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INFERRING GENOMIC LOSS AND
LOCATION OF TUMOR SUPPRESSOR
GENES FROM HIGH DENSITY GENOTYPES
Hui WANG*, Yohan LEE**,
Stanley NELSON**, Chiara SABATTI* ** (1)

RÉSUMÉ
Des nouvelles technologies, comme les puces de génotypage d'Affymetrix (GeneChip
Mapping 10K), permettent de mesurer des polymorphismes génétiques répartis
sur le génome avec une grande densité. Cela permet une approche de questions
classiques à une résolution auparavant inégalée. Simultanément, des nouveaux types
d'analyses apparaissent pour tirer parti de l'augmentation des informations que
contiennent ces données. Nous nous intéressons à la façon dont les génotypes des
lignées cellulaires cancéreuses peuvent être utilisés pour reconstituer les événements
de délétion génomique et cartographier des gènes suppresseurs de tumeur (TSG)
potentiels. En utilisant le formalisme des modèles de Markov cachés, nous adaptons à
cette nouvelle structure de données un modèle déjà décrit d'instabilité génomique au
cours des cancers. Des simulations indiquent que notre procédure peut être puissante
et précise. Son application à des données réelles montre des résultats préliminaires
encourageants.
Mots clés : biopuces de génotypage, modèles de Markov cachés, perte de fragments
chromosomiques, perte d'hétérozygotie.
ABSTRACT
Novel technologies, such as the 10k AfFymetrix genotyping array, allow scoring
of genêtic polymorphisms at a very high density across the génome. This allows
researchers to conduct traditional inquiries at an unprecedented resolution, while
simutaneously motivâtes novel types of analysis, aimed at exploiting the increased
information contained in thèse datasets. We consider how génotypes of cancer cell
lines can be used to reconstruct genomic loss events and map putative tumor
suppressor gènes (TSG). Using a hidden Markov model framework, we adapt a
previously described model for genomic instability in cancers to the current data
structure. Simulations indicate that our procédure can be powerful and accurate
and initial application to real data leads to encouraging results.
Keywords: Genotyping array s, genomic loss, hidden Markov models, loss of heterozygosity.
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1. Introduction
Large scale genomic variation is receiving increasing attention from the scientific community (Pollack et ai., 2002; Bignell et al., 2004; Cox et a l , 2005;
Iafrate et ai., 2004; Sebat et ai., 2004). Along the process that leads to tumorigenesis, genomic stability is impaired: cancer cells présent a higher rate
of genomic losses and duplications. Moreover, some of thèse variations in copy
number may détermine the cancerous status of the cells, for instance by inactivating a tumor suppressor gène. Observed cancer cells are often considered
to be selected to favor genomic losses in particular régions harboring tumor
suppressor gènes (TSG). Indeed, genomic losses hâve often been studied in
cancer cells with the précise intent of locating TSGs (Newton et ai. (1998)
provides a comprehensive review of the biological process). Generally, a link
between copy number variation and altered behaviour of cancer cells has been
established (Pollack et ai. 2002, Cox et ai., 2005). Concurrently, it has recently
become apparent that there are a number of genetic polymorphisms that consist of large scale genomic variations (e.g. considerably sized genomic deletes
and duplicates) that arise or are transmitted through the germline (Iafrate et
ai., 2004; Sebat et ai., 2004).
While thèse two biological processes are very différent, their effects can be
measured with the same technology. For a number of years, large scale studies
of genomic instability were limited to the case of cancers, and variation in copy
numbers was assessed by genotyping tumor tissue and a normal cell from the
same individual. In thèse studies, the fact that a marker is heterozygous in the
normal cell and a homozygous in the cancer cell, can be considered as évidence
that one of the chromosomes of the individual under study experienced a
loss of genetic material and, hence, only the allele residing on the other
chromosome remains to be detected. (Symmetrically, one could explain this
resuit in terms of increase in copy number of one of the chromosomes, such
that the signal from the duplicated allele overwhelms the one from the other).
Newton et ai. (1998) (Newton and Lee, 2000; Newton, 2002, Newton et ai.,
2003) propose a model for the analysis of this loss of heterozygosity (LOH)
data and demonstrate how to apply it to locate putative tumor suppressor
gènes.
Recently, a number of other technologies hâve been developed to enable
a more direct and high throughput assessment of copy number variations:
thèse include comparative genomic hybridization (CGH), and array-based
CGH (Pinkel et ai., 1998; Bignell et ai. 2004). Due to thèse technological
advancements, scientists are able to observe recently documented large scale
genomic variation (Iafrate et ai., 2004; Sebat et ai., 2004). A number of
statistical methods hâve been proposed to analyze the data from thèse
experiments (Fridlyand et ai., 2004; Lai and Zhao, 2005; Wang et ai., 2005).
Simultaneously, genotyping technology has evolved, and we are now able to
measure polymorphic sites at a much higher density than just a few years ago.
Thus LOH remains a powerful method of investigation. For example, récent
studies hâve shown how genotyping arrays can be used to conduct effective
copy number investigations (Lim et ai., 2004). One advantage of high density
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genotyping is that one can potentially gather information on copy number
without the concurrent need to type both a "normal" and "case" cell from
the same individual. This is due to the aboundance of markers which provide a
fine resolution snapshot of the génome, in which a "long" contiguous stretch of
homozygous SNPs calls can be interpreted as the resuit of a genomic altération
(with appropriate caveats). When one considers this potential (already noted
in Lim et ai., 2004), developing methods that enable the use of high density
génotypes to study copy number variations becomes an important goal. While
other techniques may lead to more direct and précise measurements, and
should likely be preferred if the primary goal of the study is détection of copy
number variations, genotyping is done routinely on large scale both for tumor
and normal cells. Failing to identify détectable changes in copy numbers from
thèse data may resuit in erroneous interprétation of the results of the study,
in addition to a loss of useful information.
In this paper, we focus on the use of high density SNP genotyping for the
study of genomic instability in cancer cells. In a companion study (Wang et
ai., 2005) we analyze the case of large scale genomic variation. In the next
section we présent a model for génotypes in the présence of genomic instability
and sélection. We subséquently illustrate how to estimate the instability
parameters of the model and how to reconstruct the most likely profiles of
genomic altération from an individual's génotype data. Section 4 contains the
description of a likelihood ratio test to identify location of a tumor suppressor
gène, and Section 5 illustrâtes our results with simulated and real data. We
conclude with a discussion.

2. A model for génotypes under genomic instability and
sélection
We assume that the results of high density SNP genotyping across the génome
are available for T cancer cell lines. In particular, we consider the case where
the 10k genotyping array from Affymetrix is used, leading to the scoring of
10913 markers across the génome, at approximately intervais of 0.3 megabases.
The methodology we will describe can be used with allele calls produced with
other platforms, but it is tailored for high density genotyping—necessary to
inform the inference of genomic aberrations from the génotype of cancer cells
only. We dénote with Y = {yi}^ the séquence of génotypes at M markers for
one cell line: each yi can take on one of four possible values: (AA, AB, BB, —),
corresponding to the three génotypes and a "no call" value. We will assume
independence between génotypes corresponding to markers on 22 différent
chromosomes. It is convenient to group markers according to the chromosome
where they are located: Xk = {#fci}™fci will indicate the génotypes of the
rafc markers on chromosome /c, so that Y = {Xk}kLi- When unnecessary for
clarity, we will avoid using the index fc, so that X = {xi}'^=1 the collection of
génotypes for markers in an unspecified chromosome. We use the superscript
t to identify cell lines, so that the entire collection of our data is {Yt}J=1.
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Newton et ai. (1998) and Newton and Lee (2000) describe the model for
genomic instability and sélection in cancer cells that we use for our analysis.
We refer the interested reader to thèse original papers to fully appreciate the
underlying biological hypothèses, and we limit ourselves to a brief exposition.
The substantial différence between the work presented in Newton et ai. (1998),
Newton and Lee (2000) and our study résides in the fact that thèse previous
authors asserted LOH calls, from the availability of génotypes from both a
cancer and a normal cell from the same individual. Hère we assume that
only cancer cells are typed: the genomic loss process is unobserved, and we
need to describe how it is reflected in the génotypes of cancer cells. The
framework of hidden Markov models appears as a natural solution. We start
considering the instability component of the model, and data from one cell
Une. Let n = { ^ } ^ dénote the genomic loss process at the positions
corresponding to each of the m markers on a chromosome: TTI = 0 indicates
no genomic altérations at the location of the i-th marker and 7r» = 1 indicates
an altération. In the following we will refer to altérations as a loss, since the
model by Newton et al. (1998) that we are adapting was conceived specifically
for losses; however, it is quite possible to interpret the detected abnormalities
as increases in genomic copy number. With di we indicate the distance in
megabases (Mb) between marker i and i + 1. Thus set the notation, the
transition probabilities of the hidden Markov process can be described in
terms of two parameters ô and 77:

/tfa+i

= 1 | 7Tt- = 1)

\ t ( 7 r i + i = 1 | TTi = 0)

*(*ï+i = 0 | 7Tt = 1)'
*(7Ti+1 = 0 I TTi = 0) ,

1 - ( 1 - Ô){1 - e " ^ )
6(1 - e - 1 » * )

(1 - 5)(1 - e " 1 * )
l-5(l-e-^

The parameter S represents the sporadic loss rate, which is the probability
that any location in the génome is lost in a random individual. Hence we
hâve 6 = Pfa = 1), and to conform with the transition probabilités, we will
dénote it with tfa = 1). The parameter rj is used to model the dependency of
the Markov process and the length of the genomic losses. In this framework
the distance between two change-points in the TT process is modeled similarly
to the distance between two recombination events (Lange, 2002). Note that
t(7Ti+i = 1 | 7Ti = 1) -» 1 and tfc+i = 0 | 7T* = 0) —• 1 as d* —• 0. The
adequacy of this model to describe genomic instability in cancer cells has been
discussed by Newton et al. (1998) and supported by its successful application
in empirical studies (see, for example Miller et ai., 2003). In this model, 6
and rj are constant across a région spanned by linked markers. Depending
on the nature of the data acquired, it may be sensible to assume that each
chromosome is characterized by a spécifie value of S and 77; additionally, it
may be appropriate to allow thèse parameters to be cell-line spécifie.
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To link the unobserved loss process to the génotype data, we use the following
émission probabilities:

(
=

e(xi = AA\iri

= l)

e(xi = AB \ m = 1)

e(xi = AA | ni = 0)

e(xi = AB | TT* = 0)

e(xi = BB | ni = 1)

e(xi = — 17r» = 1) \

e(xi = BB\7Ti = 0)

e(xi = - | TT* = 0) /

0

(1 - P A | i ) ( l - r)

rN

(I-PA,O2(I-«)

«,

/PAfi(l-r)

VPifi(i-ic)

2PA4(I-PA4)(I-K)

(1)

where PA% is the frequency of allele A for the zth marker, r is the missing
rate in loss régions, and K, is the missing rate in régions with no genomic
aberrations. The différence in missing rate is due to the fact that the loss
région may produce an "anomalous" intensity signal, filtered out by quality
control mechanisms and resuiting in "no call"s. In the présence of a genomic
loss, only homozygous génotypes are observed, and the relative abundance
of A A and BB dépends on the allele frequencies PA,%- While the émission
probabilities (1) do not account for genotyping error, this effect can be easily
incorporated. More substantial modification of the émission probabilities are
needed, instead, to consider linkage disequilibrium across markers. This is
important when the génotype density increases substantially, and there is clear
association between alleles at nearby markers. We discuss such modifications
in a companion paper (Wang et ai., 2005) and in the discussion section.
The likelihood of a génotype séquence X under the instability model can be
evaluated with standard HMM recursion formulas. In particular, if we define
a(ni) = Pr(xi,...,ari,7ri), and fifc) = Pr(xt + i,...,x TO |7Ti), we hâve:
a 7r

( 0

=

XI

a(^-iM^K2-i)e(zz|7ri)

7ri_i=0,l

&(**)=

11,

/ J ( 7r <+i)*( 7r <+ii 7r 0 e (^i+iki+i)-

7Tl+l=0,l

Then, for example Pr(X) = 53^=0,1 a(7rTn). To emphasize that this probability dépends only on the instability component of the model, we will indicate it
with Pi(X). A version of the aforemented recursion formulas can also be used
to evaluate conditional probabilities PI(X\-KS = fc), which will be relevant in
the following.
Newton et al. (1998) describe the sélection effect that is the basis of the
possible localization of tumor suppressor gènes, and we adopt the same model.
They consider the possibility of one tumor suppressor gène per chromosome.
Two parameters are introduced: s represents the location of the tumor
suppressor gène, and ws the probability that a cancer cell line has a loss
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at position s, i.e. u8 = P(irs = 1). The likelihood of a génotype séquence,
once the sélection effect is introduced, can be written as:
Pr(X) =

UJSPI(X\TTS

= 1) + (1 - o;s)P/(X|7Ts = 0),

where PI(X\TTS) dépends on the instability process. In order to map a tumor
suppressor gène, one needs to acquire data on multiple cell lines, so that
the complète data for analysis will be a collection of génotype séquences
X1, X2,...,
XT on the same chromosome. The data likelihood is then:
T

Given C(Xl,... ,XT|<5, T),UJ,T, S), we can estimate the model parameters,
reconstruct the location of most likely losses, and attempt mapping the
tumor suppressor gène. We will assume that allele frequencies PA,Î are
known: Affymetrix, for example, provides an estimate of allele frequencies
for ail the SNPs on its genotyping chip. We will also assume a known
background "NoCall" rate: typically this can be estimated in each laboratory
without much difïiculty using a set of génotypes from normal individuals. The
parameters we then need to estimate are 77,6, r for the instability component
of our model and us and s for the sélection effect.

3. The instability model: parameter estimation and reconstruction of génome losses
Our estimation strategy rests on the assumption that the large number of
typed markers allows us to gather enough information on the sporadic loss
process that its parameters 77, 6, and r can be estimated separately from u
and the TSG location s. This is certainly the case when one is typing SNPs at
high density genomewide, 77, 6, and r are constants across chromosomes and
individuals, and there is only one TSG per chromosome -which is the situation
we consider in this paper. However, the same assumption may be appropriate
when 77, 6, and r vary across chromosomes and individuals, and when there
are multiple TSGs -depending on the marker density and the value of the
parameters. In the cases in which this assumption appears inadéquate, one
would not resort to the two stage strategy for estimâting 77,6, r, u and s that
we describe below, but would need to simultaneously estimate ail of thèse
parameters. This is not difRcult theoretically, and the likelihood derivatives
given in the following can be used to describe such a maximization routine. We
did not pursue this strategy because the nature of the data we were interested
in made it unnecessary and computationally very intensive. Note that if a
smaller number of markers is typed -so that the proposed assumption may be
inadéquate- the number of computations will also be significantly reduced,
making the simultaneous estimation strategy more feasible (simultaneous
estimation is carried out, for example, in Newton et ai. 1998).
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To estimate the parameters of the instability model, 5,77 and r, we use a
maximum likelihood approach and a gradient algorithm. As anticipated, we
consider a likelihood that is based solely on the instability component of our
model:
T

22

T

iog£K^-..,^ M,T) = X;f>gP/(x£)t=l

fc=l

To describe the form of the first derivatives of the loglikelihood with respect
to the three parameters of interest, it is easier to focus initially on one term
Pi(Xlk) = Pi(X). When the hidden state II = (71-¾) is known, we obtain
m—1

n-

PI(X,U)

=P/(Xi,---,X m ,7Ti,---,7r m ) =£(7Ti) f j £(7Ti+i I TTi) JJe(x^ I TTi).
2=1

2=1

Therefore,
dPi(X,Tl)

P/(X,n)

=

dt{Tti+i | TTi)

dPj(X,U)

t{ni+i | TTi) de{xi \ TT*)

Pj(X,U)

=

e(xi | TT*)

Now, recalling that the likelihood of the data is Pi(X) = $ ^ ^
Pi(X, II),
and that we can carry out the summations with respect to 71-¾ using the forward
and backward recursions, we obtain the following expression for the partial
dérivât ive for 77:

a £
drj

P/(x,n)

£

dr)

^

y

3P7(x,n)
dr\

p7(x,n) m(TTJ+1 | in)

= E E E „ *, . ^ 1 1 ^ E w.n)
_ ^^ ^

v-> P/(X,7Ti,7r^+i) dt(TTj+i 1 7Tj)

"èrtr^

i=l

7Tt

t(7ri+1|^)

7Tl + i

«t»

^

where 0:(71-¾) and /3(71-¾) are computed by the forward and backward algorithms.
We initialize a(7Ti) and /?(7Ti) with a(7Ti) = P(xi,7Ti) = e(xi | 7Ti)t(iri) and
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/?(7ri) = 1, where £(7Ti = 1) = 6 and t(ni = 0) = 1 - 6. Similarly, we hâve

as

dô

x

+ E E E «(*0e(x* I ^iM**»)***™1*0,
2=1

lTt 7 T l + 1

°0

And finally, for the parameter r:
ÔPijX)

=

dr

y ^ a(7Tt =
^

1)/?(TT,

= 1) dejxj \n = l)

e ^ | 7rt = 1)

dr

The derivatives of the log-likelihood can be easily computed from the expressions given above and used to set up a gradient algorithm:

^>=^>+A,91°gP/(X)
d6

v

^ =^

+

!<$=$(*>

xvdlogPlix)

r(^)=rW+A/l0gPj(X)
dr

,
|r=r(*>

with A indicating the step size. It is also quite clear how différent assumptions
on variability of the parameters 77,6, r across chromosomes and individuals will
resuit in derivatives of the log-likelihood obtained using summations across
différent index sets.
Once an estimate of the instability parameters is obtained, this can be used
to reconstruct the most likely genomic aberration profile IIJ. for each of
the individuals and chromosomes in the sample, using a standard Viterbi
algorithm (see, Durbin et ai., 1998). This represents by itself an interesting
output of our procédure, as it allows scientists to gather information on
location and size of genomic losses from data that consist only in génotypes
of cancer cells. Indeed, some researchers may consider this as the only output
of interest, and not subscribe to the sélection model for identification of TSGs
that we will describe in the following section. For this reason, we preferred to
opt for the 2-stage procédure.
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4. The sélection effect: likelihood ratio test to identify
tumor suppressor gène locations
For the purpose of identifying the location s of a tumor suppressor gène and
the increased probability of genomic loss u>s associated with this location, we
conduct a séries of likelihood ratio tests, where s is allowed to vary position
across the entire chromosome, and the hypothesis HQ : 6 = us vs H[ : 6 < us
is tested at each of the examined locations s. The genomic région for which
the hypothesis HQ is rejected will be considered as likely régions to harbor
tumor suppressor gènes, and the corresponding u;s will describe the sélection
effects. At this stage, the parameters 6, rj, r are considered known, so that for
each explored location s we hâve to maximize the likelihood only with respect
to the parameter UJS. Recall that for a given location s, the likelihood of the
chromosome data is:
T

£(XV..,XT|*,^O;.,T,S) =

^

Notice that £ ( X \ . . . , XT\6,77,UJS = 6, r, s) = n f = i Pi(X* \ rj, 6, r). Furthermore, taking the logarithm of C we obtain a concave fonction of u;s; indeed
log£(u; s ) = £ f = i l o g M P , ( X K = 1) - P / ( X K = 0)) + P / ( X K = 0)) is
the sum of logarithms of affine functions, hence the sum of concave functions
is thus concave. This allows us to conclude that there is only one maximum for
log£(u; s ) and for C(UJS). In carrying out this séries of likelihood ratio tests we
follow the convention used in linkage génome scans of recording the logarithm
base 10 of the inverse of the likelihood ratio, called LOD score; precisely, at
each examined location s our test statistics Ls will be
Ls =
j' ^ ^ £(X\...,XT\6,TI,U;*S,T,S)

^

= argmax£(x

i5

.,XT\6,V,UJS,T,S)

>6

flPïiX^nlr)
0
ut < 6
In terms perhaps more familiar to statisticians, that Ls can be interpreted as
a profile log-likelihood ratio. The s* location that maximizes Ls represents a
candidate tumor suppressor gène location. To décide if the évidence in favor
of UJ* > 6 is sufficient, one needs to further examine the value of Ls* and
détermine if such a différence in likelihood values is attributable to random
chance or not. We will return to this point in the following.
To maximize £ ( X * , . . . , XT\6, r/, o;s, r, s) as a function of UJS it is convenient to
use an EM algorithm. If we consider 7r],... 7rJ, loss status at location s for the
T cell-lines in the sample as missing data, we obtain the following complète
data likelihood:
P{Xl,...,XT,irl...,nJ\u>a,8)

=n(u.p/(x* i <=1))^((1 - <*) w * i <=o))(i-^,
t=i
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leading to the complète data log-likelihood below:
\ogP(X\...,XT,7rl,...,7rl\u;s,s)
T

= £

T

T

nt log( W .) + (T - £

t=\

4) log(l - u.) + £

t=l

log PjiX* | Tri).

t=l

The last term does not dépend on UJS, so we can omit it from considération
in the following. The EM itérations will be based on the following expected
complète data log-likelihood:
T

T
t

t

Q(wM'>) = J2E(n s\X ,^)log(Ua)

+ (T - £E(7ri|X«,«<'>))log(l - « . ) .

t=l

t=l

For the expectation step, we will hâve:
^(7r*|Xt,^))=Pr(7r* = l | X * , ^ ) )

p 7 (*K = i ) ^ + ft(^*kî = o)(i - u,<°) "
Maximizing Q(u>a\u>al)) leads to wj l + 1 ) = £ f = 1 ^ ( T T ^ X * , ^ 0 ) / ^ We now return to the problem of determining which locations s, corresponding
to high values of Ls, should be considered serious candidates for a TSG. First,
note that Ls has a reasonable interprétation in terms of how much more likely
the data is under Hf then HQ, and that the researcher may want to sélect
a threshold value that better represents his/her interprétation of the study
results. On purely statistical grounds, the détermination of an appropriate eut
off dépends on the distribution of Ls under the null HQ and on the necessity
of taking into account that multiple tests are being performed. Furthermore,
notice that the tests LSl and LS2 corresponding to two locations on the same
chromosome are not independent. To détermine a significance cut-off one
ideally would like to know the distribution of the entire process {Ls}s under
the complète null hypothesis. Unfortunately, this is unknown at this stage. The
marginal distribution of L 5 , as T —» oo, can be roughly approximated using
the known results for likelihood ratio tests: under HQ, 2\nLs is asymptotically
distributed as a 50:50 mixture of a mass at zéro and xfu (the mass at zéro
dérives from the fact that we place a constraint on the values of u)s > 6, and
the 0.5 mixing coefficient can be derived from the consistency and gaussianity
of the MLE of u)s). While this approximation of the distribution of Ls is rather
crude, it provides us a guideline of what a reasonable significance cut-off may
be. The appropriate cut-off for Ls dépends on the distribution of Ls and,
roughly speaking, on the number of "effectively independent" tests, which
is determined by the length of the segment of the génome studied and the
value of the rj parameter. We suggest that once the instability parameters are
estimated, a small scale simulation study be conducted where génotype data
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with the same structure as the real one is generated from the instability model,
with no sélection effect, and a cut-off for Ls that controls the desired measure
of error rate to be determined. It may be of use to refer once again to the
analogy with linkage mapping which carries through in terms of distribution
for Ls: in thèse genetic mapping studies, a value of Ls greater than 3, or 3.5
is typically considered strong évidence in favor of H[ (Lander and Kruglyak,
1995).

5. Simulations and data example
In this section we illustrate the proposed methodology with a small scale
simulation study and by applying it to a real dataset. When we simulate data,
we consider the same structure of the Affymetrix 10k mapping arrays: 10913
SNPs covering 22 autosomal chromosomes with an average distance of 230
kb. To generate génotypes we use the population allele frequencies provided
by Affymetrix. Our simulations are small scale, in that we did not consider a
séries of possible values for the model parameters, but we simply chose one
and evaluated the performance of our model in one case. Our intention is not
to investigate the performance of our model overall, but simply to illustrate
its potential. We chose instability parameter values that are realistic for at
least some biological settings: 6 = 0.1,77 = 0.2, K = 0.08, r = 0.13. As far as
the sélection component of our model, we postulated one tumor suppressor
gène at location 49.10 Mb on chromosome 1.
The first goal of our simulation was to evaluate the effectiveness of our
procédure for the estimation of the instability parameters. We attempted
estimation of thèse parameters using data from one individual only. To ensure
that the présence of a TSG would not introduce distortions, we constrained
the location 49.10 Mb on chromosome 1 to be lost and generated the rest
of the data from the instability model. We repeated this 100 times and
estimated in each case the three parameters 6,77, and r. Results are presented
in Figure 1: mean and médian of the estimators are both concordant with the
true parameter values, and the spread is reasonably small.
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FlG 1. — Instability Parameters Reconstruction. Histograms of the estimated
values for each of the instability parameters using génotypes from one cell Une in
100 simulations. The vertical bold lines indicate the true value of the parameters
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Using the estimâtes of the instability parameters and the Viterbi algorithm,
we subsequently reconstructed the loss status for each of the simulated cancer
cell lines. We evaluated this reconstruction in terms of sensitivity (fraction of
SNPs in régions of genomic loss that are correctly described) and specificity
(fraction of SNPs in normal genomic régions that are correctly described).
Figure 2 présents the histograms of sensitivity and specificity across the 100
cases: the performance is quite satisfactory, with average sensitivity 0.86 and
specificity 0.99.
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FlG 2. — Reconstruction of Loss Status. Histograms of sensitivity and specificity of the loss process reconstruction using instability model in 100 simulations
We then turn to investigate the effectiveness of our algorithm for the localization of the tumor suppressor gène. For this problem we considered the same
parameter settings described above, a; s =0.3, and génotypes from 50 cancer cell
lines. We generated 100 datasets, and applied to each of them the two-step
procédure consisting of estimating the instability parameters first and then attempting localization of the TSG. Our estimâtes of the instability parameters
are quite good (unsurprisingly better than the one described above, due to
the larger abundance of data). We evaluated the LOD curve at roughly 10,000
locations in the génome corresponding to the mid-point between each of the
markers available. To détermine the appropriate significance threshold for the
LOD score curve, we conducted a simulation study using the true values of
the instability parameters. Given the quality of our estimâtes, this does not
represent a significant short-cut: the value 3.5 resulted in control of the family
wise error rate at the 0.05 level. Figures 3 and 4 illustrate the results in one of
our simulations. The LOD score curve across the entire génome is presented
in Figure 3: only the area on chromosome one corresponding to the location
of the TSG leads to values higher than 3.5. Figure 4 provides a more detailed
illustration of the data on chromosome one and our analysis for this simulation: comparing panels (a) and (b) one can appreciate the de-noising achieved
with the reconstruction of the most likely loss profile. Simultaneously, the us
estimâtes and the LOD curve (based on the simultaneous analysis of ail cell
lined) detect signais that are not enriched sufBciently at the level of individual
tumors to be interpreted as losses.
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FlG 3. — LOD score for TSG. Profile log-likelihood ratio for the location s of
the tumor suppressor gène across the génome for one case of the simulation
When we analyze the results of the 100 simulations, we obtain a power to
detect the TSG on chromosome 1 equal to 0.5. The actual FWER is 0.05
and the FDR 0.037 (to estimate thèse, we considered as a false discovery any
location leading to a LOD > 3.5 and more than I/77 away from the true TSG).
The relatively low power can be explained considering that UJ and the average
size of losses (as determined by 77) are both relatively small. Furthermore, it is
noteworthy that we generated our dataset setting CJ=0.3, but we did not fix the
actual fraction of cancer cells in the sample to be 0.3; this reduces the overall
power. Figure 5 illustrâtes how the LOD score at the TSG location varies as a
function of the actual proportion of losses in the sample. From Figure 5 is also
évident that larger UJ values will increase power; a larger sample size will also
obviously do so. The effect of 77 and 6 on power cannot be deduced from our
simulations. Higher values of 6 would make sporadic losses more common, and
higher values of 77 would make sporadic losses shorter (and hence less likely to
overlapp): changes in thèse parameters will affect the significance cut-off level
and likely the power.
While the results of this small scale simulation study appear fairly positive,
one must recall that we generated the data according to the model we used to
analyze them. Our simulation allows us to verify the accuracy of our algorithm
and evaluate the power of our procédure in an idéal situation, but it does not
reflect the difficultés that we may encounter in the analysis of real data.
To partially address this concern, we now turn to the analysis of a small
dataset, collected by our colleagues at UCLA that motivated this methodology
development. In a pilot study, Affymetrix 10k arrays were used to génotype
11 samples of primary brain tumors. In the initial analysis, whose results we
report hère, we assumed that the instability model parameters 6, 77, and r
were constant across chromosomes and cell lines. Their estimated values were
6 = 0.1638,77 = 0.6777, r = 0.1398. A simulation study suggested the value of
3.8 as a cut-off for Ls in order to control FWER at 0.05. Only one région in
the génome reached that level, on the short arm of chromosome 9: data and
LOD score are reported in Figure 6.
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markers

FlG 4. — Localization of t h e T S G on Chromosome One. Panel (a) represents
the data generated by our simulation and used in the reconstruction. Each row
represents an individual and each column a SNP. Polymorphisms are ordered
according to their genomic position. Heterozygous génotypes are colored in black,
homozygous génotypes in grey, and missing calls are left blank. For ease of display,
inter-marker distances are depicted as constant. Panel (b) displays the corresponding
loss profiles reconstructed with the instability model. Panel (c) reports the estimated
value for us for each of the genomic positions. Finally, in panel (d), we présent the
LOD score curve for s. The true location of the TSG is indicated with a dashed line
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FlG 5. — LOD value at t h e T S G . Simulated datasets were grouped according
to the actual proportion of samples with a loss in the TSG locations. The average
LOD score at the TSG was computed within thèse groups and is plotted against the
corresponding proportion of losses

markers
p I G g — D a t a Analysis. We présent the data (coded in the same format as in
Figure 4) and the LOD curve for the localization of a tumor suppressor gène relative
to chromosome 9. The location of the known TSG p l 6 is indicated with a dashed
line
Interestingly, this région is known to harbor a t u m o r suppressor gène, referred
t o as p l 6 (Lucas et ai., 1995). Considering t h e d a t a in Figure 6 leads t o a few
remarks. There are four samples t h a t are almost entirely homozygous on t h e
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short arm of chromosome 9, and two with high loss rates: this is reflected in an
overall higher level of the LOD curve. The maximum LOD score, however, is
not reached in correspondence of the known TSG. The length of thèse losses
is quite higher than what is predicted by the value of 77: while this makes
the signal quite strong in this région, it can also be interpreted as a model
failure; we are currently exploring more careful analysis of the data, allowing
instability parameters to vary across cell lines and chromosomes.

6. Discussion
We describe a model to reconstruct genomic losses in cancer cell lines from
génotype data and to identify the likely location of tumor suppressor gènes on
the basis of génotype data from a collection of cancer cell lines. Our model for
the process of genomic loss is taken from Newton et al. (1998), and we coupled
it with a hidden Markov model to specify how the process of genomic loss is
translated in observations on génotypes of the cancer cell Une only. The study
design we consider and the choices at the foundation of our computational
strategy are based on the use of high density SNP genotyping, as obtained
with Affymetrix 10k arrays, which allow scoring of 10,000 polymorphisme
across the human génome.
When only génotype data from cancer cell lines are available, information on
genomic losses is contained in stretches of homozygous markers: the longer
the stretch of homozygosity, the less likely that such multilocus génotypes
may be observed in absence of genomic aberrations. While in our model
genomic loss is the only cause for increased multilocus homozygosity, there
are other mechanisms that can potentially generate génotypes with similar
characteristics: in particular, inbreeding (Leutenegger et al., 2003) and linkage
disequilibrium (Sabatti and Risch, 2002; Rosenberg and Calabrese, 2004) are
important alternative explanations for increased homozygosity. We now briefly
discuss the implications of thèse observations.
Linkage disequilibrium is the terminology used in genetics to indicate association between alleles at nearby markers. The model for génotypes given the
genomic loss status II that we proposed assumes linkage equilibrium, that
is absence of association. As the distance between neighboring markers decreases, this assumption becomes inadéquate and leads to identification of
more losses than are really présent in the data set. For data obtained with
the Affymetrix genotyping array and described in this paper, this does not
présent a very serious problem: linkage disequilibrium, when présent, typically extends at most across a window of 3-4 markers -which is generally too
small to lead to the suspicion of a genomic loss. However, when the density of
the scored polymorphisms increases, it becomes necessary to incorporate the
effect of linkage disequilibrium in our model. Indeed, it is possible to modify
the émission probabilities of the HMM in order to account for the association
between alleles at neighboring markers. This leads to a likelihood that cannot
be described in the typical framework of HMM, but can still be evaluated
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with recursive formulas. We describe this model in a companion paper (Wang
H. et al, 2005).
The effect of inbreeding and genomic losses are more difficult to distinguish.
Indeed, Leutenegger et al. (2003) hâve a model to estimate inbreeding coefficients that is practically identical to the HMM we use to describe génome
instability. In this regard, the genomic loss profile that we reconstruct for
each cell line under the instability model is valid only under the assumption
of no inbreeding (which, incidentally, is likely to hold in the type of population samples collected for LOH studies). The instability component of our
model, instead, captures an effect that is clearly distinct from inbreeding: the
propensity of multiple cell lines to share losses in the same région. The inference on TSG location, hence, should be robust to the présence of inbreeding
when sufficient numbers of independent cancers are analyzed.
Finally, we note that there are some extensions to our model that can be easily
carried through and that we did not implement in the présent paper partly
because of time constraints and partly because they did not appear necessary
to perform the analysis of the data we set out to study, namely génotypes
obtained with the Affymetrix 10k array. One such extension involves the introduction of genotyping error parameter in the émission probabilities. This
parameter can either be assumed known or estimated from the data (however, estimating it from another dataset is likely to produce better results).
Similarly, the K parameter can be varied across markers or cell lines. Another extension consists in the simultaneous estimation of ail the parameters
r/, 6, r, us, which, as we hâve discussed in the previous section, may be important for datasets that do not provide genome-wide genotyping. Furthermore,
while we described our model assuming the instability parameters held constant across cell-lines and chromosomes, one can easily relax this assumption.
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