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Abstra
tType 2 diabetes is a serious, geneti
ally in�uen
ed disease for whi
h no fullye�e
tive treatments are available (Gelder Ehm et al.(2000)) [15℄. The mole
-ular basis of type 2 diabetes is unknown, to a great extent be
ause of thesubstantial lo
us heterogeneity that is asso
iated with diabetes risk (GelderEhm et al.(2000) [15℄ and Parker et al.(2001) [17℄). However, studies indi
atethat a geneti
 
omponent exists. Type 2 diabetes is a 
omplex disorder andtherefore it is assumed to depend on the a
tions and intera
tions of multiplegeneti
al and environmental fa
tors (see for example Cox et al.(1999) [9℄).Simultaneous 
onsideration of sus
eptibility from multiple regions may im-prove the possibility to �nd genes that are involved in the me
hanism behinda 
omplex disorder [9℄.In this work 
onditional two-lo
us NPL-analyses will be performed. Thatmeans that one uses one-lo
us family s
ores from interesting regions (mark-ers) to weight the results from other regions and �nally, as a result, get the
onditional two-lo
us NPL-s
ore. This aims to �nd two 
orrelated regionsin linkage with the disease. Theory that des
ribes how to 
al
ulate p-valuesunder the null hypothesis of no linkage, whi
h will make it possible to draw
on
lusions about any possible signi�
an
e of the results, will be des
ribedand applied to the present data set. Aspe
ts of robustness will be dis
ussed.The data set 
onsists of 2606 individuals belonging to 337 families origi-nating from Sweden and Finland.
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1 Introdu
tionType 2 diabetes is a serious, geneti
ally in�uen
ed disease for whi
h no fullye�e
tive treatments are available (Gelder Ehm et al.(2000)) [15℄. The mole
-ular basis of type 2 diabetes is unknown, to a great extent be
ause of thesubstantial lo
us heterogeneity that is asso
iated with diabetes risk (GelderEhm et al.(2000) [15℄ and Parker et al.(2001) [17℄). But, however, studiesindi
ate that a geneti
 
omponent exist, with a re
urren
e risk to �rst degreerelatives of about 3.5 (Gelder Ehm et al.(2000) [15℄ and Ri
h(1990) [16℄).Type 2 diabetes is a 
omplex disorder. A

ording to Cox et al.(1999)[9℄ the transmission of su
h disorders is 
omplex and dependent on the a
-tions and intera
tions of multiple geneti
al and environmental fa
tors. Theyalso point out that simultaneous 
onsideration of sus
eptibility from multipleregions may improve the possibility to �nd genes that are involved in theme
hanism behind a 
omplex disorder. That kind of 
onsiderations will beused in this work.Further arti
les about the genomewide sear
h for type 2 diabetes sus
ep-tibility genes may be found in, for example, Cox et al.(1999) [9℄, Gelder Ehmet al.(2000) [15℄, Parker et al.(2001) [17℄ and Mahtani et al.(1996) [18℄.1.1 Contents: Chapter by ChapterIn 
hapter 2 the biologi
al de�nitions and notations that are needed to un-derstand the text and what it is all about is introdu
ed. Chapter 3 is thestart for a more mathemati
al des
ription of this biologi
al issue. Basi
theory regarding non-parametri
 linkage analysis, in
luding the inheritan
eve
tor and the 
on
ept of s
ore fun
tions, is explained and set into the appro-priate 
ontext. In the following se
tion, 
hapter 4 the more spe
i�
 theorythat is needed to perform the analyses in this work and later on be able tofully interpret the results is introdu
ed. The �-parameter is de�ned. Howto 
al
ulate an overall signi�
an
e value(p-value) that is 
orre
ted for mul-tiple testing, using asymptoti
 approximations, is explained. In 
hapter 5these theoreti
al ideas are applied to a real data set and analyses a

ordingto di�erent weighting s
hemes and to 
onditioning on di�erent markers, po-sitioned on distin
t 
hromosomes, are performed. P-values are 
al
ulated.Some properties of the �u
tuation parameter, �, are dis
ussed. Monte Carlosimulations of inheritan
e ve
tors, to be able to 
al
ulate the �-value forlarge pedigrees, are brie�y mentioned. Robustness related to usage of dif-ferent s
ore fun
tions, the in�uen
e of questioned outliers and to di�erentweighting s
hemes are dis
ussed. The results 
onditioning on some prede-4



�ned interesting regions are presented. In the last part, 
hapter 6 a shortsummary and dis
ussions about the results of this work are given. In the ap-pendix a total presentation of the results will be given in the form of graphsand as plain and simple numeri
al values.1.2 Thank You!I would like to thank my supervisor Ola Hössjer1 who always has an ideaat hand when needed and who also was extremely helpful throughout thepro
ess behind this proje
t. I would also like to thank the people at the Wal-lenberg Laboratory2 in Malmö, espe
ially Leif C. Groop and Peter Almgrenfor their help and for giving me the opportunity to work with some of theirgood, well prepared, data.

1Department of Mathemati
al Statisti
s, Lund University, Lund.2Wallenberg Laboratory, Department of Endo
rinology, Malmö University Hospital,Lund University, Malmö. 5



2 A Brief Introdu
tion to Geneti
sThis will be a short summary of biologi
al de�nitions that are needed inthe following 
hapters. For a deeper des
ription of this area see for exam-ple [1℄, [2℄ or [3℄. If you really want to understand these 
omplex pro
essesyou might 
onsider to read a textbook in geneti
s. The books mentionedabove have been the sour
e of information for the following se
tions.2.1 Chromosomes and GenesIn the human individual there is a set of 23 pairs of 
hromosomes, lo
atedto the 
ell nu
leus, in every 
ell of the body. Ea
h 
hromosome 
ontainstwo long strands of DNA3 that are twisted around ea
h other and normallybound to ea
h other by hydrogen bonds. Ea
h strand of DNA is made upby a sequen
e of subunits 
alled nu
leotides. These subunits is made upby a sugar, a nitrogenous base and phospates. There are four di�erentkinds of nitrogenous bases4 that may be seen as letters in a four-letter-alphabet and, a

ording to the spe
i�
 order of the bases, build di�erentwords. This long word is translated into proteins that is made up by so 
alledamino a
ids. In a simpli�ed manner you may de�ne a gene as a segmentof DNA, within a 
hromosome, that spe
i�es the amino a
id sequen
e of asingle subunit of a protein and therefore are responsible for the expressionsof spe
i�
 
hara
teristi
s. Intera
tion among genes that leads to spe
i�
expressions is 
alled epistasis.All the 
ells in the human being are derived from a single 
ell 
alledthe zygote. This 
ell is formed by the union of two gametes5. The spe-
ial form of 
ell division that produ
es gametes is 
alled meioses(daughter
ells 
ontains 23 
hromosomes) in 
ontrast to normal 
ell division that is
alled mitosis(daughter 
ells 
ontains 46 
hromosomes). The two 
hromo-somes of a 
hromosomal pair originates from di�erent gametes. One ga-mete normally 
ontains 22 non-sex 
hromosomes (autosomes) and one sex-
hromosome. Two 
hromosomes of the same sort (for example 
hromosome1) are 
alled homologous.The 
ombination of all the DNA 
hara
teristi
s in a human being is 
alledthe human genome. A representation of the lo
ation of genes on the 
hromo-some are 
alled a geneti
 map. A lo
us may be de�ned as a spe
i�
 positionin the genome and will be an important 
on
ept later on. An allele maybe seen as a spe
i�
 DNA sequen
e at a lo
us. Di�erent kinds of sequen
es3DNA is shorthand for deoxyribonu
lei
 a
id4Adenine(A), guanine(G), 
ytosine(C) and thymine(T)5The two kinds of gametes are the ovum and the sperm6




orresponds to di�erent alleles. The terminology in this area is dis
ussedand may be somewhat di�erent.2.2 Re
ombinations and CrossoversThe two di�erent alleles at a lo
us 
onstitutes the so 
alled genotype of thepresent individual. The expression of a given genotype is 
alled a phenotype.For example, if one 
onsider the ABO blood group lo
us there are threedi�erent kinds of alleles fA;B;Og that with all possible 
ombinations formssix distin
t genotypes fAA;AB;AO;BB;BO;OOg and these 
ombinations
orresponds to the four possible phenotypes (bloodgroups)fAAA=AO; BBB=BO ; ABAB ; 0OOg, where the lower
ase indexes 
orrespondsto the genotypes that 
onstitutes that spe
i�
 phenotype. A genotype 
on-sisting of two alleles that are of the same sort fAA;BB;OOg are 
alledhomozygous and genotypes with distin
t alleles fAB;AO;BOg are 
alledheterozygous.At a spe
i�
 lo
us one allele will be inherited from the mother and theother one will be inherited from the father. The mother and father them-selves have inherited their alleles from the grandfathers and grandmothers.If one 
onsiders two di�erent lo
i A and B, then the maternal(paternal) ga-mete is de�ned to be non-re
ombinant with respe
t to these two lo
i if thematernal(paternal) alleles in the o�spring (at these lo
i) both originates fromthe same grandparent. Otherwise the gamete are de�ned to be re
ombinant.The probability that two lo
i are re
ombinant is 
alled the re
ombinationfra
tion, �, (with respe
t to these spe
i�
 lo
i) with the restri
tion that � isde�ned to be 1/2 if the probability is greater than 1/2. Lo
i on the same
hromosome are said to be synteni
 and lo
i on di�erent 
hromosomes aresaid to be non-synteni
. In the latter 
ase � is de�ned to be 1/2 be
ausethe inheritan
e of gametes from di�erent 
hromosomes are supposed to beindependent. In the former 
ase the gametes inherited are the same, but aphenomenon 
alled 
rossover slightly 
ompli
ates the pi
ture.During meioses, 
ell division leading to the formation of gametes, homol-ogous 
hromosomes pair up. A 
hromosome pair 
onsists of four strandsthat here will be 
alled 
hromatids. The non-sister 
hromosomes is in 
on-ta
t with ea
h other at zones 
alled 
hiasmata. At su
h positions a so 
alled
rossover takes pla
e. See �gure 1 to, hopefully, get a 
learer view.Now there are four di�erent 
hromatids where some of them may be builtby alternating fragments originating from both of the grandparents. Ea
h ga-mete then re
eives one of the four 
hromatids to 
onstru
t 23 
hromosomes.The 
ombined gametes from the maternal/paternal meioses then form the7



o�springs human genome. If one on
e again looks at �gure 1 and fo
useson lo
i A/D then inheritan
e of the, starting from left, �rst or third 
hro-matids 
orresponds to a gamete non-re
ombination and therefore, somewhatself-explained, the se
ond or fourth 
hromatid will naturally 
orrespond togamete re
ombinations.Crossovers appear quite random with the ex
eption that the probabilityof a 
rossover 
losely following another one is mu
h lower than otherwise.This is 
alled 
hiasma interferen
e. The re
ombination fra
tion are relatedto the 
on
ept of map distan
e, m(�), in su
h a way that map distan
e,between two lo
i, is de�ned to be the expe
ted number of 
rossovers takingpla
e between them on a single 
hromatid during meioses. The distan
e ismeasured in Morgans(M). The human sex-averaged autosomal map lengthusually is measured to be about 33 Morgans but newer investigations showthat it may be slightly longer, about 36 Morgans. The average 
hromosome isthen about 1.5 Morgans long, whi
h a

ording to the de�nition above meansthat the expe
ted value of 
rossovers on the average 
hromosome equals 1.5.Exa
t 
orresponden
e between map distan
e and the re
ombination fra
tionmay be des
ribed with so 
alled map fun
tions6. Des
riptions of the mostimportant map fun
tions may be found in, for example, [1℄ or [2℄.

6For example the Haldane map fun
tion is desribed as: m(�) = � 12 ln(1� 2�)8
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Figure 1: Chromatids 
rossing over ea
h other during meioses.3 Introdu
tion to Non-Parametri
 Linkage Analy-sisHere, in this 
hapter, basi
 de�nitions and methods 
onsideringNPL-analysiswill be des
ribed. The alternative approa
h, parametri
 linkage analysis, andsome 
omparisons between these di�erent ways of performing linkage analysiswill be dis
ussed in the last se
tion below.3.1 Basi
 De�nitionsIn the following subse
tions important 
on
epts as the inheritan
e ve
torand the di�eren
e between singlepoint and multipoint linkage analysis willbe explained.3.1.1 The Inheritan
e Ve
torA pedigree is a set of relatives. The stru
ture of a pedigree may be repre-sented as a mathemati
al tree. The members of a pedigree may be dividedinto two subgroups: founders and non-founders. Founders are individuals9



whose parents are not in the pedigree and non-founders are individuals whoseparents belong to the present pedigree.
male female

X Y: alleles present at
this locus

X: paternal allele
Y:maternal allele

1 2

3 4

AB

BC

BC

BB

Note: individuals 1/2 share one allele IBS (not IBD),
individuals 3/4 share one allele IBD (and IBS).Figure 2: Representation of inheritan
e at one lo
us with one family.Two individuals are said to share an allele that is identi
al-by-des
ent(IBD)if they have inherited the same spe
i�
 allele originating from a spe
i�
founder. If two individuals 
arry an allele of the same sort, with the sameDNA-sequen
e, at a lo
us they are said to share the allele identi
al-by-state(IBS). Obviously sharing an allele IBD implies sharing the allele IBS,but the reverse impli
ation is 
ertainly not true. For an example, take a lookat �gure 2.Every individual have two alleles present at ea
h lo
us. One allele isinherited from the mother and may be 
alled the maternal allele, the otherallele is inherited from the father and may be 
alled the paternal allele. Ata spe
i�
 lo
us, x, the whole inheritan
e pro
ess, for a given pedigree, maybe des
ribed using a so 
alled inheritan
e ve
tor, v(x). Some notation: n isthe number of individuals in the pedigree, f is the number of founders, n�fis the number of non-founders and m = 2(n � f) is the number of meiosespresent during the inheritan
e of alleles for this pedigree. Then v(x) may bede�ned as: v(x) = (p1;m1; p2;m2; : : : ; pn�f ;mn�f ) (1)In (1) pi and mi are de�ned to be equal to 0 if the i:th nonfounderspaternal and maternal allele respe
tively origin from a grandfather and tobe equal to 1 if they origin from a grandmother. To get an example lookat �gure 2 where the inheritan
e ve
tor at that lo
us, x, equals v(x) =10



(1; 1; 1; 0).3.1.2 Markers and Multipoint AnalysisA geneti
 polymorphism refers to the situation where several di�erent alleles(DNA sequen
es), at a lo
us, exists in a population. If a polymorphism isreliably dete
table and highly variable (
.f. Sham [1℄) it may be used as ageneti
 marker. A marker is a lo
us, at a known or estimated position inthe genome, where it has been possible to measure the alleles present forthe a
tual pedigrees. There exist several di�erent methods to measure thealleles (see for example [1℄ or [2℄).In NPL-analysis one de�nes geneti
 linkage, to a lo
us, to be deviationsfrom random inheritan
e of the founder alleles among people with a 
ertaingeneti
al expression (in our 
ase a�e
ted individuals) at that lo
us. If onewants to �nd a possible linkage within a region, then one has to test forlinkage against markers that are 
overing the whole region of interest. Thein
luded markers gives us a marker map. If one �nds linkage to a spe
i�
marker, then one 
an draw the 
on
lusions that there is linkage to a lo
usin that region, whi
h 
ould be the marker lo
us or some non-marker lo
uspositioned in the neighbourhood. That 
on
lusion is based on the relation-ship between map distan
e and re
ombinations. A situation with a shortmap distan
e between lo
i impli
ates a small probability of re
ombinationbetween lo
i whi
h itself impli
ates that linkage to a region will be dete
tableat neighbouring marker lo
i. To �nd a more pre
ise position one has to in-
lude more markers in that region, whi
h will give a denser map. It may beimportant to stress the fa
t, as Terrwilliger/Ott do [3℄, that the term linkagerefers to lo
i not to spe
i�
 alleles at these lo
i.Sometimes there will be in
omplete information in the a
tual data set thatone works with. Data may be lost, unable to measure, non-polymorphi
 et
.For example if an individual is homozygous at a lo
us it may be impossible to�nd out if it was the maternal allele or the paternal allele that was inherited.Several measures of the information 
ontained in the data set at a lo
usexists. In my investigations I used the 
omputer program Allegro (see [5℄)and that program uses measures given by equations (2.2) (
ombined forall families) and (2.4) (per family) in Ni
olae (1999) [6℄. The informationmeasure is usually ranging from 0 (no information) to 1 (full information).If one just uses the information 
ontained in the data set at the presentspe
i�
 lo
us of investigation one performs a singlepoint linkage analysis, butif one is using the information 
ontained in the data set at the surroundingmarker lo
i as well one performs a multipoint linkage analysis. In the lat-11



ter 
ase the extra
ted information when performing linkage analysis will bein
reased. In other words one uses the information 
ontained in the inheri-tan
e ve
tors from the surrounding markers to try to, in a probabilisti
 way,�ll the non-informative gaps at the investigated lo
us. So, in the multipoint
ase one 
an perform the analysis using the multipoint inheritan
e ve
torv(x) (see 1), where x belongs to the set of markers and where the elements
hanging between 0 and 1 when a re
ombination has taken pla
e betweenthe two marker positions at that spe
i�
 meioses. In the investigations per-formed in this work multipoint analysis has been performed and Allegro (see[5℄) uses the theory of Hidden Markov Models (HMM), and known re
ombi-nation fra
tions between markers, to gain information from the neighbouringmarkers in that 
ase. For further reading about related topi
s it might beinteresting to 
onsider, for example, Kruglyak et al. (1996) [4℄ and Lan-der/Green (1987) [20℄.3.2 S
ore Fun
tionsSo how does one measure linkage in the non-parametri
 
ase? Usually oneuses mathemati
al fun
tions 
alled non-parametri
 s
ore fun
tions.3.2.1 One-Lo
us S
ore Fun
tionsIn the one-lo
us linkage analysis 
ase the non-parametri
 s
ore fun
tion maybe written as S1(v) = S1(v;Y ) where v is the inheritan
e ve
tor at theparti
ular lo
us of interest (found by singlepoint or multipoint analysis) andY is the phenotype ve
tor(in our 
ase: diseased/not diseased).One simple and 
ommon s
ore fun
tion is the so 
alled Spairs fun
tionwhi
h is de�ned as follows:Spairs(v) = X(p;q) Spq(v); (2)where (p; q) in the summation refers to pairs of a�e
ted people in the pedi-gree, Spq(v) =P1i=0P1j=0 �ij(p; q) and �ij(p; q) is 1 if allele i of p and allelej of q are IBD and 0 otherwise.The fun
tion that will be used later on in this work is 
alled Sall. It isde�ned as follows: Sall(v) = 2�aXh 2fYi=1 bi(h)! (3)where a is the number of a�e
ted individuals in the pedigree, h is a sele
tionthat pi
ks one of the two present alleles for ea
h a�e
ted individual, bi(h)is the number of times founder allele number i (i = 1 : : : 2f) appears in12



h (given v) and the sum is taken over all the possible ways of 
hoosingh. The s
ore may be seen as the average number of permutations thatpreserve a 
olle
tion obtained by 
hoosing one allele from ea
h of the a�e
tedindividuals in the pedigree (
.f. [4℄). The two fun
tions des
ribed above haveboth been explained by for example Whittemore and Halpern (1994) [7℄. Infa
t they even introdu
ed the latter one of these two formulas.The reason to favour Sall is that one 
an often gain statisti
al power when
onsidering larger sets of a�e
ted individuals than just pairs (
.f. [4℄ and [7℄).It is in some fashion, as Kruglyak et al(1996) [4℄ points out, more impressingto �nd that, for example, six individuals share the same allele IBD than thatea
h pair of them share some allele IBD. Kruglyak et al. (1996) have 
om-pared these two methods and found that the latter s
ore fun
tion performedthe best in almost all their investigations. On the negative side, as we shallse later on, that s
ore may in some situations not be that robust be
ause ofthe sharply in
reased weight when the number of a�e
ted individuals sharinga spe
i�
 allele in
reases.The 
omputer program Allegro [5℄, that I used in my investigations, isalso able to perform NPL-analysis using three other s
ore fun
tions 
alledShomoz, Srobdom and Smnallele. None of these three s
ore fun
tions will bedes
ribed any further in this work.The rest of this subse
tion will 
losely follow the presentation by Kämpe(2001) [8℄ in
luded in his Master's thesis. Let us get ba
k to the formaldes
ription of the one-lo
us s
ore fun
tion S1(v). To get a proper test statis-ti
 one usually normalizes the s
ore and as a result one gets the normalizedone-lo
us s
ore fun
tion Z1(v):Z1(v) = S1(v)� �1�1 (4)where �1 =Xw S1(w)pv(w)and �21 =Xw S1(w)2pv(w)� �21In the equations shown above pv(w) refers to the probability distribution ofw under the null hypothesis H0 : no linkage. It equals pv(w) = P (v = w) =2�m. It is easy to show that under H0; E(Z1(v)) = 0 and V (Z1(v)) = 1.A more 
ommon way to present this normalized s
ore is as a fun
tion ofthe marker position instead of as a fun
tion of the inheritan
e ve
tor at aspe
i�
 marker. Z1(x) =Xw P (v(x) = w)Z1(w); x 2 
; (5)13



where 
 is the union of all marker positions and P (v(x) = w) is the proba-bility fun
tion for the inheritan
e ve
tor v(x) given the marker data. Withperfe
t information 
ontained in the marker data at position x the equation,Z1(x) = Z1(v(x)), holds be
ause v(x) is determined to be a single spe
i�
value with probability one.3.2.2 Two-Lo
us S
ore Fun
tionsTwo-lo
us s
ore fun
tions are mainly just a generalization of the one-lo
us
ase. In this situation one wants to be able to 
apture problems where twodi�erent lo
i in some fashion 
ooperates a

ording to geneti
al expressionsas in, for example, diseases. The two-lo
us s
ore fun
tion may formally bewritten as S2(v; v0) = S2(v; v0;Y ) where v; v0 are the inheritan
e ve
tors atthe two di�erent lo
i involved and Y , as before, is the phenotype informationfrom the pedigree. The normalized s
ore fun
tion will then be possible toexpress as: Z2(v; v0) = S2(v; v0)� �2�2 (6)where �2 = Xw;w0 S2(w;w0)pv;v0(w;w0)and �22 = Xw;w0 S2(w;w0)2pv;v0(w;w0)� �22:As a generalized version of the one-lo
us 
ase above pv;v0(w;w0) refers tothe joint probability distribution of v; v0 under the null hypothesis H0 :no linkage. If the two lo
i are situated on di�erent 
hromosomes it equalspv;v0(w;w0) = P (v = w; v0 = w0) = 2�2m.As above this normalized s
ore usually is presented in a slightly di�erentform. Z2(x; x0) = Xw;w0 P (v(x) = w; v(x0) = w0)Z2(w;w0); x; x0 2 
; (7)where P (v(x) = w; v(x0) = w0) is the joint probability fun
tion for the inher-itan
e ve
tors v(x) and v(x0) given the marker data. If these two positions,x and x0, are situated on di�erent 
hromosomes, and therefor v(x) and v(x0)are mutually independent, one may simplify this expression a bit further:Z2(x; x0) = Xw;w0 P (v(x) = w)P (v(x0) = w0)Z2(w;w0); x; x0 2 
; (8)where 
(x) 6= 
(x0) and 
(x) denotes the 
hromosome where marker positionx is situated. 14



A

ording to Ott (1999) [2℄ two-lo
us inheritan
e appears quite frequentlyin nature, so it may be of interest, in some 
ases, to perform analysis withaid of that kind of methods. Of 
ourse, there is nothing that says that thestru
ture behind 
ertain geneti
al expressions, for example 
omplex diseases,would not be more 
omplex so generalizations of higher degree may 
ertainlybe interesting in some situations. The problem will be, as usual, that more
omplex models will in
rease the number of possible analyses to perform andmaybe with even higher degree the 
omplexity of the 
omputations.One may perform di�erent kinds of two-lo
us linkage analysis. One ap-proa
h is to look simultaneously for the two marker lo
i involved (x; x0), butthe approa
h in this work will be to perform a so 
alled 
onditional two-lo
usNPL-analysis. In this 
ase one does not need to 
onsider jointly two-lo
uss
ore fun
tions, but rather two-lo
us s
ore fun
tions that are made up by
ombinations of one-lo
us s
ore fun
tions. The 
onditional approa
h hasbeen des
ribed, for example, by Cox et al.(1999) [9℄.3.3 Parametri
 vs. Non-Parametri
 Linkage AnalysisIn parametri
 linkage analysis one assumes that the geneti
al model of thedisease is known. One then usually uses the so 
alled lod s
ore method whereone performs some sort of likelihood ratio test with the re
ombination fra
tionas an unknown parameter and under the null hypothesis set as H0 : � = 12
orresponding to no linkage. Using this method one maximizes the lod s
oreZ(�) with respe
t to � where:Z(�) = log10  L(�)L(12 )! ; (9)then the found value will be the best estimate of � 
alled �̂ and a largepositive value of Z(�̂) will favour the alternative hypothesis of linkage.Of 
ourse, there are both positive and negative sides of 
hoosing either ofthese two approa
hes. As Kruglyak et al. (1996) [4℄ point out NPL-analysis ismu
h more robust 
onsidering un
ertainty about the mode of inheritan
e a
-
ording to the disease. They also notify that even if the parametri
 approa
hperforms better under the true model the NPL-analysis loses relatively lit-tle power relative to that approa
h in that situation. They suggest thatNPL-analysis should be performed when there is not mu
h known about themode of inheritan
e, whi
h is the 
ase when 
onsidering 
omplex diseases.This is the situation one has to 
onfront in this work when type 2 diabetes is
onsidered. The same opinion seems to be shared by Terrwilliger/Ott (1994)[3℄. 15



On the negative side, a

ording to Sham (1998) [1℄, is that when per-forming NPL-analysis one has to 
hoose between a lot of di�erent modelswhen de
iding whi
h weighting s
heme to use for di�erent kind of pedi-grees/individual pairs in a pedigree/individuals in a pedigree et
. Shampoints out that the optimal weighting system depends on the true model ofinheritan
e so in that aspe
t the non-parametri
 analysis is in fa
t paramet-ri
!

16



4 NPL-Analysis: Further Theoreti
al NotesIn this 
hapter the theory that is needed to understand the results des
ribedin the next 
hapter will be introdu
ed. First the important 
on
ept of 
ondi-tional NPL-analysis will be des
ribed (
.f. for example Cox et al.(1999) [9℄).It is a method well suited for the two-lo
us non-parametri
 linkage analysis
ase.4.1 Conditional NPL-AnalysisThis subse
tion will quite 
losely follow the presentation made by Kämpe(2001) [8℄. The following expe
ted value 
al
ulations are performed underthe null hypothesis of no linkage and assuming that the two lo
i involvedare situated on di�erent 
hromosomes. First we 
reate the multipli
ativetwo-lo
us s
ore fun
tion.S2(v; v0) = ~S1(v)S1(v0)� �1�1 = ~S1(v)Z1(v0) (10)Using that �2 = E(S2(v; v0)) = 0 and �22 = V (S2(v; v0)) = ~�21 + ~�21 we 
anthen, as in the one-lo
us 
ase (see equations 4 and 6) form the normalizedtwo-lo
us s
ore fun
tion.Z2(v; v0) = S2(v; v0)� �2�2 = ~S1(v)q~�21 + ~�21Z1(v0); (11)where ~�1 and ~�1 are de�ned in the same manner as in equation (4).Now we fa
e a situation where we have to, in some way, use the resultsfrom the one-lo
us 
ase, Z1(v), to be able to get an expli
it value out ofthe equation in the 
onditional two-lo
us 
ase. This has been dis
ussed byfor example Cox et al. (1999) [9℄. In their paper they have presented threedi�erent fun
tions whi
h are all of the form ~S1(v) = 
(Z1(v)). These fun
-tions are exa
tly the same fun
tions that has been used during the analysesperformed in this work. These three di�erent fun
tions are given here:
prop(Z) = Z � 1fZ>0g
01(Z) = 1fZ>0g (12)
het(Z) = 1fZ<0gThe �rst two fun
tions are suited for situations when there are positive inter-a
tions (epistasis) between genes while the last fun
tion is appropriate to usein situations when geneti
 heterogeneity is present. Of 
ourse, when 
onsider-ing 
omplex diseases there may be a 
omplex explanation to the disease that17



will 
onsist of both a system of geneti
 intera
tions (epistasis/heterogeneity)and 
ertain environmental fa
tors. A

ording to Cox et al.(1999) [9℄ ani-mal studies have suggested that epistati
 intera
tions between genes at leastpartially are responsible for type 2 diabetes whi
h is the disease that will bestudied, in a statisti
ally applied way, in the next 
hapter.To be able to perform real-data analyses one needs to be able to weightthe NPL-s
ores from di�erent pedigrees together to get an overall NPL-s
ore. In this work the theory above has been used to perform a 
onditionalweighting. Then the 
-fun
tions, that were de�ned above, may be seen asfamily-spe
i�
 weights. The two-lo
us s
ore fun
tion for pedigree number kmay be des
ribed as (
.f. equations 5 and 7):S2k(x; x0) = Xw;w0 P (vk(x) = w)P (vk(x0) = w0)S2(w;w0)= �Xw P (vk(x) = w) ~S1(w)�Z1k(x0) (13)= 
k(x)Z1k(x0)As noted before ~S1 = 
(Z1(w)) and then 
k(x) may be expressed as:
k(x) = E(
(Z1(vk(x))) =Xw P (vk(x) = w)
(Z1(w)) (14)It is 
omputationally preferable to move the expe
tation in (14) within
(�), sin
e then the one-lo
us s
ore fun
tion (5) 
an be utilized. This willgive us an expression that will look like...
k(x) = 
(E(Z1(vk(x)))) = 
�Xw P (vk(x) = w)Z1(w)� = 
(Z1k(x)) (15)Now the equality between (15) and the equations (13) and (14) does not holdbut in return we get an expression where all we need to know to 
al
ulate theoverall NPL-s
ore are the individual NPL-s
ores for the di�erent pedigreesin
luded in the study. Conditioning on the one-lo
us NPL-s
ores at a spe
i�
marker x the weights 
k in (15) will be 
onstants and it is an easy task to
al
ulate the two-lo
us normalized weighted s
ore fun
tion:Z2(x; x0) = PPk=1 S2k(x; x0)�PPk=1E(S2k(x; x0)jZ1k(x))p(PPk=1 V (S2k(x; x0)jZ1k(x)))= PPk=1 
k(x)Z1k(x0)p(PPk=1 
k(x)2) (16)18



= PPk=1 
(Z1k(x))Z1k(x0)p(PPk=1 
(Z1k(x))2) ;where P is the number of pedigrees. This is how the overall NPL-s
oreis 
al
ulated by the 
omputer program Allegro [5℄ whi
h has been used toperform the investigations dis
ussed in the next 
hapter.4.2 Cal
ulations: p� valuesNow we are fa
ing a situation where one may perform genome-wide NPL-analyses and �nd a maximum two-lo
us NPL-s
ore. To put more meaninginto that single value we need to 
al
ulate some sort of probability, a so
alled p-value, of how unusual it is to �nd a value like that we have foundunder some prede�ned null hypothesis. This question will be dealt with inthe following paragraphs of this se
tion.One way to 
al
ulate a p-value is by using the te
hnique of permutationtests and then, for example, pi
k the family weights, with/without repla
e-ment, from the pooled sample of all the family weights given by the resultsfound at the 
onditioning marker. Several alternative methods to 
al
ulaterelated but di�erent kind of p-values may be used. We will use one of them,whi
h follows a quite di�erent approa
h 
ompared to the one mentionedabove.First we need some further notations. The indexing et
 will, in as manyways as possible, be 
onsistent with the notations in the presentation byKämpe (2001) [8℄.The interesting one-point regions, marker positions, where the family-spe
i�
 NPL-s
ores whi
h will be used to 
onditionally perform two-lo
usanalyses have been 
al
ulated, will be de�ned as follows:D = fx̂1; x̂2; : : :g; Z1(x̂i) > T; (17)where T is a NPL-s
ore threshold, Z1(x̂i) is the maximum NPL-s
ore amongthe markers lo
ated on 
hromosome 
i, 
i 2 C, C is 
onsisting of the22 di�erent autosomes (non-sex 
hromosomes) and all the 
hromosomes
i(x̂i) present are di�erent.When one 
onditions on the results at several di�erent markers and/oruse more than one di�erent weighting s
heme (see equation 12) one needs to
orre
t the found p-value for multiple testing. This issue will be dis
ussed inmore detail in the end of this se
tion. For now we assume that we performa 
onditionally two-lo
us NPL-analysis 
onditioning on the results at onemarker position, x̂, and that we will only use one single weighting s
heme.19



The statisti
 for the maximum NPL-s
ore may then be written as:Zmax = supfZ2(x̂; x0); x0 2 
; 
(x0) 6= 
(x̂)g; (18)whi
h means that we found the maximum value of the present two-lo
usNPL-s
ore fun
tion after it has been 
al
ulated at all the marker positionsavailable at all the 21 autosomes that are di�erent than the 
hromosomewhere one �nds the marker where the one-lo
us weights, that we 
onditionedon, were 
al
ulated. Moreover Z2(x; x0) is given by (16).Now one is ready to formulate the null hypothesis H0:H0 : fvk(x); 0 � x � lg and fvk(x0); 0 � x � l0gare independent given phenotypes Yk; k = 1; : : : ; P; (19)and the marginal distribution for fvk(x0); 0 � x0 � l0gis uniformly distributed,where P is the number of pedigrees in
luded in the study and l; l0 are thelengths of the 
hromosomes 
orresponding to x and x0.The probability that one is interested to �nd, a sub-destination of thismathemati
al walk, p(zmax) will now be expressed:p(zmax) = P (Zmax � zmaxjH0; fvk(x); 0 � x � lgPk=1) (20)If one studies (16) and the derivation of the expressions in
luded in that equa-tion (see 
hapter 3) it is easy to show that under the assumption of perfe
tmarker information and under the null hypothesis the following statementsholds: E(Z2(x̂; �)jH0; and fvk(x); 0 � x � lgPk=1) = 0 (21)V (Z2(x̂; �)jH0; and fvk(x); 0 � x � lgPk=1) = 1 (22)When there is an imperfe
t-data situation present, the varian
e in the expres-sion above is less than 1 under the null hypothesis (see for example Kruglyaket al. (1996) [4℄ or the te
hni
al report that belongs to Allegro (2000) [5℄),and this will make the p-value 
onservative when one 
al
ulates it using thetheory/equations des
ribed above. An analysis performed with data whereimperfe
t-data information are present is therefor said to be performed un-der perfe
t-data approximations. Kruglyak(1996) [4℄ also points out that20



though the p-value is 
onservative it sa
ri�
es relatively little power ex
eptfor situations where the information 
ontent is very low. To try to �nd theprobability that we are looking for we will use an asymptoti
 approximationto 
al
ulate the p-value in (20).A

ording to Kämpe(2001) [8℄ the following expression will asymptoti
allybe true: (Z2(x̂; �)jH0; fvk(x); 0 � x � lgk�1) L! V (�); (23)as P ! 1 where V (�) is a Gaussian pro
ess (Ohrnstein-Uhlenbe
k). A
-
ording to Lander/Kruglyak(1995) [11℄ the following approximation is in-
reasingly a

urate as zmax grows:P (supfV (x0)g > zmax) � 1� e��(zmax); (24)where x0 ranges over the same set as in (18). Now (24) may be used toformulate an asymptoti
 formula regarding the probability p(zmax):p(zmax) � 1� e��(zmax); (25)where (
.f. Lander/Kruglyak(1995) [11℄) �(z) is an approximation for themean number of regions where the normal pro
ess V ex
eeds the threshold.This parameter may be written in a more expli
it form:�(z) = [C + 2�Gz2℄�(z); (26)where C is the number of 
hromosomes in
luded in the s
an, G is the ge-neti
 length of these 
hromosomes (A

ording to the lengths presented inOtt(1999) [2℄ the result will be: 35.73 Morgans if all the 22 autosomes are in-
luded in the s
an), z is the already mentioned threshold (for example zmax),�(z) is the pointwise signi�
an
e level of ex
eeding z (�(z) = 1��(z), where� is the 
umulative distribution fun
tion of a standard normal random vari-able) and where � measures the �u
tuation of the s
ore-statisti
 S(x) andtherefore depends on the family stru
ture and the information regarding thepresent individuals disease status (see the next se
tion).As was earlier remarked one must 
orre
t for multiple testing when us-ing more than one marker and/or one weighting s
heme when performinganalyses of the kind des
ribed above. Let us 
onsider the possible situationwhere we have performed N di�erent genome s
ans and found an overall topNPL-s
ore ztop, then we may use a so 
alled Bonferroni 
orre
tion in thefollowing way:Poverall = P (Ztop � ztop) � NXi=1 P (Zmax;i � ztop) (27)21



For further reading about this/related topi
s 
onsider, for example, Lan-der/Botstein (1989) [13℄ or Feingold (1993) [12℄, where one for example may�nd dis
ussions about the extreme value theory forming the basis of (24)-(25).4.3 Cal
ulations: �� valuesIn the subse
tion that follows right after this note a des
ription of how to
al
ulate the family-spe
i�
 �� value, using a general formula that will beindependent of the pedigree stru
ture and therefore appli
able for all kinds ofpedigrees, will be des
ribed. These values will then be weighted to produ
ean overall �� value that will make it possible to 
al
ulate p� values in themanner des
ribed in the last se
tion. The theory presented in the followingsubse
tion depends on the work produ
ed by Hössjer (2001) [10℄.The se
ond subse
tion will give a few examples of � � 
al
ulations forpedigrees with di�erent stru
tures (disease-s
hedules and sizes).4.3.1 Theoreti
al NotesA

ording to Lander/Kruglyak(1995) [11℄ � is related to the auto
orrelationfun
tion C under H0 of the stationary pro
ess S(v(x)) and may be de�nedas � = �C 0(0)2 ; (28)where the derivative is taken from above. They also point out that in humanlinkage analysis, depending on the one-sided nature of the test, X is asymp-toti
ally distributed as a 1/2:1/2 mixture of a 
hi-squared distribution anda single-point distribution at 0.Assume that Xw S(w) = 0;Xw S(w)2 = 1 (29)and de�ne �(h) = S(t+ h)� S(t); h > 0 (30)and then de
ompose the expression of the varian
e:V ar(�(h)) = E(V ar(�(h)jS(t))) + V ar(E(�(h)jS(t))); (31)and now it is possible to simplify this formula further after working with thetwo inner expressions:E(�(h)jS(t) = w)) = �h miXj=1(S(w + ej)� S(w)) + o(h); (32)22



V ar(�(h)jS(t) = w)) = �h miXj=1(S(w + ej)� S(w))2 + o(h); (33)inserting this into equation (31), noti
ing that V ar(�(�h)) = V ar(�(h)),letting h! 0 and using equation (28) and the following dis
ussion one maythen �nally get:4 � � = limh!0 V ar(�(h))h= � Xw2Zm2 P (w) mXj=1(S(w + ej)� S(w))2 (34)= � Xw02Zm2 Xw2Zm2 S(w0)B(w0; w)S(w);where � in our 
ase equals 1 be
ause the geneti
 length is given in Morgans(0.01 if given in 
entiMorgans), the inheritan
e ve
tor (w + ej) is equal tothe inheritan
e ve
tor w in all but the j:th position where an addition with1(mod 2) has been performed, P (w) = P (v(t) = wjY ) = 2�m under the nullhypothesis of no linkage and under the same 
ondition B(w0; w) equals:B(w0; w) = 8><>: 2m � 2�m ; w0 = w�2 � 2�m ; jw0 � wj = 10 ; jw0 � wj > 1 ; (35)where jw0 � wj is the Hamming distan
e, whi
h to use more expli
it wordsmeans the number of positions where the values of the two inheritan
e ve
-tors, w0 and w, are distin
t from ea
h other.To further 
ompli
ate the pi
ture we may 
onsider the 
ase when the dataset 
onsists of information about several di�erent pedigrees and then we maypro
eed as follows:Assume data from P di�erent pedigrees. A

ording to equation (16) wemay rewrite the normalized two-lo
us 
onditional s
ore fun
tion Z(�) in thefollowing way: Z(x0) = PPi=1 
iZi(x0)qPPi=1 
2i= PXi=1 �iZi(x0); (36)where 
i = 
(Z1i(x̂)) and PPi=1 �2i = 1. Then one may form the overall�� s
ore using the given values of the weights �i:�overall = PXi=1 �2i �i; (37)23



where �i is the �� s
ore for the i:th pedigree.4.3.2 Examples: Di�erent Pedigree Stru
turesNow some examples of � � 
al
ulations, 
onsidering pedigrees of di�erentstru
ture and size, will be given. To be able to perform these 
al
ulations Ihave written a 
omputer program using the m-�le system ofMATLAB. Thisprogram has also been used to perform these operations when dealing withthe real-data analyses. The s
ore fun
tion that has been used to 
omplete thene
essary 
al
ulations, within the 
omputer program, is Sall. More detailswill be given in the next 
hapter.Seven di�erent 
ases have been 
onsidered. The results of the 
al
ulationsare shown in the table found below. Examples number 1-4 repli
ates theresults found by Lander/Kruglyak(1995) [11℄. Pedigrees number 6-7 areexamples of the pedigrees that were the sour
e for the real-data analysesdes
ribed in the result 
hapter below.Ex. Pedigree des
ription �� value (Sall)1 sib-pairs 2.00002 grandparent/grand
hild 1.00003 un
le/nephew 2.50004 �rst 
ousins 2.66675 �ve a�e
ted siblings 2.08476 real pedigree example 2.50537 real pedigree example 2.1880As pointed out above the ��value measures the �u
tuation rate of the s
orefun
tion S(x). This means, loosely speaking, that a high value of � will leadto a situation where it is easier for the approximated gaussian pro
ess toex
eed a given value (the threshold T ) and therefore the p � value will behigher than in the 
ase of a low value of �.
24
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Figure 3: Pedigrees 
orresponding to the �rst �ve � � values given in thetable above.5 Results5.1 Analyzing with AllegroIn the investigations that will be des
ribed below the 
omputer programAllegro has been used (see [5℄). To be able to perform analyses with thatprogram three di�erent �les have to be 
reated for ea
h 
hromosome thatone wants to investigate. The �les may be written in di�erent formats andthe one that is used when des
ribing the data set in this work is 
alled theLinkage format (see [3℄). The �rst two of these �les have been 
reated atthe Institute of Endo
rinology in Malmö, who kindly made them availablefor me to use in this work.The pedigree �le de�nes all the information needed about the pedigreestru
ture and related issues. For ea
h individual this involves informationabout family number, individuals identi�
ation number, father identi�
ationnumber, mothers identi�
ation number, sex number, disease-status numberand 
oded numbers for the alleles present at the in
luded markers. All thisinformation ex
ept the family number and the individuals identi�
ation num-ber may be 
oded as unknown. 25
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AFigure 4: Pedigrees 
orresponding to the last two � � values given in thetable above.Spe
i�
 information about the lo
i is supposed to be presented in thedata �le. Su
h information is for example allele frequen
ies at ea
h marker,re
ombination fra
tions between markers et
.The third �le, the options �le, de�nes the exa
t performan
e of the wantedinvestigation. This in
ludes for example to de�ne the names of the two �lesmentioned above, the 
hosen s
ore fun
tion, single-point/multipoint analy-sis, weighting s
hemes (de�ned as equal to get the single-lo
us analysis).Several analyses may be performed, 
onsidering one spe
i�
 
hromosome, atthe same time. The output will for ea
h distin
t investigation of a single
hromosome produ
e two di�erent data �les. One of these �les 
onsists of,for example, the overall normalized NPL-s
ores at ea
h present marker atthe interesting 
hromosome and in the other �le one may �nd the spe
i�
family s
ores at ea
h of these markers. To get a look of an option �le 
on-sider the following one that is a real example from the �le that was writtento perform the analyses, in the two-lo
us 
ase, for 
hromosome 9. PREFILEand DATFILE are the pedigree and data�le that was mentioned above,26



% read input(Linkage format)PREFILE pedtest.datDATFILE 
hr9dat.dat% analysesMODEL mpt exp all propvikt4MODEL mpt exp all 01vikt4MODEL mpt exp all hetvikt4MODEL mpt exp all propvikt7MODEL mpt exp all 01vikt7MODEL mpt exp all hetvikt7MODEL mpt exp all propvikt12MODEL mpt exp all 01vikt12MODEL mpt exp all hetvikt12MODEL mpt exp all propvikt16MODEL mpt exp all 01vikt16MODEL mpt exp all hetvikt16MODEL mpt exp all propvikt18MODEL mpt exp all 01vikt18MODEL mpt exp all hetvikt18% mpt: multipoint linkage analysis% exp: allele sharing model, only% interesting when 
onsidering% non-parametri
 lod-s
ores.% all: s
ore fun
tion S(all)% ex/ hetvikt18 : weighting s
hemeMAXMEMORY 200% memory that the program is set to be% allowed to o

upy.The disease that we wanted to try to sear
h for linkage to spe
i�
 genomeregions was type 2 diabetes. The present data set 
onsisted of 2606 individualswho belonged to 337 di�erent families. The families originated from Swedenand Finland.Some more information that will be needed to make this presentation27




omplete is given in the table below. The lengths stated in the table aretaken from a table in Ott (1999) [2℄ who himself got the information fromCollins et al. (1996) [14℄. The lengths were originally given in a sex-sensitiveform but here they are presented as sex-averages of the male and femalelengths.
Chr. map length(
M) Nbr.of markers1 298.5 422 245.0 303 237.5 284 215.5 255 208.0 316 182.0 297 194.0 238 180.5 259 153.0 2110 168.0 2311 157.0 1912 184.0 3313 132.0 1614 128.5 2015 116.5 1416 131.0 1817 130.0 2518 130.0 6219 117.0 1220 112.0 2321 71.5 922 83.5 125.2 Single-Lo
us AnalysesFirst of all to be able to perform 
onditional two-lo
us NPL-analyses oneneeds to 
al
ulate the single lo
us NPL-s
ores for ea
h interesting 
hromo-some and a

ording to some 
riteria de
ide whi
h marker/markers family-s
ore information to use when 
onditioning. Somewhat ad ho
 we 
hose28



to 
ondition on the marker positions with the maximum NPL-s
ore for ea
h
hromosome where that value ex
eeded 1.75. Using that 
riteria it was foundthat the family s
ores at the appropriate markers at 
hromosomes 4, 7, 12,16 and 18 should be used as weights in the two-lo
us analyses that wouldfollow.
Chr. Z1 �max Marker1 1.3750 D1S27662 1.3376 D2S17763 1.2186 D3S30384 2.4329 D4S32485 0.6205 D5S14566 1.5123 D6S2617 2.4789 D7S18088 1.5874 D8S17529 0.4578 D9S183010 0.6689 D10S143211 0.6120 D11S91012 1.7627 D12S34913 0.6722 D13S77914 1.2762 D14S106015 0.1733 ATC3C1116 2.2862 D16S41917 1.5189 D17S129418 2.1319 D18S87319 1.1649 D19S58720 1.3323 D20S88721 -0.2591 D21S25822 1.0713 D22S2745.3 Conditional Two-Lo
us AnalysesTo perform these 
onditional two-lo
us NPL-analyses we 
onditioned on theinformation 
ontained at the �ve spe
i�
 markers mentioned above. Threedi�erent weighting s
hemes were used (see equation (12)) 
alled prop(proportionalepistati
 weight), 01 (epistati
 weight) and het(heterogeneity weight). The29



ten marker 
ombinations with the highest NPL-s
ore are presented in thetable below.A 
omplete list of all the results found when performing these analysesare in
luded in the appendix. The �rst part of the appendix 
onsists of allthe results presented in the form of graphi
al �gures and the se
ond part
onsists of the same results presented in a mainly numeri
al form.
Pos. Chr. Weight Cond.on Z2 �max1 7 prop 16 3.86582 19 prop 16 3.09013 12 01 18 2.86944 7 prop 12 2.82865 17 prop 16 2.81996 4 het 16 2.71897 7 het 16 2.66328 4 01 7 2.62309 17 het 7 2.566510 2 prop 12 2.52705.4 Finding the �� value=p� valueIn the �rst subse
tion of this 
hapter the theory that was des
ribed in thelast 
hapter will be applied to our data set and therefore make it possiblefor us to 
al
ulate approximations of the p-values. The se
ond subse
tionwill des
ribe the pro
edure of using so 
alled Monte Carlo simulations to beable to 
al
ulate the �-value in 
ase of very large pedigrees. Some furtherproperties of the �-parameter will be dis
ussed as well.5.4.1 Cal
ulationsThe highest NPL-s
ore that we found was, as shown above, 3:8658. Whenremoving a single family (
alled 1065.0) that possibly shouldn't be in
ludedin the study (see the next subse
tion about robustness) the highest s
orede
reased to 2:8694.To be able to �nd some sort of information about any possible signi�
an
evalue of the possibility of �nding su
h high s
ores under the null hypothesisof no linkage one may 
al
ulate the p-value a

ording to the theory presentedin the pre
eding 
hapter. Using equations (34) and (37) one may 
al
ulate30



the appropriate value of the � � parameter for this spe
i�
 data set. Thisvalue will then 
ombined with equations (25) and (26) make it possible to
al
ulate the p-values for ea
h spe
i�
 test. The results of these 
al
ulationsare shown in the table below.
Nbr. Cond.on Weight G (
M) �� value p : T = 3:8658 p : T = 2:86941 4 prop 3357.5 2.3030 0.1211 0.93112 4 01 3357.5 2.1213 0.1122 0.91413 4 het 3357.5 2.0175 0.1071 0.90344 7 prop 3379.0 2.1107 0.1124 0.91445 7 01 3379.0 2.1043 0.1120 0.91386 7 het 3379.0 2.0335 0.1085 0.90657 12 prop 3389.0 2.0895 0.1116 0.91298 12 01 3389.0 2.0916 0.1117 0.91319 12 het 3389.0 2.0472 0.1095 0.908610 16 prop 3442.0 2.1410 0.1158 0.921011 16 01 3442.0 2.0889 0.1132 0.916112 16 het 3442.0 2.0460 0.1110 0.911813 18 prop 3443.0 2.0603 0.1118 0.913314 18 01 3443.0 2.0841 0.1130 0.915715 18 het 3443.0 2.0509 0.1113 0.9123Using these results and equation 27 to 
orre
t for multiple testing one�nally �nds that in this situation and using this theory it is not possible todraw any signi�
ant 
on
lusions about linkage to any 
ombination of regions,be
ause . . . Poverall = P (Ztop � ztop) � min( 15Xi=1 pi; 1) = 1 (38)This holds for both of the distin
t T�values but there is still a big di�eren
ein the results if one de
ides to in
lude or ex
lude the extreme family in thestudy. The large p-values in the rightmost 
olumn of the table above re�e
tthe fa
t that the asymptoti
 approximation (25) be
omes bad for small valuesof zmax.5.4.2 �: Monte Carlo Simulations and Further PropertiesFor pedigrees where the total number of meioses, m, ex
eed 20 the 
om-putational 
omplexity gets so high that the 
al
ulations, at least with my31




omputer program, 
an not be performed within a reasonable time limit.This for
es us to use Monte Carlo simulations for these pedigrees (13 fami-lies).Noti
e �rst that under the null hypothesis, H0, of no linkage (34)-(35)may be rewritten as:4 � � = � � 2�m Xw2Zm2 mXj=1(S(w + ej)� S(w))2 (39)= � �E(f(v)); (40)where f(w) =Pmj=1(S(w + ej)� S(w))2 and v is random with P (v = w) =2�m for ea
h w 2 Zm2 . A proper Monte Carlo approximation of � is thus:�̂ = �4 1U UXi=1 f(vi); (41)where fvigUi=1 are i.i.d. with the same distribution as v and U is the numberof simulated inheritan
e ve
tors.We pi
ked U=1000 inheritan
e ve
tors at random. The table below de-s
ribes the �u
tuations of the out
omes of the �-
al
ulations for the twosubpopulations of pedigrees for whi
h exa
t 
al
ulations and Monte Carlosimulations was used respe
tively.Cal
. Nr of ped. �-max �-min(>0) �-min mean stdExa
t 324 3.1069 1.0000 0.0000 2.0246 0.4031Monte Carlo 13 3.5620 2.0348 2.0348 2.6208 0.4868Total 337 3.5620 1.0000 0.0000 2.0476 0.4218To get a better view of the deviations of the out
omes of the �-
al
ulations(total) 
onsider �gure 5. The �gure shows plots of � against both the vari-ablesm and n. It seems to be some positive 
orrelation between the variablesin both of these 
ases.The exa
t values of the estimated 
orrelations between � and the numberof meioses and the number of individuals in a pedigree respe
tively are shownin the small table below. Be
ause of the obvious high 
orrelation between mand n it might be no surprise that these two 
orrelations almost 
oin
ide.The reason why the �-values for some pedigrees equals 0 is that in thesespe
i�
 
ases the value of the s
ore fun
tion is independent of the inheritan
e32
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Figure 5: Plotting � against m and n.ve
tors. This means that the s
ore fun
tion equals the same value for all theinheritan
e ve
tors and may therefor, in this 
ase, be seen as a 
onstant.Using (34) one may easily draw the 
on
lusion that � in this 
ase will beequal to zero. To get a simple example of a pedigree stru
ture that leads tothis situation one may for example 
onsider a family only 
onsisting of twouna�e
ted parents and one a�e
ted 
hild.
Var.1 Var.2 Correlation� m 0.4115� n 0.4140m n 0.97385.5 RobustnessIn this subse
tion dis
ussions about the issue of robustness will be given.This will involve dis
ussions about using di�erent s
ore fun
tions, familyoutliers with extreme in�uen
e on the overall NPL-s
ore and 
omparisonsbetween using di�erent weighting s
hemes.33



5.5.1 Subje
t: Di�erent Weights and OutliersIn �gure 6 it is possible to see that, when one plots the family s
ores from themarker 
ombinations that produ
es the two highest NPL-s
ores, one familyis an extreme outlier at both marker positions in both of the 
ombinations.In fa
t, that outlier is the same family in both 
ases. It is 
alled familynumber 1065.0. A

ording to the opinions of the people at the Departmentof Endo
rinology in Malmö there may be some biologi
al reason/ genotypeerror that makes this family inappropriate to in
lude and use in a linkagestudy.To see how mu
h that single family in�uen
ed the overall NPL-s
ore allthe 
onditional two-lo
us NPL-investigations were performed on
e more, thistime with the family 1065.0 removed from the data set. The top-ten resultsare presented in the table below.
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Pos. Chr. Weight Cond.on Z2 �max Marker1 12 01 18 2.8694 D12S842 7 prop 12 2.8286 D7S18083 4 het 16 2.7189 D4S23674 7 prop 16 2.6966 D7S18305 18 prop 16 2.6793 D18S9766 7 het 16 2.6632 D7S5037 4 01 7 2.6230 D4S23618 18 het 7 2.5275 D18S9769 2 prop 12 2.5270 D2S140010 18 prop 4 2.5262 D18S63In this table we 
an see that the overall highest s
ore de
reased from3:8658 to 2:8694 and that the 
ombination that produ
ed the highest s
orein the �rst round in fa
t fell to 2:6966 and the 
orrelation between the familys
ores in that 
ase 
hanged from 0; 202 to 0:097. Considering the 
ombina-tion that produ
ed the se
ond highest s
ore in the �rst genomewide linkageinvestigation, 3:0901, the NPL-s
ore de
reased all the way down to 0:3424.The possibility to get 
ombinations of family s
ores with extreme outlierswith su
h remarkable in�uen
e on the total NPL-s
ore is depending on, forexample, the 
hoi
e of s
ore fun
tion, the 
hoi
e of weighting s
heme andpossible typing/measuring errors.The proportional weight has both advantages and disadvantages. On thepositive side it will in a situation of real linkage with positive epistasis be abetter tool than the other present weights in extra
ting information from thedata set and �nding the genome positions of linkage. This depends on thefa
t that in this situation one do not only divide the family s
ores from thesingle lo
us 
ase into one interesting group that is used in the further two-lo
us investigations and one uninteresting group that is not in
luded in thatinvestigations, but rather also take into a

ount the exa
t individual valueof ea
h family s
ore in the interesting group. This might also be a greatba
klash to the proportional weight be
ause it makes it possible for singlefamily NPL-s
ores to get an inappropriate in�uen
e of the overall NPL-s
ore,whi
h in fa
t means that the weight is la
king in robustness.A kind of informal 
riteria if a high NPL-s
ore with the proportionalweight is trustworthy is the performan
e of the 
orresponding 01-weight. If35



that weight shows a quite high NPL-s
ore that might be a sign of the propor-tional weight indi
ating a possible real linkage and if there is a big dis
rep-an
y between the high proportional weight NPL-s
ore and a low 
orrespond-ing 01-weight NPL-s
ore that might indi
ate that the high NPL-s
ore in theformer 
ase depends on the extreme in�uen
e of single family s
ores. Of
ourse one always, even in the 
ase of a relatively high 01-weight NPL-s
ore,also has to, for example, produ
e s
atter plots and make sure that there arenot one or two individual families that makes the whole di�eren
e betweenthe 01-weight situation and the proportional-weight situation. In that 
asethe extreme families perhaps should be removed or the proportional-weightsituation may be 
onsidered uninteresting.5.5.2 Subje
t: S
ore Fun
tionsOne might also 
onsider the possibility of using di�erent kind of s
ore fun
-tions when one dis
usses the issue of robustness. For the same two 
ombi-nations of family s
ores as in the last subse
tion, the s
ores that produ
edthe two highest overall NPL-s
ores in the original 
ase, we performed theinvestigation on
e more and this time the s
ore fun
tion Spairs (see equation2) was used. The results are presented in the table below and in �gure 7.
Analysis Chr. Weight Cond.on NPL-pairs NPL-allSingle-lo
us 16 - - 2.2365(D16S419) 2.2862(D16S419)Two-lo
us 7 prop 16 2.8689(D7S1830) 3.8658(D7S2204)Two-lo
us 7 01 16 2.3928(D7S1830) 2.1491(D7S1830)Two-lo
us 7 het 16 2.2948(D7S503) 2.6632(D7S503)Two-lo
us 19 prop 16 1.4160(D19S418) 3.0901(D19S404)Two-lo
us 19 01 16 1.3760(D19S178) 1.1679(D19S418)Two-lo
us 19 het 16 2.0933(D19S1034) 1.7642(D19S1034)Kruglyak et al. (1996) [4℄ point out that Sall may extra
t more informa-tion from the data set than Spairs and therefore produ
es better results inmost situations. This is probably true but in some situations, with quitelarge families of 
ertain pedigree stru
ture, the Sall fun
tion seems to, seeequation (3), be very non-robust and therefore it rather easily, by 
han
e,produ
es extremely in�uential outlier family s
ores. In �gure 8 one 
an seethat the extreme family s
ores are being held ba
k when 
onsidering the36



Spairs weight and therefore they will have less extreme in�uen
e on the over-all NPL-s
ore. This 
an be seen in the table above, where the NPL-s
oresin the proportional-weights situation have de
reased.
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Figure 7: Comparisons Sall vs. Spairs.5.6 Conditioning on Regions Suggested by Meta-AnalysisFinally, the Institute of Endo
rinology gave us the information about �vedi�erent regions that had been pinpointed by a meta analysis7and askedus to perform 
onditional two-lo
us NPL-analyses 
onditioning on markersrelated to these regions. The present regions may be seen in the table below.The spe
i�
 markers that were used in the investigations were 
hosen to bethe ones 
losest to the middle of the de�ned regions.7A meta analysis is an analysis that uses the merged information and results fromseveral di�erent previous investigations. See Wise et al. [21℄.37
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Figure 8: Plotting family s
ores to 
ompare robustness.Chr. Region (
M) Marker NPL(single lo
us)2 60-90 D2S441 -0.306 120-150 D6S261 1.5112 120-150 D12S332 0.4516 30-60 D16S769 1.6217 30-60 D17S799 0.82We performed these 
onditional two-lo
us NPL-analyses, ranging over allthe 22 autosomes, and the highest s
ore found was 3:1849. The top-ten listof the highest s
ores found during these investigations is presented in thetable below.
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Pos. Chr. Weight Cond.on 
hr. Z2 �max Marker1 7 het 17 3.1849 D7S18082 18 prop 12 2.8075 D18S9763 4 het 16 2.7848 D4S23614 7 het 6 2.7184 D7S18185 7 prop 16 2.6037 D7S18306 16 prop 17 2.4841 D16S32537 12 prop 2 2.3882 D12S3958 8 het 6 2.3819 D8S17529 6 01 17 2.3787 D6S158110 4 het 6 2.3772 D4S1643The �-values and the p-values were then 
al
ulated. As before, no signi�-
ant results were found. The information that was needed to 
al
ulate thesevalues, using the theory des
ribed in 
hapter 4, is presented in the followingtable. . .
Nbr. Cond.on Weight G (
M) �� value p : T = 3:18491 2 prop 3328 2.0999 0.64712 2 01 3328 2.1127 0.64933 2 het 3328 2.0374 0.63624 6 prop 3391 2.1171 0.65695 6 01 3391 2.1147 0.65656 6 het 3391 2.0219 0.64027 12 prop 3389 2.1076 0.65508 12 01 3389 2.1304 0.65899 12 het 3389 2.0251 0.640610 16 prop 3442 2.0743 0.654911 16 01 3442 2.0944 0.658412 16 het 3442 2.0418 0.649213 17 prop 3443 2.1161 0.662214 17 01 3443 2.1156 0.662115 17 het 3443 2.0016 0.6421
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6 SummaryIn this work the ideas des
ribed in the Master's thesis written by MarkusKämpe (2001) [8℄ have been applied to a real data set and some furthertheory have been des
ribed and applied to that same set of pedigrees.The data set 
onsisted of 337 families whi
h in total 
ontained 2606 in-dividuals from Sweden and Finland. The disease of interest was type 2diabetes.Conditional two-lo
us non-parametri
 linkage analysis was performed through-out all the 22 autosomes. Signi�
an
e values, p-values, were 
al
ulated a
-
ording to theory derived by Ola Hössjer (2001) [10℄ and partially des
ribedin this work, but no signi�
ant results were found.Further, we dis
ussed robustness a

ording to di�erent s
ore fun
tions,using di�erent kind of weights, dealing with extreme family outliers et
.Appropriate 
omparisons were graphi
ally presented and dis
ussed. In somesituations the proportional-weight and the s
ore fun
tion Sall may be verynon-robust and this will, somewhat self-explained, espe
ially o

ur whenthese two situations 
oin
ide. It seems to be a quite trustworthy positive
orrelation between the 
rossover rates and the number of meioses relatedto the pedigrees, m, and the number of individuals in the pedigrees, n,respe
tively.Conditional two-lo
us NPL-analyses were performed 
onditioning on �vedi�erent markers related to �ve prede�ned interesting regions, but no signif-i
ant results were found.Some notes for interesting further resear
h will �nally be proposed:� New theoreti
al methods that make it possible to sear
h for more re-gions of sus
eptibility at the same time 8, three-lo
us analysis, four-lo
us analysis and so on.� Perhaps new methods that 
ondition on, for example, haplotypes in-stead of family s
ores [19℄.� To 
omplement the asymptoti
 p-values based on normal approxima-tions with Monte Carlo approximations of the exa
t genomewide p-values. The normal approximation is likely to perform worse whensome outlying family s
ores have large impa
t on the overall NPL-s
ore.8A big problem is of 
ourse, as usual, the issue of having to 
orre
t the p-valuesa

ording to multiple testing whi
h makes it hard to �nd signi�
ant results40



A Appendix: Graphs and Results
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Figure 9: Results: single-lo
us analyses.
41



0 200 400
−2

−1

0

1

2
chr.1

0 200 400
−2

−1

0

1

2
chr.2

0 200 400
−2

−1

0

1

2
chr.3

0 200 400
−2

−1

0

1

2
chr.5

0 200 400
−2

−1

0

1

2
chr.6

0 200 400
−2

−1

0

1

2
chr.7

0 100 200
−2

−1

0

1

2
chr.8

0 100 200
−2

−1

0

1

2
chr.9

0 100 200
−2

−1

0

1
chr.10

0 100 200
−2

−1

0

1

2
chr.11

0 200 400
−4

−2

0

2
chr.12

0 100 200
−1

0

1

2
chr.13

0 100 200
−2

−1

0

1

2
chr.14

0 100 200
−2

−1

0

1
chr.15

0 100 200
−1

0

1

2

3
chr.16

0 100 200
−1

0

1

2
chr.17

0 100 200
−2

0

2

4
chr.18

0 100 200
−1

0

1

2
chr.19

0 100 200
−2

0

2

4
chr.20

0 50 100
−2

−1

0

1
chr.21

0 50 100
−2

−1

0

1

2

NPL−results: Conditional chr.4

distance(cM)

N
P

L−
sc

or
e

prop(.) ; het(−−) ; 01(−)

chr.22

Figure 10: Results: 
onditioning on 
hr.4max.42



0 200 400
−2

−1

0

1

2
chr.1

NPL−results: Conditional chr.7

0 200 400
−2

0

2

4
chr.2

0 200 400
−4

−2

0

2
chr.3

0 200 400
−1

0

1

2

3
chr.4

0 200 400
−2

−1

0

1

2
chr.5

0 200 400
−2

−1

0

1

2
chr.6

0 100 200
−2

−1

0

1

2
chr.8

0 100 200
−2

−1

0

1

2
chr.9

0 100 200
−2

−1

0

1

2
chr.10

0 100 200
−4

−2

0

2
chr.11

0 200 400
−2

0

2

4
chr.12

0 100 200
−2

−1

0

1

2
chr.13

0 100 200
−2

−1

0

1

2
chr.14

0 100 200
−1.5

−1

−0.5

0

0.5
chr.15

0 100 200
−1

0

1

2

3
chr.16

0 100 200
−2

0

2

4
chr.17

0 100 200
−2

0

2

4
chr.18

0 100 200
−1

0

1

2
chr.19

0 100 200
−2

−1

0

1

2
chr.20

0 50 100
−2

−1

0

1
chr.21

0 50 100
−1

0

1

2

3

distance(cM)

N
P

L−
sc

or
e

prop(.) ; het(−−) ; 01(−)

chr.22

Figure 11: Results: 
onditioning on 
hr.7max.43



0 200 400
−2

0

2

4
chr.1

0 200 400
−2

0

2

4
chr.2

0 200 400
−4

−2

0

2
chr.3

0 200 400
−1

0

1

2

3
chr.4

0 200 400
−2

−1

0

1

2
chr.5

0 200 400
−2

0

2

4
chr.6

0 200 400
−2

0

2

4
chr.7

0 100 200
−2

−1

0

1

2
chr.8

0 100 200
−2

−1

0

1

2
chr.9

0 100 200
−4

−2

0

2
chr.10

0 100 200
−2

−1

0

1

2
chr.11

0 100 200
−2

−1

0

1
chr.13

0 100 200
−2

−1

0

1

2
chr.14

0 100 200
−2

−1

0

1

2
chr.15

0 100 200
−1

0

1

2
chr.16

0 100 200
−0.5

0

0.5

1

1.5
chr.17

0 100 200
−2

−1

0

1

2
chr.18

0 100 200
−2

−1

0

1

2
chr.19

0 100 200
−4

−2

0

2
chr.20

0 50 100
−2

−1

0

1
chr.21

0 50 100
−1

0

1

2

distance(cM)

N
P

L−
sc

or
e

prop(.) ; het(−−) ; 01(−)

chr.22

NPL−results: Conditional chr.12 

Figure 12: Results: 
onditioning on 
hr.12max.44



0 200 400
−2

−1

0

1

2
chr.1

0 200 400
−1

0

1

2
chr.2

0 200 400
−2

−1

0

1

2
chr.3

0 200 400
−2

0

2

4
chr.4

0 200 400
−2

−1

0

1
chr.5

0 200 400
−1

0

1

2

3
chr.6

0 200 400
−2

0

2

4
chr.7

0 100 200
−2

0

2

4
chr.8

0 100 200
−2

−1

0

1
chr.9

0 100 200
−2

−1

0

1

2
chr.10

0 100 200
−2

−1

0

1

2
chr.11

0 200 400
−2

0

2

4
chr.12

0 100 200
−2

−1

0

1

2
chr.13

0 100 200
−2

−1

0

1

2
chr.14

0 100 200
−3

−2

−1

0

1
chr.15

0 100 200
−1

0

1

2

3
chr.17

0 100 200
−4

−2

0

2

4
chr.18

0 100 200
−2

0

2

4
chr.19

0 100 200
−4

−2

0

2
chr.20

0 50 100
−3

−2

−1

0

1
chr.21

0 50 100
−1

0

1

2

3

distance(cM)

N
P

L−
sc

or
e

prop(.) ; het(−−) ; 01(−)

chr.22

NPL−results: Conditional chr.16 

Figure 13: Results: 
onditioning on 
hr.16max.45



0 200 400
−2

0

2

4
chr.1

0 200 400
−2

−1

0

1

2
chr.2

0 200 400
−2

−1

0

1

2
chr.3

0 200 400
−2

0

2

4
chr.4

0 200 400
−2

−1

0

1

2
chr.5

0 200 400
−2

0

2

4
chr.6

0 200 400
−2

0

2

4
chr.7

0 100 200
−2

−1

0

1

2
chr.8

0 100 200
−2

−1

0

1
chr.9

0 100 200
−2

−1

0

1
chr.10

0 100 200
−2

−1

0

1

2
chr.11

0 200 400
−4

−2

0

2

4
chr.12

0 100 200
−2

−1

0

1
chr.13

0 100 200
−2

−1

0

1

2
chr.14

0 100 200
−4

−2

0

2
chr.15

0 100 200
−1

0

1

2

3
chr.16

0 100 200
−1

0

1

2
chr.17

0 100 200
−1

0

1

2
chr.19

0 100 200
−2

−1

0

1
chr.20

0 50 100
−1.5

−1

−0.5

0

0.5
chr.21

0 50 100
−2

0

2

4

distance(cM)

N
P

L−
sc

or
e

prop(.) ; het(−−) ; 01(−)

chr.22

NPL−results: Conditional chr.18 

Figure 14: Results: 
onditioning on 
hr.18max.46



Complete list of all 
onditional two-lo
us NPL-results:Chromosome Cond.
hr. Weight NPL-max. Marker pos.1 4 prop 1.6573 D1S4644 01 1.9495 D1S4644 het 1.2618 D1S4987 prop 1.6020 D1S5497 01 1.6608 D1S34627 het 1.6555 D1S49812 prop 2.4529 D1S166512 01 1.6305 D1S166512 het 1.7556 D1S49816 prop 1.1170 D1S19916 01 1.6258 D1S45316 het 1.4903 D1S54918 prop 2.0098 D1S49818 01 1.8399 D1S172818 het 1.1375 D1S16092 4 prop 1.7915 D2S17764 01 2.0457 D2S17764 het 0.8675 D2S4347 prop 1.2558 D2S4277 01 2.0224 D2S13537 het 0.6904 D2S43412 prop 2.5270 D2S140012 01 1.9475 D2S140012 het 1.5779 D2S177616 prop 1.6681 D2S43416 01 1.5709 D2S43416 het 1.4264 D2S177618 prop 1.8409 D2S33818 01 1.4771 D2S43418 het 1.5772 D2S13953 4 prop 1.1058 D3S24274 01 0.8370 D3S24274 het 1.0785 D3S303847



7 prop 0.5758 D3S23987 01 0.7075 D3S24277 het 1.5259 D3S303812 prop 1.0622 D3S243212 01 0.9445 D3S243212 het 1.2174 D3S128716 prop 0.9754 D3S127516 01 0.8576 D3S303816 het 1.1689 D3S242718 prop 0.9087 D3S246018 01 1.0782 D3S246018 het 1.3506 D3S30384 7 prop 1.3511 D4S32487 01 2.6230 D4S23617 het 1.4611 D4S164312 prop 1.8654 D4S324312 01 2.1611 D4S324312 het 1.7526 D4S324816 prop 1.5307 D4S162716 01 1.7507 D4S164716 het 2.7189 D4S236718 prop 1.5952 D4S154018 01 1.7907 D4S324818 het 2.3209 D4S16475 4 prop 0.7342 D5S6364 01 1.0458 D5S14654 het 0.5114 D5S8167 prop 1.6127 D5S4287 01 0.8460 D5S24887 het 0.8048 D5S146512 prop 0.2319 D5S145612 01 1.0514 D5S146512 het 0.3579 D5S145616 prop 0.8335 D5S211116 01 0.8130 D5S145616 het 0.6601 D5S248818 prop 1.1326 D5S81918 01 0.8194 D5S39548



18 het 1.0575 D5S14656 4 prop 0.9714 D6S12774 01 1.3849 D6S12774 het 1.5248 D6S10217 prop 0.7663 D6S12707 01 1.1366 D6S5037 het 1.6101 D6S26112 prop 1.2946 D6S100712 01 1.2305 D6S100712 het 2.1868 D6S102116 prop 2.0531 GATA11E0216 01 1.6360 D6S26116 het 2.1337 D6S158118 prop 2.3676 D6S243618 01 1.6852 D6S100718 het 1.2351 D6S5037 4 prop 1.1938 D7S18084 01 1.8378 D7S18084 het 1.8484 D7S50212 prop 2.8286 D7S180812 01 2.4464 D7S180812 het 1.6899 D7S183016 prop 3.8658 D7S220416 01 2.1491 D7S183016 het 2.6632 D7S50318 prop 0.7918 D7S180818 01 1.3611 D7S50218 het 2.3673 D7S18088 4 prop 1.7655 D8S5924 01 1.8668 D8S5924 het 0.9581 D8S17527 prop 1.4047 D8S2647 01 0.8440 D8S2647 het 1.7943 D8S110012 prop 1.1460 D8S175212 01 1.2833 D8S175212 het 1.0799 D8S175249



16 prop 2.3613 D8S37316 01 1.2276 D8S37316 het 1.2085 D8S175218 prop 1.3202 D8S110018 01 1.2679 GAAT1A418 het 1.3613 D8S17529 4 prop 0.0606 D9S1574 01 -0.2540 D9S2574 het 1.2510 D9S16757 prop 1.1568 D9S9107 01 0.7146 D9S9107 het 1.0933 D9S182512 prop 1.3840 D9S183012 01 1.3277 D9S91012 het 0.1671 D9S167516 prop 0.4899 D9S182516 01 0.6548 D9S182516 het 0.5340 D9S93018 prop 0.7678 D9S15718 01 0.7830 D10S181818 het 0.7156 D9S167510 4 prop 0.3303 D10S12254 01 0.7980 D10S6744 het 0.9693 D10S23277 prop 0.9041 D10S12307 01 0.3064 D10S12307 het 1.6977 D10S143212 prop 1.7469 D10S16912 01 1.3501 D10S16912 het 0.5014 D10S232516 prop 0.0118 D10S179516 01 -0.0655 D10S179516 het 1.7358 D10S143218 prop 0.6149 D10S142318 01 0.5426 D10S123018 het 0.7305 D10S232711 4 prop 1.1356 D11S91050



4 01 1.0709 D11S20024 het 0.0188 D11S9107 prop 1.0541 D11S19987 01 1.0851 D11S20027 het 0.4450 D11S198112 prop 1.1965 D11S96812 01 1.1613 D11S96812 het 0.8868 D11S98716 prop 1.5256 D11S91016 01 0.4635 D11S91216 het 0.4423 D11S91018 prop 1.0290 D11S91018 01 0.9066 D11S91018 het 0.6456 D11S98712 4 prop 0.9864 D12S20704 01 1.3560 D12S20704 het 1.5539 D12S3427 prop 1.9696 D12S3497 01 2.0370 D12S10647 het 1.4124 D12S34216 prop 2.4142 D12S34916 01 1.9627 D12S34916 het 0.9802 D12S106418 prop 1.5653 D12S8418 01 2.8694 D12S8418 het 1.1257 D12S34013 4 prop 1.0315 D13S7674 01 0.9392 D13S2854 het 0.7476 GGAA29H037 prop 1.0094 D13S2857 01 0.5402 D13S2857 het 1.0793 D13S78812 prop 0.3592 D13S28512 01 0.7375 D13S28512 het 0.9158 D13S89416 prop 1.6490 D13S76716 01 1.2913 D13S78616 het 0.7236 D13S28551



18 prop 0.9514 D13S28518 01 0.9385 D13S28518 het 0.8980 D13S779/D13S79714 4 prop 1.1747 D14S50/D14S2644 01 1.0146 D14S1071/D14S10404 het 1.3697 D14S5997 prop 1.5402 D14S7497 01 1.2852 D14S10607 het 0.7318 D14S59912 prop 0.7730 D14S59712 01 1.0154 D14S59912 het 1.0688 D14S107116 prop 0.7541 D14S59216 01 1.0221 D14S60616 het 1.6319 D14S107118 prop 1.6862 D14S58818 01 0.8432 D14S58818 het 1.8651 D14S107115 4 prop -0.2050 D15S1314 01 0.1531 D15S2054 het 0.6502 D15S1447 prop 0.1220 D15S1187 01 0.1811 ATC3C117 het 0.3610 D15S64212 prop 0.5122 D15S64212 01 1.0061 D15S14412 het -0.1197 D15S13116 prop 0.3628 D15S65716 01 0.7051 D15S65716 het 0.8020 D15S20518 prop 1.4491 D15S13118 01 1.5939 D15S13118 het 0.2459 D15S65916 4 prop 1.5162 D16S4224 01 2.3218 D16S32534 het 1.7271 D16S7697 prop 1.2827 D16S262452



7 01 1.3274 D16S5167 het 2.3468 D16S325312 prop 1.8192 D16S41912 01 1.8810 D16S41912 het 1.6985 D16S51618 prop 2.4075 D16S325318 01 2.2165 D16S419/D16S77118 het 1.7435 D16S42217 4 prop 1.5284 D17S12934 01 1.8522 D17S12934 het 1.8289 D17S8367 prop 1.9290 D17S8367 01 2.1028 D17S18307 het 2.5665 D17S129412 prop 1.0137 D17S183512 01 1.1958 D17S83612 het 1.1565 D17S12216 prop 2.8199 D17S129416 01 2.0382 D17S129416 het 1.7266 D17S83618 prop 1.3533 D17S12218 01 1.2034 D17S79918 het 1.8847 D17S183018 4 prop 2.4890 D18S634 01 1.6536 FB25F124 het 1.4180 D18S9767 prop 0.8057 D18S4597 01 1.2117 D18S4597 het 2.4814 D18S97612 prop 1.5620 D18S48512 01 1.8475 D18S45912 het 1.3735 FB25F1216 prop 2.2657 D18S97616 01 2.2394 D18S87316 het 0.7696 D18S87319 4 prop 0.8727 D19S4334 01 1.1045 D19S103453



4 het 1.0349 D19S5877 prop 1.6214 D19S10347 01 1.1147 D19S5877 het 0.6344 D19S58912 prop 0.7783 D19S103412 01 0.8711 D19S103412 het 1.1717 D19S17816 prop 3.0901 D19S40416 01 1.1679 D19S41816 het 1.7642 D19S103418 prop 0.7205 D19S43318 01 1.0252 D19S58718 het 1.1803 D19S103420 4 prop 2.3914 D20S8914 01 1.9632 D20S8874 het 1.4025 D20S1167 prop 0.8104 D20S4697 01 1.0013 D20S4697 het 1.1823 D20S88712 prop 1.1261 D20S46912 01 1.3918 D20S11912 het 1.0239 D20S11616 prop 0.7847 D20S88716 01 1.0213 D20S11916 het 1.0579 D20S88718 prop 0.7345 D20S88718 01 0.8589 D20S88718 het 0.9831 D20S88721 4 prop 0.3442 D21S2584 01 -0.4838 D21S2584 het 0.5908 D21S12607 prop 0.1760 D21S14417 01 0.8865 D21S14417 het 0.0452 D21S126012 prop -0.7021 D21S144612 01 -0.3539 D21S25812 het 0.3703 D21S144116 prop 0.7575 D21S144054



16 01 0.7108 D21S144016 het -0.3777 D21S25818 prop 0.4276 D21S15618 01 0.0922 D21S25818 het -0.2670 D21S144122 4 prop 1.2016 D22S2684 01 1.4400 D22S2684 het 0.5848 D22S4237 prop 1.8171 D22S11407 01 2.0472 D22S4237 het 0.7924 D22S116912 prop 1.8012 D22S68312 01 1.2057 D22S68312 het 0.4997 D22S116916 prop 2.2754 D22S27416 01 1.0747 D22S116916 het 0.9302 D22S26818 prop 0.1703 D22S26818 01 -0.2339 D22S42018 het 2.0223 D22S274
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