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Abstra
tWe dis
uss the 
on
ept of fuzzy p-values within the 
ontext of nonparametri
linkage analysis. Here the fuzziness arises a

ording to ambiguity of trueinheritan
e ve
tors given marker data, and it evolves into a fuzzy p-valuedistribution. Inspired by Geyer and Meeden (2005) and Thompson and Geyer(2005) we formulate our own appre
iation of this topi
 and extend the fuzzy
p-value distribution to be 
onstru
ted using linkage eviden
e originating fromusing several distin
t s
ore fun
tions applied to the same data.Key words: Nonparametri
 linkage analysis, s
ore fun
tions, inheritan
edistribution, signi�
an
e and power, hypothesis testing, randomized tests,fuzzy p-value, fuzzy p-value distribution.
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1 INTRODUCTION 21 Introdu
tionGene mapping through nonparametri
 linkage analysis (Kruglyak et al.,1996) is based on observing marker data MD, in the form of genotypes, withrespe
t to a set of pedigrees.1 The a
tual inheritan
e of alleles with respe
t tothe pedigree set is 
ompared to what is expe
ted under the null hypothesis H0of random inheritan
e, whi
h 
orresponds to the 
on
ept of no geneti
 linkageor no 
orrekation between genotypes and phenotypes (a�e
tion status).1.1 The Pedigree, Pedigree Set and Inheritan
e Ve
torA pedigree 
onsisting of n individuals in
ludes f founders and n − f non-founders, where the parents of the former are not in
luded in the pedigree. Atlo
us x, the 
orresponding inheritan
e of alleles within the pedigree, from thefounders to the nonfounders, may be summarized through the binary-valuedinheritan
e ve
tor v(x) (Donnelly, 1983),
v(x) = (p1, m1, p2, m2, . . . , pn−f , mn−f), (1)where pi and mi 
orrespond to the ith paternal and maternal meioses respe
-tively. In (1) ea
h value may be de�ned to equal either 0 or 1 dependingon whether the 
orresponding allele originates from the grandfather or thegrandmother.With respe
t to a genome Ω and assuming fully observable meioses,2 thegeneti
 dogma of blo
kwise inheritan
e implies that the inheritan
e pro
ess,

v(x); x ∈ Ω,
hanges only at so 
alled 
rossovers. In our setting this means that the
orresponding meiosis, pi or mi for some i, swit
hes between 0 and 1.Now, simultaneously looking at a sequen
e of synteni
 lo
i x = (x1, x2 . . . , x|l|),3the 
orresponding joint inheritan
e may be des
ribed by the m × |l| inheri-tan
e matrix,
v(x) =

[

v(x1)
T , v(x2)

T , . . . , v(x|l|)
T
]

, (2)1This is referred to as the pedigree set. A pedigree is to be understood as a, possiblymultigenerational, tree-wise 
onne
ted family.2In other words in�nitely many fully informative markers.3This means that ∀i, j ∈ {1, 2, . . . , |l|}, c(xi) = c(xj), where c(x) equals the 
hromo-some where x is lo
ated.



1 INTRODUCTION 3where the ith row and jth 
olumn 
orrespond to the equally indexed meiosisand inheritan
e ve
tor respe
tively.Remark 1. In (2) the 
olumns are 
orrelated a

ording to the blo
kwiseinheritan
e and the assumption of synteni
 lo
i. The strength of the 
orrela-tions depends on the 
orresponding geneti
 distan
es.Given marker data MD(x) at lo
us x, if the inheritan
e ve
tor is fullyknown or observable one speaks of fully informative data at x. Formulation-wise equivalents are 
omplete or perfe
t data. Given no or totally noninforma-tive data all inheritan
e ve
tors are equally likely under the null hypothesis,whi
h follows from the Mendelian law of random inheritan
e. To quantifyinformation one introdu
es information measures, usually ranging from 0 (noinformation) to 1 (
omplete information). One su
h lo
us-spe
i�
 ´measureis the entropy-based information 
ontent presented in Kruglyak et al. (1996).For further dis
ussion on information measures in linkage analysis, see e.g.Teng and Siegmund (1998) and Ni
olae and Kong (2004).Given the 
omplete set of marker genotypes in the pedigree set, there aretwo distin
t ways of extra
ting inheritan
e information: (i) Using single-pointanalysis, where for ea
h lo
us x one uses only MD(x) when re
onstru
tingthe inheritan
e distribution. (ii) Using multipoint analysis, where for ea
hlo
us x one uses all data MD(y), y ∈ c(x), when de�ning the inheritan
edistribution.Remark 2. Information is lost, i.e. the information measure generally de-
reases, when fa
ing missing genotypes, marker homozygosity and by usingsingle-point analysis.1.2 Allele-Sharing and S
ore Fun
tionsNonparametri
 linkage analysis, as well as some other approa
hes,4 is basedon allele-sharing between individuals in a pedigree. The a
tual sharingmay be measured using the 
on
epts: (i) Two individuals sharing one al-lele identi
al-by-des
ent (IBD) if they have both inherited exa
tly the sameallele, i.e. an identi
al founder allele, from a 
ommon an
estor. (ii) Two indi-viduals sharing one allele identi
al-by-state (IBS) if they have both inheriteda 
ommon alleli
 variant.4See, for example, Haines and Peri
ak-Van
e (1998) and Almgren et al. (2003).



1 INTRODUCTION 4One may note that sharing an allele IBD implies sharing one allele IBS. Wewill ex
lusively use, as most 
ontemporary test statisti
s does, the 
on
eptof IBD-sharing. Perhaps evidently, one is normally interested in in
reasedallele-sharing within phenotypes5 sin
e this generally indi
ates geneti
 linkagebetween the 
orresponsing marker and disease lo
i.Remark 3. Given the inheritan
e ve
tor and pedigree stru
ture, the IBD-sharing in the pedigree is unambiguous, i.e. known with probability one.6 Inother words, for a �xed stru
ture, it is 
ompletely explained by the 
orre-sponding inheritan
e ve
tor.For the one-lo
us 
ase test statisti
s may be based on an underlying s
orefun
tion S(w), whi
h assigns a number to ea
h possible IBD-sharing stru
ture(through the inheritan
e ve
tor). This may be generalized to the two-lo
us
ase, where the underlying s
ore fun
tion S(w1, w2), (w1, w2) ∈ V × V, isde�ned with respe
t to the joint IBD-sharing through two distin
t inheritan
eve
tors.Remark 4. Using data mining-terminology, a s
ore fun
tion is used fors
oring patterns, in this 
ase inheritan
e patterns (Hand et al., 2001).The two most 
ommonly used s
ore fun
tions are: (i) The fun
tion Spairs,whi
h is based on summing IBD-sharing among all pairs of a�e
ted indi-viduals within a pedigree. (ii) The fun
tion Sall, whi
h is based on thesimultaneous IBD-sharing among all the a�e
teds in a pedigree.Given the inheritan
e ve
tor v, both Spairs and Sall (Whittemore andHalpern, 1994; Kruglyak et al., 1996) are 
al
ulated using a�e
teds only.One may refer to su
h fun
tions as traditional s
ore fun
tions. Ea
h tra-ditional s
ore fun
tion may be extended in several ways in
orporating, forinstan
e, the set of una�e
teds into the analysis. For more information, seeÄngquist (2006).The relative performan
e of di�erent s
ore fun
tions, in terms of statisti
alpower, depends on the underlying geneti
 disease model λ and the pedigreeset stru
ture. Given λ it is possible to derive di�erent kinds of optimal s
orefun
tions (M
Peek, 1999; Hössjer, 2003, 2005) whi
h then impli
itly leads tousage of both a�e
teds and una�e
teds. In appli
ations the geneti
 model is5Oftenly restri
ted to in
reased sharing among a�e
teds.6Considering lo
us x, formally ∃i : P (v(x) = wi|MD) = 1, wi ∈ V, where V is the setof possible inheritan
e ve
tors.



1 INTRODUCTION 5most oftenly not fully known leading to extensive usage of, often traditional,s
ore fun
tions whi
h quite widely are a

epted as intuitive, 
omputationallyfeasible and performan
e-wise robust with respe
t to λ.1.3 Test Statisti
s and Traditional Signi�
an
e Cal
u-lationsIn this 
ontext, to perform a statisti
al test the a
tual IBD-sharing in thepedigree set is 
al
ulated and 
ompared, through a properly 
hosen teststatisti
, with the expe
ted sharing under the null hypothesis. Through-out, we will use and dis
uss the s
ore fun
tion-based nonparametri
 linkage(NPL) s
ore approa
h des
ribed in, for instan
e, Kruglyak et al. (1996).To ease interpretation and signi�
an
e 
al
ulations we standardize, or al-ternatively worded normalize, the underlying s
ore fun
tion under H0.7 Thestandardized s
ore fun
tion is used to 
al
ulate, at lo
us x, the pedigree-spe
i�
 NPL s
ore,
Z(x) =

∑

w

pw(x)S(w), w ∈ V, (3)where the probabilities pw(x) = P
(

v(x) = w|MD) 
onstitutes the inheritan
edistribution at x.Remark 5. In (3) 
omplete data 
orresponds to the simpli�ed expression,
∃w : Z(x) = S(w); w ∈ V,i.e. in this 
ase P (v(x) = w|MD)=1 for the only inheritan
e ve
tor w 
on-sistent with marker data MD.For a pedigree set 
onsisting of N pedigrees all pedigree-spe
i�
 s
ores (3)are 
ombined into the (total) NPL s
ore as,

Z(x) =
N

∑

k=1

γkZk(x), (4)7Formally, S(v) 7→
(

S(v)−µ

σ

), where µ and σ2 are the mean and varian
e of S priorto standardization under the null hypothesis H0 of no linkage. After standardization, wehave E(S|H0) = 0 and V (S|H0) = 1.



2 FUZZY SIGNIFICANCE 6where γk is the kth pedigree weight.8Cal
ulating the NPL s
ore (4) with respe
t to a set of lo
i x ∈ Ω leadsto the sto
hasti
 NPL pro
ess Z(x) = {Z(x)}Ω. A

ording to the blo
kwiseinheritan
e of 
hromosomal segments, NPL s
ores at synteni
 lo
i are 
or-related. Considering a genome s
an over Ω, to being able to deal with theissue of inherent multiple testing one introdu
es the NPL pro
ess maximumover Ω,
Zmax = max

x∈Ω
Z(x).Now, signi�
an
e 
al
ulations may be formulated and performed in a point-wise or genome-wide 
ontext, using the test statisti
s Z = Z(x) and Z =

Zmax respe
tively. The a
tual 
omputations may be based on using eitherMonte Carlo simulation (Terwilliger et al., 1993; Ängquist and Hössjer,2004) or analyti
al approximations (Tang and Siegmund, 2001; Ängquist andHössjer, 2005).Formally, for the s
ore threshold T , we de�ne the signi�
an
e level of atest reje
ting H0 when Z ≥ T as,
α(T ) = P (Z ≥ T |H0), (5)when the null hypothesis is simple. Moreover, the 
orresponding power fun
-tion,

β(T ) = P (Z ≥ T |λ); λ ∈ H1,depends on the geneti
 model λ. Given a test result Z = z, one may 
al
ulatethe p-value asso
iated with this result as p(z) = α(z).2 Fuzzy Signi�
an
eTraditionally, using the reje
tion-based statisti
al testing paradigm one aimsat, in ea
h 
ase, �nding a simple answer like: Does our data support areje
tion of our null hypothesis H0 or not? The same prin
iple underlies thesomewhat generalized dogma of always, to almost any extent of e�ort, tryingto �nd a single p-value to represent �ndings through data.Our usage of the 
on
epts of fuzzy signi�
an
e or fuzzy interpretations
orresponds to leaving this paradigm and adopting a more eviden
e-based8To preserve the standardized properties, given perfe
t data, the weighting s
heme
onstraint ∑N
k=1 γ2

k = 1 is used.



2 FUZZY SIGNIFICANCE 7data approa
h. Of 
ourse, this 
omes with both the joy of advantages andat the 
ost of disadvantages. One may also note that we are not the �rst toadopt this view in linkage analysis (Thompson and Geyer, 2005; Thompson,2006). A more general dis
ussion of statisti
al eviden
e and eviden
e-basedapproa
hes is given in Taper and Lele (2004).2.1 The Inheritan
e DistributionWhen the inheritan
e distribution at a lo
us x,
pw(x) = P

(

v(x) = w|MD)

, w ∈ V, (6)is not a one-point distribution9 one fa
es imperfe
t data or, equivalently, theinheritan
e ve
tor at x is ambiguous.In this 
ase, for a single pedigree on a single 
hromosome, the joint in-heritan
e distribution with respe
t to the inheritan
e matrix (2) may beformulated as a latent variable problem. Here the marker data MD(x) isthe observable variable and the true inheritan
e ve
tor v(x) is the latent orhidden variable (x ∈ Ω).If using the Haldane map fun
tion (Haldane, 1919) one may interpret thisas a time-homogeneous hidden Markov model (HMM) (Rabiner, 1989; Cappéet al., 2005). The a
tual 
omputations of the joint inheritan
e distributionmay be performed using the so 
alled Lander-Green algorithm and its exten-sions (Lander and Green, 1987; Kruglyak et al., 1995; Kruglyak and Lander,1998; Ziegler and Koenig, 2006).The approa
h outlined here is an example of a multipoint analysis, i.e.that one, if needed, uses marker data MD[

c(x)
] from the whole 
hromosome

c(x) when 
al
ulating the distribution v(x). If only using the a
tual markerdata MD(x) at lo
us x leads to performing a single-point analysis.2.2 Revisiting the Standard Approa
hTo be able to perform a statisti
al test one needs to de�ne a problem-wisewell-adjusted test statisti
. How is that to be done in NPL-s
ore based NPLanalysis when the inheritan
e distribution shows ambiguity? At lo
us x,the standard or traditional approa
h (3) is to take the expe
ted value of the9In other words, when at least two distin
t w-values have a positive probability givenmarker data MD.



2 FUZZY SIGNIFICANCE 8pedigree-spe
i�
 NPL s
ores with respe
t to the inheritan
e distribution at x,re
apitulating (4),
Z(x) =

∑

w

pw(x)S(w) = Ew

[

S(w)
]

, w ∈ V, (7)and then perform statisti
al tests or 
al
ulate p-values with respe
t to this,or fun
tions of this, expe
ted-value based statisti
.Although the pro
edure in (7) seems reasonable it is to some extent anarbitrary approa
h sin
e no optimality behaviour is guaranteed. Moreover,the loss of information is, so to speak, masked or hidden through taking theexpe
ted value. Generally speaking, it may be argued that keeping the distri-bution of NPL s
ores {pw(x), S(w); pw(x) > 0} in (7) is in this sense an intu-itive pro
edure. One su
h approa
h is given in Thompson and Basu (2003),where the distribution of IBD-sharing-based s
ores are 
ompared betweenthe a
tually found distribution and a H0-simulated distribution 
onditionedon the same marker model and data availability.2.3 Randomized TestsAs a prefa
e to the fuzzy p-value dis
ussion we will brie�y outline the pro-
edure of randomized tests (Lehmann, 1959; Geyer and Meeden, 2005).When fa
ing dis
rete-valued data it is only possible to perform exa
t sig-ni�
an
e tests on a 
ountable number of distin
t signi�
an
e levels.10 Forthe 
omplementary set of signi�
an
e levels one may, in order to a
hieveexa
t signi�
an
e tests, introdu
e randomness with respe
t to the testingpro
edure.De�nition 1 (Randomized Test). Assume we want to perform a test onsigni�
an
e level α with respe
t to the test statisti
 T (X), reje
ting the nullhypothesis for large values of T (X). Assume that the statisti
 may attain a�nite number of values t1 < t2 · · · < tn. Now, if
P (T (X) ≥ ti) = fi > αand

P (T (X) ≥ ti+1) = fi+1 < α,10If the number of distin
t out
omes is a �nite number n, then the number of possibledistin
t exa
t signi�
an
e levels is n as well.



2 FUZZY SIGNIFICANCE 9attaining out
ome T (x) = ti one may, in order to get an exa
t signi�
an
etest, reje
t the null hypothesis with probability (

α−fi

fi+1−fi

).Regarding the deli
ate out
ome ti in De�nition 1, one may note that thisin some sense relates to reversing the interpretation of p-values and dealingwith an arti�
ial out
ome o

urring with probability zero. This out
omemay be seen as a hidden variable 
orresponding to the signi�
an
e level αthat may be seen as having a two-point p-value distribution with respe
t to
fi and fi+1 and their probabilities (

fi+1−α

fi+1−fi

) and (

α−fi

fi+1−fi

).Note that statisti
al testing with a �zed α, i.e. reje
tion/non-reje
tion ofa null hypothesis, 
alls for randomization only when having out
ome ti. Ifinstead letting α ∈ [0, 1] being a variable one de�nes (two-point) p-value dis-tributions with respe
t to the 
omplete set of arti�
ial s
ores 
orrespondingto the whole interval, from 0 to 1, of signi�
an
e levels α.2.4 The Inheritan
e Distribution-Based Fuzzy p-ValueGenerally one may generalize the 
on
epts of the pre
eding subse
tion asfollows:De�nition 2 (Fuzzy p-Value; General Version). Assume that we want tobase p-value 
al
ulations on a test statisti
 T (X), where X is dis
rete-valuedand hidden, but partially observable through Y . This is to be interpreted asthat the probability distribution P (X|Y = y) is 
omputable. Now one may
al
ulate a p-value distribution based on the set of s
ores T (xi) given that
P (X = xi|Y = y) > 0.In this paper we will apply De�nition 2 to the same 
ontext as in Thomp-son and Geyer (2005) and Thompson (2006). This means that we de�ne Xto equal inheritan
e ve
tors v(x) in (1) or inheritan
e matri
es v(x) in (2)and Y to equal the marker data MD(x) or MD(Ω).11 In this 
ase the p-valuedistribution 
onstitutes of the set of 
onditional p-values,

p(z|w) = α [S(w)] ,whi
h is based on all distin
t inheritan
e ve
tors w with positive probabilitygiven data, i.e the 
orresponding inheritan
e distribution (6), and the 
orre-sponding 
onditional s
ores S(w) applied to the signi�
an
e level fun
tion αgiven in (5)11This 
orrespond to lo
al and global testing respe
tively.



3 FUZZY P -VALUES IN LINKAGE ANALYSIS 10Alternative des
riptions, of more or less similarity to our approa
h, aregiven in e.g. the following arti
les: Filzmoser and Viertl (2004) where thefuzziness arises a

ording to un
ertainties (vagueness) in data itself12 andGeyer and Meeden (2005) whi
h primarily fo
uses on fuzziness a

ordingto dis
reteness of data.13 A somewhat similar 
ontext is the 
onstru
tion ofBayesian p-values (Meng, 1994), where the inheritan
e distribution-equivalent
orresponds to an underlying prior or posterior distribution. This may thenbe interpreted as a p-value distribution re�e
ting signi�
an
e 
al
ulationsunder un
ertainties with respe
t to spe
i�
 parameters.3 Fuzzy p-Values in Linkage AnalysisIn Se
tion 2.4 we introdu
ed the fuzzy p-value distribution in the 
ontextof linkage analysis. Here this pro
edure is outlined in more detail and fur-ther extended. Moreover, 
omplementary des
riptive measures introdu
edin order to summarize the distribution in 
onvenient and simple ways areintrodu
ed.3.1 Properties and InterpretationsGiven marker data MD, denote the number of 
onsistent inheritan
e ve
torswith |w|. This gives us a sequen
e of p-values,
p(z|w1), p(z|w2), . . . , p(z|w|w]),with 
orresponding eviden
e-based weights pw1

, pw2
, . . . , pw|w|

.14 Of 
ourse,
ompared to traditional single p-value 
al
ulations this p-value distributiongives a di�erent, more abstra
t and less dire
t signi�
an
e answer. Thoughthe interpretation is in this sense vaguer one keeps all the true (non-transformed)inheritan
e information, leading to a more 
omplete pi
ture. This 
orre-sponds to a sliding fo
us from reje
tion-based hypothesis testing into a moreeviden
e-based data oriented 
ontext.12See also, for instan
e, Grzegorzewski (2000, 2001).13They outline pro
edures of fuzzy alternatives and interpretations to both hypothesistesting, 
onstru
tion of 
on�den
e intervals as well as in the 
ontext of p-values. Note the
orresponden
e to the 
on
ept of randomized tests in Se
tion 2.3. This work was thenapplied to several nonparametri
 tests in Geyer (2005).14Vaguely speaking, the weights are eviden
e-based in the sense of fa
ilitating views as:'With probability pwi
the �nding p(z|wi) is a valid or true interpretation.'



3 FUZZY P -VALUES IN LINKAGE ANALYSIS 11Remark 6. One may note that if mini p(z|wi) > α or maxi p(z|wi) ≤ αstandard interpretations as non-reje
tion and reje
tion of 
orresponding sta-tisti
al tests on level α is permissible.3.2 Summarizing MeasuresGiven the p-value distribution one may 
onstru
t summarizing measuresbased on this distribution in order to produ
e more easily interpretable 
om-plements to the distribution in itself. An unlimited number of alternativesexists. Examples in
lude:- Cal
ulating the p-value mean, ∑|w|
i=1 p(z|wi)pwi

. This is similar but notequivalent to (7). Note the 
orresponden
e to the Bayesian formationof posterior means.- Cal
ulating spe
i�
 quantiles of the p-value distribution, for instan
e,the median or the �rst/third quartile. Due to dis
reteness one may use,if needed, the randomization pro
edure previously des
ribed.- Given a spe
i�
 prede�ned probability level α, 
al
ulating ∑

wi∈A pwi
,where A = {wi; p(z|wi) ≤ α}.

pwi
p(z1|wi) p(z2|wi) p(z3|wi)

w1 1/16 0.150 0.040 0.100
w2 1/16 0.150 0.035 0.010
w3 1/16 0.150 0.030 0.100
w4 2/16 0.100 0.025 0.050
w5 2/16 0.100 0.020 0.005
w6 2/16 0.100 0.015 0.050
w7 3/16 0.050 0.010 0.050
w8 4/16 0.010 0.005 0.005Table 1: An arti�
ial example of 
onstru
ting an overall p-value distributionbased on three distin
t s
ore fun
tions and 8 distin
t inheritan
e ve
tors,more or less probable, 
onsistent with data.



4 AN ARTIFICIAL EXAMPLE 123.3 ExtensionsUsing the fuzzy p-value approa
h, i.e. the full p-value distribution, we donot remove the un
ertainty with respe
t to the eviden
e for linkage from our�ndings. Apart from this un
ertainty the �nal eviden
e also 
learly dependson the sour
e responsible for produ
ing them, i.e. the 
hoi
e of s
ore fun
tion.The performan
e of a spe
i�
 s
ore fun
tion varies a
ross true, but hidden,geneti
 disease models. With this in mind it might seem appealing to mergethe p-value distributions produ
ed using several distin
t s
ore fun
tions intoan overall distribution.Algorithm 1 (Overall p-Value Distribution). Assume |S| distin
t s
orefun
tions.Step 1 For ea
h s
ore fun
tion Sj, j = 1, 2, . . . , |S|, divide all 
orresponding
p-value weights with |S|. Expli
itly, pj

wi
7→ p

w
j

i
/|S|, i = 1, 2, . . . , |w|.Step 2 Merge all previously found p-values into an overall distribution. Ex-pli
itly, this distribution is based on p(zj |wi), j = 1, 2, . . . , |S| and

i = 1, 2, . . . , |w|, with the 
orresponding new weights from Step 1.One might note that: (i) The inheritan
e distribution is the same thoughthe s
ore fun
tions, and therefore the results, 
hanges. This implies thatexa
tly the same inheritan
e ve
tors w1, w2, . . . , w|w|, and weights, are usedthroughout Algorithm 1. (ii) Of 
ourse, not all p-values or 
orrespondingweights are numeri
ally distin
t. If not, the distribution is formed by sum-ming the appropriate weights 
orresponding to similar p-values.4 An Arti�
ial ExampleNext, we will give an arti�
ial example in order to show how the te
hniquesoutlined in this se
tion works. The basi
 data in the form of p-values and
orresponding weights is given in Table 1 and the three individual, as well asthe overall, p-value distributions are displayed in Figure 1. Note that in this
ase |S| = 3 and |w| = 8.Using some of the summarizing measures previously des
ribed in Se
-tion 3.2 on these distributions gives: (i) The minimum p-values mini p(z|wi)are 0.01, 0.005 and 0.005 in the three individual 
ases. (ii) The maximum
p-values maxi p(z|wi) are similarily 0.15, 0.04 and 0.10. Here the se
ond



4 AN ARTIFICIAL EXAMPLE 13s
ore fun
tions produ
es results that may be interpreted as 
lear eviden
efor reje
ting a standard test for no linkage on the 5%-level. (iii) The mean
p-values ∑

i p(z|wi)pwi
are 0.0775, 0.0172 and 0.0369 respe
tively. The over-all mean is 0.0439. (iv) Given the probability level α = 0.05 and letting

A = {wi; p(z|wi) ≤ α} the probabilities ∑

w∈A pw are 0.4375, 1 and 0.8750.The overall probability is 0.7708.In this 
ase the three s
ore fun
tions provide us with quite similar results,though the eviden
e for linkage is strongest using S2, followed by using S3and S1. The overall eviden
e indi
ates, but is not truly 
onvin
ing, possiblelinkage at this (arti�
ial) lo
us.
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Figure 1: The three individual, and the merged overall, p-value distributionswith respe
t to the data given in Table 1.
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A TYPES OF SIGNIFICANCE 17A Some Notes on Types of Signi�
an
e Cal
u-lationsIn this text we have not expli
itly suggested whi
h type of signi�
an
e 
al-
ulations to perform. For instan
e one may: (i) Cal
ulate p-values at allin
luded markers and then draw evidential 
on
lusions. (ii) Choose onemarker a

ording to some summarizing 
riterion, for instan
e using the stan-dard genome-wide maximum Zmax based on (4), and then produ
e p-valuedistributions at this marker.15One may also note that the a
tual signi�
an
e �gures may be presentedon either a pointwise or a genome-wide s
ale. We suggest the latter approa
hwhi
h in a general sense, more or less, 
orre
ts for multiple testing a

ordingto s
anning through multiple markers.

15One may also use several interesting markers by adjusting the 
riterion to 
hoosemarkers 
orresponding to, for instan
e, the k largest standard NPL s
ores.


