMING AND COMBINED METHOD) ON
0 = 1 1 1 DALY et al. WE REPORT BOOTSTRAPPING RATES. E., THE 5TH WORST
- - L0 4 -
20 : 8510 025 RATE OUT OF100RUNS (95% CONFIDENCE) AND DIFFERENT
::g BOOTSTRAPPING RATES- AVERAGED OVER 100RANDOM CHOICES OF
80 L 20 CASE AND 200 CONTROL GENOTYPES
100 +
120 ¢ L Prediction Methods
-140 Population | Linear Programming] Combined Method
95% 200/20 95% 200/20
Fig. 1. Distribution of the genotype weights for the Linear Programming Case % | 58.04 56.65 83.33 77.78
prediction algorithm. The dark columns over the median horizontal line Control % | 82.71 80.66 71.19 72.84
correspond to the numbers of cases with the genotype weight in the range Total % 73.58 71.76 75.71 74.67

specified by thex-axis. The light columns below the median horizontal
correspond to the numbers of controls within respective genotype weight
range.
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