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1 Beitrage zu den Veroffentlichungen

1. Beitr2ge zu den VerO°ffentl:i

1.1 Beitragpemnm BR ugger und Strauch,

Ich habe die in diesem Paper beschriebene algorithmische Optimierung einer kopp-
lungsanalytischen Methode nach einer Idee von Prof. Strauch eigenstandig entwickelt
und in das Softwareprogramm GENEHUNTER-MODSCORE implementiert. Die zur
Evaluierung der neuen Methode nétige Simulationsstudie habe ich selbst entworfen
und durchgefuhrt. Des Weiteren war ich verantwortlich fir die Konzeption und die Er-
stellung des Manuskripts.

1.2 Beitrag z2: Prapeger et al ., 2024

Ich habe die in diesem Paper beschriebene neue Version von GENEHUNTER-
MODSCORE, die eine gemeinsame Kopplungs- und Assoziationsanalyse mit Familien
und unverwandten Individuen erlaubt, eigenstandig entwickelt und implementiert. Die
zur Evaluierung der neuen Methode ndtige Simulationsstudie habe ich selbst entwor-
fen und durchgefiihrt. Die MOD-Score-Analyse der Daten aus der Nationalen Fall-
sammlung fur familiares Pankreaskarzinom (German National Case Collection for Fa-
milial Pancreatic Cancer (FaPaCa)) als Anwendungsbeispiel, fur deren Bereitstellung
und erste Qualitatskontrollen weitere Koautoren des Papers (Manuel Lutz, Martina
Muller-Nurasyid, Elvira Matthai, Emily P. Slater und Detlef K. Bartsch) verantwortlich
waren, habe ich ebenfalls selbsténdig durchgefuihrt. Des Weiteren war ich verantwort-
lich fir die Konzeption und die Erstellung des Manuskripts. Die Idee fir eine gemein-
same Kopplungs- und Assoziationsanalyse mit Familien und unverwandten Individuen
im Rahmen einer MOD-Score-Analyse geht auf Prof. Strauch zurtck.

1.3 Beitrag 2 uUAPHegpLg Brugger et al

Die in diesem Paper veroffentlichte Simulationsstudie zur Schéatzbarkeit von Krank-
heitsmodellparametern im Rahmen einer MOD-Score-Analyse basiert auf einer Idee
Prof. Strauchs. Dabei habe ich, basierend auf Vorarbeiten beztglich Design der Studie
und Datenanalyse durch die Koautorin Susanne Rospleszcz, die Studie eigenstandig
durchgefuhrt. Ich habe die Zusammenstellung der bisherigen Erkenntnisse aus der
Literatur zur Schatzbarkeit von Krankheitsmodellparametern im Rahmen von Kopp-
lungsanalysen eigenstandig unternommen und war verantwortlich fir die Konzeption
und die Erstellung des Manuskripts.

chun
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1 Beitrage zu den Veroffentlichungen

14 Beitrag zu PapBr BNudd®earhaeatg al

Die in diesem Paper vertffentlichte Untersuchung des Confoundings zwischen ge-
schlechtsspezifischen Rekombinationsfrequenzen und genomischem Imprinting bei
der Kopplungsanalyse inklusive Simulationsstudie habe ich, basierend auf einer Idee
Prof. Strauchs, eigenstandig konzipiert und durchgefiihrt. Bei der formalen Vorstellung
der Teststatistik MOBIT als Test auf genomisches Imprinting in Anwesenheit von
Kopplung im Rahmen einer MOD-Score-Analyse war ich maf3geblich gemeinsam mit
dem Koautor Michael Knapp und Prof. Strauch beteiligt. Ich war verantwortlich fir die
Konzeption und die Erstellung des Manuskripts und habe die im Manuskript erwéhnte,
neue Simulationsprozedur fir den MOBIT in GENEHUNTER-MODSCORE selbstéan-
dig implementiert.

20



2 Einleitung zu den Publikationen

2. Einl eitunRubzlui kdaetni onen

21 | ber si cHti e¢gber di es eern dAerthesh Iti kveaetriwo n e

Die in dieser Arbeit als Paper | bezeichnete Publikation (Brugger und Strauch, 2014)
befasst sich mit einer algorithmischen Optimierung im Zusammenhang mit einer kopp-
lungsanalytischen Methode und deren Implementation in das Softwarepaket GE-
NEHUNTER-MODSCORE (Strauch, 2003, Dietter et al., 2007, Mattheisen et al., 2008,
Brugger und Strauch, 2014, Brugger et al., 2024). Basierend auf den algorithmischen
Optimierungen in Paper | entstanden in der Folge zwei weitere Publikationen (Paper
[l (Brugger et al., 2016) und Paper IV (Brugger et al., 2019), siehe Anhange A und B),
die sich mit der Schatzbarkeit von Krankheitsmodellparametern (Paper Ill) und der Te-
stung auf genomisches Imprinting (Paper IV) im Rahmen der kopplungsanalytischen
Methode, wie sie in GENEHUNTER-MODSCORE implementiert ist, befassen. In Pa-
per Il (Brugger et al., 2024) geht es schlieRlich um die gemeinsame Kopplungs- und
Assoziationsanalyse in Familien unter Hinzunahme unverwandter Individuen und de-
ren Implementation in GENEHUNTER-MODSCORE. Im Folgenden wird es eine kurze
Einleitung zum Thema Krankheitsgenkartierung geben. Anschliel3end werden die Pa-
per | und Il sowie erganzend auch die Paper Il und IV kurz zusammenhangend dar-
gestellt.

22 Al l gemei mere Keialnkheitsgenkart:.

Trager der Erbinformation ist die DNA (engl. desoxyribonucleic acid, Desoxyribonuk-
leinsdure), die beim Menschen als 22 Kdrperchromosomen (Autosomen) und 1 Paar
Geschlechtschromosomen (Gonosomen) im Zellkern vorliegen. In einem somatischen
Zellkern liegt jedes Chromosom in zweifacher Kopienzahl vor, der Mensch ist also dip-
loid (2n = 46). Dabei stammt je ein Chromosom eines homologen Chromosomenpaa-
res von der Mutter (maternale Herkunft) und eines vom Vater (paternale Herkunft). Die

erung

Definition des Begriffes AGenf i st nach wie

(siehe Portin und Wilkins, 2017), die fur die vorliegende Arbeit hinreichende Definition
eines Gens kann folgendermalf3en formuliert werden: Ein Gen ist eine spezifische Re-
gion auf der DNA, welche fur ein Enzym oder Protein codiert, wobei die Position eines
Gens auf einem Chromosom als Locus und Variationen der DNA-Sequenz an diesem
Locus als Allele bezeichnet werden (Weiss, 1993). Das Paar von Allelen an einem
Locus eines Individuums bezeichnet man als Genotyp, Allele an verschiedenen Loci,
die vom selben Elternteil stammen, als Haplotyp (Ott, 1999). Die Kartierung eines po-
tenziell krankheitsurséchlichen Gens flr eine Erbkrankheit, deren molekulargeneti-
sche Grundlage unbekannt ist, erfolgt in der Humangenetik unter Verwendung des
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2 Einleitung zu den Publikationen

Ansatzes der Positionsklonierung (Botstein und Risch, 2003). Hierbei wird der Krank-
heitslocus zuerst kartiert, bevor die Genfunktion untersucht wird, was der Methode den
Bei namen Arever se (Raddle t11984)./Bei der Robitiomskidmiereng
wird in einem ersten Schritt eine Kopplungsanalyse durchgefuhrt, um die chromoso-
male Position des mutmalilichen Krankheitsgenortes einzugrenzen (Grobkartierung),
gefolgt von einer Feinkartierung mittels einer Assoziationsanalyse (Botstein und Risch,
2003). Eine Kopplungsanalyse untersucht die gemeinsame Vererbung eines Merk-
mals, wie z. B. dem Krankheitsstatus gesund/krank, mit einem genetischen Marker in
Familien. Innerhalb eines Familienstammbaumes werden sogenannte Founder von
Nonfoundern unterschieden. Die Eltern der Founder sind im Stammbaum nicht verfiig-
bar und begrinden diesen daher, sie gelten als zuféallig aus der Gesamtbevdlkerung
gezogen, sodass man verschiedene Stammbaume als unabhéngig voneinander be-
trachtet. Nonfounder hingegen sind Nachkommen, deren Eltern im Stammbaum ver-
fugbar sind. Als genetischer Marker kommt im Prinzip jeder genetische Polymorphis-
mus infrage, also z. B. Einzelnukleotidvarianten (engl. single nucleotide variants,
SNVs) oder auch hochpolymorphe Mikrosatelliten, die aus mehrfachen, kurzen Tan-
demwiederholungen derselben DNA-Sequenz bestehen. Liegen Marker- und Krank-
heitsgenort nahe genug auf einem Chromosom beieinander, so werden die beiden
dazugehdrigen, sich auf einem elterlichen Chromosom befindlichen Allele 6fter ge-
meinsam an die Nachkommen vererbt, als dies unter Zufallsbedingungen der Fall
ware, und es liegt Kopplung zwischen Marker- und Krankheitsgenort vor. Bei zuneh-
mender Distanz zwischen Marker- und Krankheitsgenort werden die beiden entspre-
chenden Merkmale zunehmend 6fter voneinander wahrend der Meiose | (Reduktions-
teilung) durch Crossover-Ereignisse der homologen, elterlichen Chromosomen ge-
trennt und neu rekombiniert. Das entsprechende Mal fiir die Kopplung zweier Genorte
ist die Rekombinationsfrequenz —- die zwischen 0 (vollstandiger Kopplung) und 0,5
(keiner Kopplung) rangiert. Die genetische Kopplung zwischen zwei Genorten stellt
demzufolge eine Abweichung vom 3. Mendelschen Gesetz, der Unabhéngigkeitsregel,
dar. Die raumliche Auflosung einer Kopplungsanalyse liegt typischerweise zwischen
2,5 und 10 centiMorgan (cM) (Fan und Jung, 2003), sodass in der Folge haufig eine
Assoziationsanalyse zwecks Feinkartierung nachgeschaltet wird. An dieser Stelle sei
darauf hingewiesen, dass im Rahmen der Krankheitsgenkartierung heutzutage oft di-
rekt eine genomweite Assoziationsstudie (engl. genome-wide association study,
GWAS) ohne vorgeschaltete Kopplungsanalyse gemacht wird. Eine solche GWAS ist
im Falle von komplexen Krankheiten, die zu einem erheblichen Anteil von h&aufigen
genetischen Varianten mit moderatem Effekt mitverursacht werden, in der Regel trenn-
scharfer als die Kopplungsanalyse und kommt auch ganzlich ohne Familiendaten aus
(Ott et al., 2015). Hingegen ist im Falle von Krankheiten, die eine familiare Haufung
aufweisen und meist durch seltene Varianten mit grof3em Effekt verursacht werden,

11



2 Einleitung zu den Publikationen

die Kopplungsanalyse der GWAS Uberlegen (Ott et al., 2015). Dabei ist die Nutzbarkeit
einer Kopplungsanalyse zur Kartierung von seltenen krankheitsursachlichen Varianten
in den letzten Jahren durch die Verfigbarkeit von Daten aus vollstdndiger Genomse-
qguenzierung (engl. whole-genome sequencing, WGS) stark angestiegen. Die Kopp-
lungsanalyse kann dabei auch mit bioinformatischen Methoden zur Auswahl und Pré&-
diktion potenziell schadlicher Varianten anhand von WGS-Daten in Familien kombi-
niert werden (Ott et al., 2015).

Eine Assoziationsanalyse untersucht die Korrelation von Markerallelen mit dem Krank-
heitszustand von unverwandten Betroffenen und Gesunden aus der Bevoélkerung oder
auch in Familien (Terwilliger, 1995). Im Falle keiner Korrelation befinden sich die Allele
am Markergenort mit denen des Krankheitsgenorts im Kopplungsgleichgewicht (engl.
linkage equilibrium, LE), wodurch die Verteilung der Allele am Markergenort bei den
Betroffenen und Gesunden gleich ist. Eine Korrelation von Markerallelen mit dem
Krankheitsgenort liegt vor, wenn sich deren Verteilung zwischen den Betroffenen und
Gesunden unterscheidet, was dann Kopplungsungleichgewicht (engl. linkage dise-
quilibrium, LD) genannt wird.

Des Weiteren kann es auch vorteilhaft sein, beide Kartierungsstrategien, also Kopp-
lung und Assoziation, direkt miteinander in einer gemeinsamen Kopplungs- und Asso-
ziationsanalyse zu verbinden, was insbesondere dann zu einer erhdhten Trennschéarfe
der statistischen Analyse fithren kann, wenn sowohl groRere Familien als auch Unver-
wandte fur die Analyse zur Verfigung stehen (Goéring und Terwilliger, 2000).

Meine beiden im Folgenden dargestellten Hauptarbeiten befassen sich mit algorithmi-
schen Optimierungen im Rahmen einer speziellen kopplungsanalytischen Methode
(Paper I) und der Entwicklung eines gemeinsamen Kopplungs- und Assoziationsver-
fahrens fur Datenséatze aus Familien und Unverwandten (Paper II).

23 Paper |1 : Algorithmische Optimierung
kopplungsanal yti schen Met hode

Die Kopplungsanalyse ist eine bewéahrte Methode, Krankheiten, die einer familiaren
Haufung unterliegen, im Genom zu kartieren (Ott et al., 2015). Kopplungsanalysen
werden traditionellinAp ar a meft r (i sacche €)1 boadselit-parAmetrischei  ¢- m
dellfreie) Analysen unterteilt. In der parametrischen Kopplungsanalyse, die auch unter
dem Namen LOD-Score-Analyse bekannt ist (Morton, 1955), werden bestimmte
Krankheitsmodellparameter fir die Vererbung der Krankheit angenommen, wohinge-
gen nicht-parametrische Methoden ohne eine solche Annahme auskommen. Es
konnte jedoch gezeigt werden, dass bestimmte parametrische und nicht-parametri-
sche Verfahren statistisch aquivalent zueinander sind (Knapp et al., 1994, Strauch,

12
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2007). Die im Folgenden gemachten Annahmen bezuglich des Krankheitsmodells und
der daftir ndtigen Krankheitsmodellparameter gelten fur alle in dieser Arbeit vorgestell-
ten Paper. Im Falle eines diallelischen autosomalen Locus, der eine dichotome Krank-
heit verursacht, sind die Krankheitsmodellparameter folgende: die Krankheitsallelfre-
quenz | (AX fisteht fiir Mutation, mit Wildtypallelfrequenz 1y p n ), die drei Pe-
netranzen "ORCHQ, wobei "Qdie Wahrscheinlichkeit beschreibt, mit der ein Individuum
mit “(Kopien des Krankheitsallels von der Krankheit betroffen ist, und die Rekombina-
tionsfrequenz —zwischen Marker- und Krankheitslocus bzw. die genetische Position w
des Krankheitslocus im Falle einer Analyse mit mehr als einem genetischen Marker
(Multimarkeranalyse, Multipointanalyse). Hangt die Expression eines krankheitsur-
sachlichen Gens von dessen elterlicher Herkunft ab, so liegt genomisches Imprinting
vor (Hall, 1990), welches durch die Aufspaltung der Heterozygotenpenetranz "Qin zwei
Penetranzen"Q,  (maternale Herkunft) und "Q; (paternale Herkunft des Krankheits-
allels) im Rahmen einer LOD-Score-Analyse beriicksichtigt werden kann (Strauch et
al., 2000). Die zur Berechnung des LOD-Scores als Kopplungstest notwendigen
Krankheitsmodellparameter kdnnen im Vorfeld im Rahmen einer Segregationsanalyse
geschatzt werden, bei der mittels statistischer Verfahren verschiedene genetische Mo-
delle und Vererbungsmodi mit dem Vererbungsmuster des Krankheitsphanotyps in Fa-
milien verglichen werden. Dabei kbnnen sowohl Ein-Genort-Modelle, wie sie bei Men-
delschen Erkrankungen auftreten, als auch komplexere Modelle, die weitere geneti-
sche Faktoren und Umwelteinflisse bertcksichtigen, in die Analyse einbezogen wer-
den (Weiss, 1993). Alternativ kdnnen die Krankheitsmodellparameter auch in einer ge-
meinsamen Kopplungs- und Segregationsanalyse geschatzt werden. Ein Beispiel fur
ein solches Verfahren ist die MOD-Score-Analyse (Risch, 1984). Durch die Schatzung
der Krankheitsmodellparameter im Rahmen der MOD-Score-Analyse kann ein Verlust
an statistischer Trennscharfe fur den Kopplungstest, wie er bei gewohnlichen LOD-
Score-Analysen durch fehlerhafte Spezifikation der Krankheitsmodellparameter vor-
kommen kann, reduziert werden (Clerget-Darpoux et al., 1986). Da die Verteilung der
Teststatistik der MOD-Score-Analyse im Allgemeinen nicht bekannt ist, missen Simu-
lationen unter der Nullhypothese keiner Kopplung gemacht werden, um p-Werte fir
den Kopplungstest zu erhalten. Die Teststatistik der MOD-Score-Analyse ist der Zeh-
nerlogarithmus des Likelihood-Quotienten der Likelihood unter der Alternativhypo-
these Kopplung und der entsprechenden Likelihood unter der Nullhypothese keiner
Kopplung. Die Likelihood 0 des genetischen Modells, gegeben die beobachteten Da-
ten, ist dabei proportional zur Wahrscheinlichkeit, die Daten zu beobachten, gegeben
das Modell. Anders formuliert bezeichnet die Likelihood die Wahrscheinlichkeit, die
Daten zu beobachten, unter der Annahme, dass das zugrundeliegende Modell wahr
bzw. korrekt spezifiziert ist (Weiss, 1993). Der Likelihood-Quotient wird im Hinblick auf
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die Rekombinationsfrequenz (bzw. die genetische Position des Krankheitslocus) und
die Krankheitsmodellparameter maximiert:

050 | AGIT Gt o M
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Es ist zu beachten, dass im Zahler und Nenner dieselben Werte fir die Krankheitsmo-
dellparameter angenommen werden. Dadurch ist der MOD-Score proportional zur Li-
kelihood, bedingt auf die Krankheitsphanotypen, und liefert unverzerrte Schéatzer fir
die Krankheitsmodellparameter, welche nicht von den Details der Datenerhebung
(engl. ascertainment) abhéngen (Elston, 1989). Dies gilt unter anderem jedoch nur
dann, wenn sich die genetischen Marker nicht im LD mit den Allelen am Krankheits-
locus befinden (Ginsburg et al., 2004, Malkin und Elston, 2005). Alle Bedingungen, die
fur die unverzerrte Schatzbarkeit der Krankheitsmodellparameter im Rahmen der
MOD-Score-Analyse notwendig sind, wurden in Brugger et al. (2016, Anhang A dieser
Arbeit) zusammengetragen. Brugger et al. (2016, Anhang A dieser Arbeit) konnten
daruber hinaus anhand von simulierten Familiendaten zeigen, dass mittels der MOD-
Score-Analyse eine Schatzung der Krankheitsmodellparameter auch praktisch még-
lich ist, wobei die Genauigkeit der Schatzung stark sowohl vom zugrundeliegenden
Krankheitsmodell als auch von der Komplexitat der untersuchten Familien abhangt.
Die Berechnung der genetischen Likelihood ist also entscheidend fur die Kopplungs-
analyse und deren aufwandigster Schritt, vor allem dann, wenn grof3e Familien, viele
Marker und fehlende Markergenotypen im Datensatz auftreten. Es sind im Wesentli-
chen zwei Algorithmen zur Berechnung der Likelihood gebrauchlich: der Elston-Ste-
wart-Algorithmus (Elston und Stewart, 1971) und der Lander-Green-Algorithmus (Lan-
der und Green, 1987). Die Rechenzeit des Elston-Stewart-Algorithmus wachst linear
mit der Zahl der Familienmitglieder in einem Stammbaum und exponentiell mit der Zahl
der untersuchten Marker. Die Rechenzeit des Lander-Green-Algorithmus hingegen
wachst linear mit der Zahl der Marker und exponentiell mit der Zahl der Familienmit-
glieder in einem Stammbaum, weshalb er gut fir die Analyse von Datensatzen mit
vielen Markern und kleineren bis mittelgroRen Familien geeignet ist. Der Lander-
Green-Algorithmus basiert auf dem Konzept der Vererbungsvektoren, bei dem jeder
einzelne Vektor ein mogliches Muster fur die Segregation der Allele der Founder in
einer Familie an einem Locus beschreibt. Mit ¢ Nonfoundern und "QFoundern in einem
Stammbaum sind ¢ Vektoren moglich, die sich wiederum in ¢ aquivalente Ver-
erbungsvektorklassen zu je ¢ Vektoren zusammenfassen lassen (Kruglyak et al.,
1996). Ohne Hinzunahme von Markerinformation entspricht die Wahrscheinlichkeits-
verteilung der Vererbungsvektoren (Vererbungsverteilung) an einer gegebenen gene-
tischen Position einer Gleichverteilung. Im Falle von hinreichend vielen informativen
Markern ist die Vererbungsverteilung auf wenige Vektoren konzentriert. Mit Hilfe des
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Lander-Green-Algorithmus ist nach Ermittlung der Vererbungsverteilung unter Hinzu-
nahme samtlicher Marker sowohl eine parametrische als auch nicht-parametrische
Kopplungsanalyse mdglich. Hierzu ist eine entsprechende Scoring-Funktion zur Be-
wertung der Krankheitsphanotypen zu verwenden.

Das Softwareprogramm GENEHUNTER-MODSCORE (GHM) (Strauch, 2003, Dietter
et al., 2007, Mattheisen et al., 2008, Brugger und Strauch, 2014, Brugger et al., 2024)
basiert wie das urspriingliche Softwareprogramm GENEHUNTER (Kruglyak et al.,
1996) auf dem Lander-Green-Algorithmus, der zur Berechnung der Vererbungsvertei-
lung eingesetzt wird. Die fir eine MOD-Score-Analyse eingesetzte, parametrische
Scoring-Funktion beinhaltet die Likelihood fur den Krankheitsgenort, gegeben einen
bestimmten Vererbungsvektor, welche die Krankheitsmodellparameter, d. h. die Pe-
netranzen und die Krankheitsallelfrequenz, enthalt. Diese Krankheitslocus-Likelihood
wird fur jeden Vererbungsvektor berechnet und mit der aus der Vererbungsverteilung
bestimmten Wahrscheinlichkeit fur den jeweiligen Vererbungsvektor unter Bertcksich-
tigung samtlicher Marker gewichtet. Die Beitrage aller Vererbungsvektoren werden
aufsummiert und zusatzlich mit der Summe der Krankheitslocus-Likelihoods, die sich
bei einer Gewichtung mit einer Gleichverteilung der Vererbungsvektoren (d. h. ohne
Markerinformation) ergibt, normiert. Der so berechnete Gesamt-Score ist letztlich ein
Likelihood-Quotient, wobei der Zahler der Alternativhypothese Kopplung zwischen
Marker- und Krankheitsgenort und der Nenner der Nullhypothese keiner Kopplung ent-
spricht. Der dekadische Logarithmus dieses Likelihood-Quotienten wird tber alle
Stammbaume im Datensatz summiert, die entsprechend Uber die Krankheitsmodell-
parameter maximierte Summe aus logarithmierten Likelihood-Quotienten ergibt dann
den MOD-Score. Fur eine genetische Position ist die Berechnung der Vererbungsver-
teilung ein einmaliger Vorgang, die Krankheitslocus-Likelihood muss jedoch fir jedes
neu eingesetzte Set an Krankheitsmodellparametern im Rahmen des Optimierungs-
verfahrens, wie es in GHM implementiert ist, neu berechnet werden. Die Berechnung
der Krankheitslocus-Likelihood ist somit der geschwindigkeitsbestimmende Schritt ei-
ner MOD-Score-Analyse. Brugger und Strauch (2014, Paper I) konnten zeigen, dass
es im Rahmen des Lander-Green-Algorithmus moglich ist, Vererbungsvektoren zu-
sammenzufassen, die identische Krankheitslocus-Likelihoods aufweisen, um so die
Zahl der nétigen Berechnungen pro eingesetztem Set an Krankheitsmodellparametern
zu reduzieren. Dies ist mit Hilfe algebraischer (symbolischer) Berechnungen der
Krankheitslocus-Likelihood fiur jeden Vererbungsvektor und anschlielender Zuord-
nung zu einer Vererbungsvektorklasse mit potenziell mehreren Vererbungsvektoren
maoglich. Erst nachdem die algebraische Struktur aller Vererbungsvektoren berechnet
und Vektoren mit identischer, algebraischer Krankheitslocus-Likelihood zu Verer-
bungsvektorklassen zusammengefihrt worden sind, wird die Krankheitslocus-Like-
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lihood durch Einsetzen entsprechender Werte fir die Penetranzen und die Krankheits-
allelfrequenz ausgerechnet. Dieser Algorithmus kann insbesondere dann zur Verrin-
gerung von Rechenzeit einer MOD-Score-Analyse fuhren, wenn sich mehrere Fami-
lien identischer Stammbaumstruktur im Datensatz wiederfinden, da der Algorithmus
Uber Familien hinweg Vererbungsvektorklassen zusammenfassen kann. Ein solches
Szenario ist insbesondere fur Simulationsstudien gegeben, Anwendungen des in Pa-
per | dargestellten und in GHM implementierten algebraischen Algorithmus sind in Pa-
per Il (Anhang A) zur Schatzbarkeit von Krankheitsmodellparametern und IV (Anhang
B) zur Untersuchung des genomischen Imprintings zu finden.

24 PapdrGelmei nsame K-apm WArsgpzi atinonsaneé
Familien und Unver wandten

Eine gemeinsame Kopplungs- und Assoziationsanalyse kombiniert Kopplungs- und
Assoziationsinformation aus Familien, wobei Assoziationsinformation aus der Allge-
meinbevolkerung durch Einbeziehung unverwandter Individuen hinzugefugt werden
kann. Dadurch kann die statistische Trennscharfe zur Kartierung eines krankheitsur-
sachlichen Gens speziell dann erhéht werden, wenn der Datensatz aus Familien und
Unverwandten besteht (Goring und Terwilliger, 2000). Dies hat zwei Grinde. Zum ei-
nen machen Kopplungsanalysen im Allgemeinen die Annahme, dass sich die Allele an
Krankheits- und Markerlocus im LE befinden. Es ist jedoch bekannt, dass sich Krank-
heits- und Markerlocus bei geringer Entfernung auf demselben Chromosom im LD be-
finden kdonnen (Jorde, 1995), wodurch es bei Kopplungsanalysen zu einem Verlust an
Trennscharfe kommen kann, wenn das LD nicht bertcksichtigt wird (Clerget-Darpoux,
1982). Zum anderen nutzen Assoziationsanalysen diese LD-Information zwar aus, um
krankheitsursachliche Gene zu kartieren, sie fallt jedoch schnell mit einer zunehmen-
den genetischen Distanz zwischen Krankheits- und Markerlocus ab (Terwilliger, 1995).
Daher ist die Idee, die im Vergleich zur Assoziationsinformation tiber grol3ere geneti-
sche Distanzen hinweg stabilere Kopplungsinformation in Familien mit der Assozia-
tionsinformation in Familien und Unverwandten in einem gemeinsamen Test zu verei-
nen, sehr vielversprechend. Erste Ansatze fiir gemeinsame Kopplungs- und Assozia-
tionsanalysen finden sich in den Arbeiten von MacLean et al. (1984), Clerget-Darpoux
et al. (1988) und Tienari et al. (1992). Eine gemeinsame Kopplungs- und Assoziations-
analyse basierend auf dem MOD-Score-Ansatz (siehe Abschnitt 2.3) wird verwirklicht,
indem der entsprechende Likelihood-Quotient mit einem Parameter fiir das LD zwi-
schen Krankheits- und Markerlocus erweitert wird:
boo _LA@ 11 G U hv, ththm)o
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Die Umsetzung einer solchen Analyse und deren Implementation in GHM ist Gegen-
stand von Paper Il. Die Modellierung des LDs geschieht dabei anhand von bis zu drei
SNVs (sogenannten Test-SNVs), deren Allele mit jenen des Krankheitslocus gemein-
same Haplotypen bilden. Dabei tragen lediglich die Founder Beitrdge zu den Haplo-
typfrequenzen bei, Nonfounder dienen jedoch dem Ausschluss von inkompatiblen
Haplotypkonfigurationen im Zuge der Haplotypfrequenzschatzung (siehe auch Rohde
und Furst, 2001). Letztere wird in GHM mittels eines Expectation-Maximization-Algo-
rithmus (EM-Algorithmus, Dempster et al., 1977) bewerkstelligt, der im Kontext des
Lander-Green-Algorithmus zur Berechnung der auf LD-Parameter erweiterten Krank-
heitslocus-Likelihood arbeitet (siehe Abecasis und Wigginton, 2005). Kopplungsinfor-
mation wird durch flankierende Marker mit beliebiger Zahl von Allelen beigetragen. Die
Komplexitat des Maximierungsproblems zur Berechnung des MOD-Scores steigt
durch die zusatzliche Zahl an Krankheitsmodellparametern gewaltig. So missen zum
Beispiel im Falle von drei SNVs 16 Haplotypfrequenzen im Zahler von Gleichung (2)
berticksichtigt werden. Eine solche komplexe Aufgabe ist nicht mehr mit dem bisheri-
gen, numerischen Optimierungsverfahren von GHM in einer Uberschaubaren Rechen-
zeit |6sbar. Deshalb wurde zur Berechnung des MOD-Scores der Optimierungsalgo-
rithmus COBYLA (Powell, 1994, Powell, 1998) in der Version, wie er in der Funktions-
bibliothek NLopt (v2.6.2) (Johnson, 2020) enthalten ist, in GHM implementiert. Der
Beitrag allelischer Markerinformation der Founder in Form von Haplotypfrequenzen
zum MOD-Score fuhrt dazu, dass die bisherige Simulationsroutine von GHM (Matthei-
sen et al., 2008) zur Berechnung von empirischen p-Werten fir den Kopplungstest
nicht fir den Test auf gemeinsame Kopplung und Assoziation angewendet werden
kann. Daher wurde eine neue Simulationsroutine entwickelt und in GHM implementiert,
die bei der Erzeugung von Replikaten unter der Nullhypothese keiner Kopplung und
keiner Assoziation die Haplotypfrequenzen der Founder fur die Simulation der Marker-
daten bericksichtigt. In Paper Il wurde diese neue Simulationsroutine umfangreich
evaluiert und letztlich validiert. Es ist dartiber hinaus direkt mit GHM mdglich, die Si-
mulationen auf mehreren Computerkernen parallel laufen zu lassen. Da die Berech-
nungen fur einen empirischen p-Wert fur den gemeinsamen Test auf Kopplung und
Assoziation sehr aufwandig sind, wird der p-Wert nur fir ein bestimmtes, aus maximal
drei Test-SNVs bestehendes Markerset berechnet, wohingegen ein explorativer Scan
eines ganzen Chromosoms auf gemeinsame Kopplung und Assoziation ohne p-Wert-
Berechnung vollautomatisch in GHM unter Angabe einiger, weniger Randbedingungen
(z. B. Anzahl der Test-SNVs, maximale Distanz zwischen den Test-SNVs) vollzogen
werden kann. Die in Paper Il durchgefiihrte Simulationsstudie hat gezeigt, dass der
gemeinsame Test auf Kopplung und Assoziation im Rahmen des MOD-Score-Ansat-
zes mehr statistische Trennschérfe liefern kann als ein vergleichbarer Test aus dem
PSEUDOMARKER-Softwarepaket (Goring und Terwilliger, 2000, Hiekkalinna et al.,
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2011, Gertz et al., 2014). Dies ist vor allem bei einem komplexeren Assoziationsmuster
der Fall, was bedeutet, dass sich das LD uber den Krankheitslocus und zwei bis drei
Markerloci erstreckt. Um die neue Methode auch in der praktischen Anwendung zu
prufen, wurden Daten der Nationalen Fallsammlung fur familidres Pankreaskarzinom
(FaPaCa) analysiert. Die genetische und molekulare Grundlage des familidren Pan-
kreaskrebses ist weitestgehend unklar, wird aber als sehr komplex angenommen
(Bartsch et al., 2021). Die aus den FaPaCa-Familien gewonnenen Markerdaten wur-
den einem initialen genomweiten Kopplungsscan mittels GHM unterzogen, um vielver-
sprechende Kandidatenregionen fur den aufwéndigeren gemeinsamen Test auf Kopp-
lung und Assoziation zu selektieren. Die Daten stellen eine grol3e Herausforderung an
die Rechenleistung flr den gemeinsamen Test auf Kopplung und Assoziation dar, well
die meisten Founder der FaPaCa-Familien untypisiert geblieben sind, wodurch die Be-
rechnung der Krankheitslocus-Likelihood sehr viele mégliche Haplotypkonfigurationen
berucksichtigen muss. Als Ergebnis der Analyse konnte eine vielversprechende Re-
gion zwischen den Genorten fur IL17REL und PIM3 auf Chromosom 22g13.33 identi-
fiziert werden. Der lange Arm von Chromosom 22 steht schon langer im Verdacht, mit
der Entstehung von Pankreaskrebs in Verbindung zu stehen (Handel-Fernandez et al.,
2000), vielleicht konnen zukunftige Mutationsanalysen der 22g13.33-Region in
FaPaCa-Familien ein weiteres Puzzleteil zum besseren Verstandnis der Krankheitsa-
tiologie des familidren Pankreaskrebses beitragen.
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3. Zusammenfassung

Die in der vorliegenden Arbeit zusammengefassten Publikationen (Paper I-IV) haben
allesamt das Softwareprogramm GENEHUNTER-MODSCORE (GHM) (Strauch,
2003, Dietter et al., 2007, Mattheisen et al., 2008, Brugger und Strauch, 2014, Brugger
et al., 2024) und den darin implementierten Ansatz der MOD-Score-Analyse als spe-
zielle Variante der Kopplungsanalyse (Risch, 1984) zum Thema. Alle vier Publikatio-
nen hangen thematisch miteinander Gber GHM und dem darin verwendeten kopp-
lungsanalytischen Ansatz zusammen, weshalb ich sie gerne als meine persoénliche
AGENEHUNMODRCORE-Tetral ogi efi bezeichnen m°chte.

Die erste Arbeit der Tetralogie (Paper I, Brugger und Strauch, 2014) beschéftigt sich
mit der Frage, wie es gelingen kann, den geschwindigkeitsbestimmenden Schritt einer
MOD-Score-Analyse in GHM so zu verandern, dass die Rechenzeit reduziert werden
kann. Der im Sinne der Rechenzeit teuerste Schritt in der GHM-MOD-Score-Analyse
ist die Berechnung der Krankheitslocus-Likelihood unter Hinzunahme aller Phanoty-
pen der Stammbaume. Diese Likelihood muss flr jedes neue zu prifende Set an
Krankheitsmodellparametern, welches im Falle einer dichotomen Erkrankung, die von
einem diallelischen Krankheitslocus verursacht wird, aus der Krankheitsallelfrequenz
und den Penetranzen besteht, neu ausgerechnet werden. Unter Anwendung des in
GHM implementierten Lander-Green-Algorithmus (Lander und Green, 1987) zur Be-
rechnung der Vererbungsverteilung an einer genetischen Position auf Grundlage aller
verfugbarer Markerinformation ist es gelungen, eine substantielle Reduzierung der Re-
chenzeit zu erreichen. Ein gegebener Vererbungsvektor beschreibt ein mdgliches
Muster flr die Segregation der Markerallele der ersten Elterngeneration, der soge-
nannten Founder, an deren Nachkommen eines Familienstammbaumes. Die Berech-
nung der Krankheitslocus-Likelihood bezieht ihre Beitrdge aus Termen der Krankheits-
modellparameter, die Uber die verschiedenen, moglichen Vererbungsvektoren sum-
miert werden. Wenn also zwei Vererbungsvektoren denselben Beitrag zur Krankheits-
locus-Likelihood liefern, lassen sie sich zu einer Vererbungsvektorklasse zusammen-
fassen und die Beitrage mussen nicht mehr pro Vektor, sondern nur noch einmal pro
Klasse ausgerechnet werden. So kann eine grol3e Menge an Vererbungsvektoren po-
tenziell in einige, wenige Klassen eingeteilt werden, die auch Uber die Familien hinweg
zur Rechenzeiteinsparung genutzt werden kénnen. Dies ist vor allem fir Simulations-
studien interessant, bei denen zwar oft eine grof3e Zahl an Familien erzeugt werden,
die jedoch auf nur ein paar wenige unterschiedliche Stammbaumtypen zurtickgehen.
Identische Stammbaumstrukturen liefern hernach dieselben Vererbungsvektorklas-
sen, wodurch eine weitere Optimierung der Rechenzeit erfolgen kann.
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Diese algorithmische Optimierung der Rechenzeit fir GHM ermdglichte es dann, die
in Brugger et al. (2016, Paper Ill, Anhang A) beschriebene Simulationsstudie zur Un-
tersuchung der Schatzbarkeit von Krankheitsmodellparametern im Rahmen einer
MOD-Score-Analyse durchzufiihren. Hierzu wurde als Vorarbeit ein sorgfaltiger Re-
view daruiber gefuhrt, inwieweit und unter welchen Bedingungen die Krankheitsmodell-
parameter im Rahmen einer MOD-Score-Analyse theoretisch tberhaupt schatzbar
sind, wobei vor allem auf die Arbeiten von Elston (1989), Ginsburg et al. (2004) sowie
Malkin und Elston (2005) verwiesen werden muss. Als Ergebnis der Simulationsstudie
konnte festgestellt werden, dass Krankheitsmodellparameter im Rahmen einer MOD-
Score-Analyse in der Tat praktisch schatzbar sind, deren Schatzgenauigkeit und Iden-
tifizierbarkeit aber stark von den wahren Krankheitsmodellparametern und den unter-
suchten Stammbaumstrukturen abhangen.

Eine weitere Simulationsstudie, die in Brugger et al. (2019, Paper IV, Anhang B) be-
schrieben ist, hat das Confounding zwischen geschlechtsspezifischen Rekombinati-
onsfrequenzen und genomischem Imprinting im Rahmen von Kopplungsanalysen mit
GHM zum Thema. Hierzu wurde auch ein neuer Test auf Imprinting auf Basis des
MOD-Scores (MOBIT/) vorgeschlagen und dessen statistische Eigenschaften unter-
sucht. Wenn die Expression eines krankheitsursachlichen Gens von dessen elterlicher
Herkunft abhangt, so spricht man von genomischem Imprinting (Hall, 1990), welches
durch die Aufspaltung der Heterozygotenpenetranz in zwei nach der elterlichen Her-
kunft des Krankheitsallels getrennten Penetranzen im Rahmen einer LOD- bzw. MOD-
Score-Analyse bertcksichtigt werden kann (Strauch et al., 2000). Der MOBIT als Test
auf Imprinting ergibt sich dann als Differenz des MOD-Scores unter Berucksichtigung
des Imprintings und des MOD-Scores ohne Berlcksichtigung des Imprintings. Alter-
nativ lasst sich genomisches Imprinting im Rahmen einer Kopplungsanalyse auch tber
geschlechtsspezifische Rekombinationsfrequenzen modellieren (Smalley, 1993), was
zu einer Confoundingsituation fihren kann, wenn auf Imprinting in Gegenwart von tat-
sachlich vorliegenden geschlechtsspezifischen Rekombinationsfrequenzen getestet
wird, diese aber nicht in der Analyse bertcksichtigt werden. Durch umfangreiche Si-
mulationen konnte in Paper IV gezeigt werden, dass sich Confounding vermeiden
l&sst, wenn man einen Multimarkeransatz wahlt, dessen Markerabstdnde unter 1 cM
liegen. In Paper IV wurden die asymptotische Verteilung unter der Nullhypothese kei-
nen Imprintings, aber Kopplung angegeben und zwei Simulationsroutinen vorgeschla-
gen, mit denen man empirische p-Werte fir den MOBIT erhalten kann.

Das letzte Paper der GHM-Tetralogie (Brugger et al., 2024, Paper Il) beschattigt sich
abschlieRend mit einer Erweiterung des MOD-Score-Ansatzes, der es ermdglicht, ei-
nen gemeinsamen Test auf Kopplung und Assoziation in Familien und Unverwandten
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durchzufiihren. Der MOD-Score wurde hierfir um einen Parameter fur das LD erwei-
tert, welcher in Form von Haplotypfrequenzen der Founder und der Unverwandten un-
ter Hinzunahme von bis zu drei SNVs zusatzlich zum Krankheitsgenort parametrisiert
wurde. Die stark vergroRRerte Zahl zu optimierender Parameter im entsprechenden Li-
kelihood-Quotienten des MOD-Scores machte die Implementation eines Optimie-
rungsalgorithmus in GHM notwendig (COBYLA (Powell, 1994, Powell, 1998)), ohne
den die Rechenzeit fir MOD-Score-Analysen nicht mehr handhabbar gewesen ware.
Um einen empirischen p-Wert fir den MOD-Score unter der Nullhypothese keiner
Kopplung und keiner Assoziation zu erhalten, wurde eine neue Simulationsroutine im-
plementiert und erfolgreich anhand ausfuhrlicher Simulationen validiert. Die statisti-
schen Eigenschaften (Fehler 1. Art, statistische Trennscharfe) des neuen MOD-Scores
wurden ebenfalls ausfihrlich mittels Simulationen untersucht und mit einem vergleich-
baren Test aus dem Softwareprogramm PSEUDOMARKER (Goéring und Terwilliger,
2000, Hiekkalinna et al., 2011, Gertz et al., 2014) verglichen. Dabei konnte festgestellt
werden, dass der gemeinsame Test auf Kopplung und Assoziation auf Basis des
MOD-Scores vor allem dann eine hohere Trennschéarfe aufweist, wenn sich das LD
uber den Krankheitslocus und zwei bis drei SNVs erstreckt. Die Analyse der Daten der
FaPaCa-Familien erbrachte einen vielversprechenden, signifikant gekoppelten und
assoziierten Locus auf Chromosom 22g13.33, welcher in zukinftigen Mutationsanaly-
sen zum besseren Verstandnis der Krankheitsétiologie des familiaren Pankreaskreb-
ses beitragen kann.
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4. Abstract

All publications comprised in this work deal with the GENEHUNTER-MODSCORE
(GHM) software package (Strauch, 2003, Dietter et al., 2007, Mattheisen et al., 2008,
Brugger und Strauch, 2014, Brugger et al., 2024) and the MOD score approach in
linkage analysis (Risch, 1984) implemented therein. The publications hence represent
whatlwoul d | i ke t o GEAEHUNTER-MQPDSCQRE tetralogya

The first publication (Brugger and Strauch, 2014, Paper I) concerns the question as
how to speed up the most time-consuming step in a MOD score analysis, which is the
calculation of the disease-locus likelihood. The disease-locus likelihood makes use of
the disease phenotypes of all family members in a pedigree and has to be recalculated
for every new tested set of trait-model parameters, i.e., the disease allele frequency
and the penetrances for a dichotomous trait governed by a diallelic disease locus. In
the context of the Lander-Green algorithm (Lander and Green, 1987), which is em-
ployed to calculate the inheritance distribution at a given genetic position using all
available marker information, we were able to speed up the calculations substantially.
Specifically, an inheritance vector denotes a possible segregation pattern of founder
alleles to their offspring in a given pedigree. The disease-locus likelihood calculation
entails the summation over contributions of all possible inheritance vectors, whereby
each inheritance vector contributes terms according to the specified trait-model param-
eters. If two distinct inheritance vectors yield the same contribution to the disease-
locus likelihood, they can be grouped together into an inheritance vector class. This
way, potentially many inheritance vectors can be grouped into fewer inheritance vector
classes. Hence, the contributions to the disease-locus likelihood only need to be cal-
culated once for each class instead of each vector. It can furthermore be shown that
inheritance vector classes can even be used across pedigrees to save computation
time, which is especially relevant for linkage simulation studies. Typically, a large num-
ber of families are generated in simulation studies, however, they usually correspond
to a few distinct pedigree types. Because identical pedigrees( i ncl udi ng each me
phenotype, but not genotype) lead to the same set of inheritance vector classes, cal-
culation time can be saved even across pedigrees.

The implementation of the above-described algorithmic optimization in GHM facilitated
the investigation of the capacity of a MOD score analysis to estimate trait-model pa-
rameters by performing a simulation study (Brugger et al., 2016, Paper Ill, Anhang A).
To this end, theoretical arguments concerning the ability of the MOD score approach
to estimate trait-model parameters were carefully reviewed (see e.g. Elston (1989),
Ginsburg et al. (2004) as well as Malkin and Elston (2005)). As a result, the simulation
study showed that trait-model parameters can in fact be estimated in practice using
the MOD score approach, however, the accuracy of the estimates and the identifiability
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of the parameters strongly depend on the truly underlying trait-model parameters and
the pedigree types used in the analysis.

In a further simulation study (Brugger et al., 2019, Paper IV, Anhang B), the confound-
ing between sex-specific recombination fractions and genomic imprinting was system-
atically investigated. To this end, a new test statistic to test for the presence of imprint-
i ng in the context of I|Iinkage analysis
its statistical properties were thoroughly evaluated. Genomic imprinting means the de-
pendence of an individual's liability to develop a disease according to the parental
origin of the mutated allele(s) (Hall, 1990). In the context of parametric linkage analysis,
imprinting can be modelled by splitting up the heterozygote penetrances into two pen-
etrances according to the parental origin of the mutated allele (Strauch et al., 2000).
The MOBIT is defined as the difference between the MOD score accounting for im-
printing and the MOD score not accounting for imprinting. Alternatively, in the context
of linkage analysis, imprinting can be modelled using sex-specific recombination frac-
tions (Smalley, 1993). Hence, if sex-specific recombination fractions are truly present,
but not accounted for in the analysis, this can lead to false-positive results of linkage-
based imprinting tests, i.e., confounding. The results of the extensive simulation study
in Paper IV showed that confounding for the MOBIT can be avoided using a multi-
marker approach, with markers spaced less than 1 cM from each other. Furthermore,
the asymptotic distribution of the MOBIT under the null hypothesis of linkage, but no
imprinting was presented, together with two proposed simulation strategies to obtain
empiric p values for the MOBIT.

The final paper of the GHM tetralogy (Brugger et al., 2024, Paper Il) describes an ex-
tension to the MOD score approach that enables a joint linkage and association anal-
ysis using families and unrelated individuals. To this end, the MOD score was extended
to include a parameter for LD, which was parametrized in terms of founder haplotype
frequencies between alleles at the disease locus and up to three SNVs. Due to the
increased number of parameters that have to be optimized in the likelihood ratio of the
extended MOD score, the derivative-free optimization algorithm COBYLA (Powell,
1994, Powell, 1998) was implemented in GHM to speed up calculation time. In addi-
tion, a novel simulation routine to obtain empiric p values for the joint linkage and as-
sociation test was implemented in GHM and validated using simulated data. The sta-
tistical properties of the extended MOD score, i.e., type | error and power, were also
evaluated using an extensive simulation study and compared to a commonly used joint
linkage and association test implemented in the PSEUDOMARKER software package
(Goring and Terwilliger, 2000, Hiekkalinna et al., 2011, Gertz et al., 2014). As a result,
it could be shown that the joint linkage and association test using the MOD score ap-
proach outperforms the PSEUDOMARKER test in terms of power for scenarios, in
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which LD ranges over the trait locus and more than one, i.e., two to three, SNVs. To
evaluate the extended joint linkage and association MOD score in practice, pedigree
data from the FaPaCa registry were analyzed as a use case. Consequently, the anal-
ysis revealed a promising locus on chromosome 220.13.33, which could serve as a
candidate for mutation analysis to further elucidate the disease etiology of familial pan-
creatic cancer.
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Abstract

Objective: As the mode of inheritance is often unknown for
complex diseases, a MOD-score analysis, in which the para-
metric LOD score is maximized with respect to the trait-mod-
el parameters, can be a powerful approach in genetic linkage
analysis. Because the calculation of the disease-locus like-
lihood is the most time-consuming step in a MOD-score
analysis, we aimed to optimize this part of the calculation
to speed up linkage analysis using the GENEHUNTER-
MODSCORE software package. Methods: Our new algorithm
is based on minimizing the effective number of inheritance
vectors by collapsing them into classes. To this end, the dis-
ease-locus-likelihood contribution of each inheritance vec-
tor is represented and stored in its algebraic form as a sym-
bolic sum of products of penetrances and disease-allele fre-
quencies. Simulations were used to assess the speedup of
our new algorithm. Results: We were able to achieve speed-
ups ranging from 1.94 to 11.52 compared to the original
GENEHUNTER-MODSCORE version, with higher speedups
for larger pedigrees. When calculating p values, the speedup
ranged from 1.69 to 10.36. Conclusion: Computation times
for MOD-score analysis, involving the evaluation of many

tested sets of trait-model parameters and p value calcula-
tion, have been prohibitively high so far. With our new alge-
braic algorithm, such an analysis is now feasible within a rea-
sonable amount of time. ©2015S. Karger AG, Basel

Introduction

Since its first successful application by the physician
and geneticist Jan Mohr in 1954 [1], linkage analysis has
been a powerful tool in human disease gene mapping for
many decades. With this method, many Mendelian dis-
ease genes have been mapped to their genetic loci by the
use of family data [2]. Due to the development of geno-
typing techniques with dense SNP marker panels and the
progressing availability of large case-control or popula-
tion-based cohorts, association analysis has recently be-
come the preferred method for statistical analysis in the
field of genetic epidemiology. Unlike linkage analysis, an
association analysis can make use of samples with unre-
lated individuals; it does not require families which are
obviously much harder to recruit. However, with the ad-
vent of next-generation sequencing data and increasing
interest in the analysis of rare variants, the analysis of
family data using linkage analysis is undergoing a renais-
sance. The basis for this interest is that numerous rare
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variants with moderate effects may explain an apprecia-
ble amount of the missing heritability [3]. Although rare
variants are individually rare, a single person can have
thousands of such rare variants across the genome. It can
thus be difficult to determine whether the observation of
arare variant is a sequencing artifact or in fact a true vari-
antif it is carried by only a single individual of the sample.
However, one expects that rare variants segregate and ac-
cumulate within families. Results from the Genetic Anal-
ysis Workshop 17 showed that analyses using whole-
exome sequencing data require much smaller sample siz-
es when working with families than with unrelated
individuals, because the ability to detect rare causal vari-
ants is enhanced in family studies as the variants are car-
ried by several family members jointly [4].

In parametric linkage analysis, which is also known as
LOD-score or model-based analysis, a certain set of trait-
model parameters is explicitly assumed for the segrega-
tion of the disease. In the simplest case of a diallelic auto-
somal trait locus, which is assumed throughout this pa-
per, these parameters are the disease-allele frequency p
and the three penetrances fp, f;, and f;, with f; denoting the
probability that an individual with i copies of the disease
allele is affected by the disease. The central part of para-
metric linkage analysis is the computation of the genetic
likelihood, which is based on the following parameters:
disease-allele frequency, penetrances, marker-allele fre-
quencies, and the recombination fractions - and, if ap-
plicable, linkage disequilibria between the loci. In addi-
tion, the relation between family members is required to
beknown. Eventually, alikelihood-ratio testis performed,
in which the likelihood under the alternative hypothesis
of linkage with some specific value of the recombination
fraction (6 < 0.5; the numerator of the likelihood ratio) is
compared to the null hypothesis of no linkage (6 = 0.5; the
denominator of the likelihood ratio). The logarithm to
the base 10 of this likelihood ratio is the LOD score [5]. It
is maximized by varying 0 between marker and trait locus
in the numerator (maximum LOD score). Trait-model
parameters can either be prespecified according to results
from previous segregation analyses or maximized along
with the recombination fraction in a joint segregation and
linkage analysis. The latter approach is also known as
MOD-score analysis and has been first proposed by Risch
[6]. As the power of a LOD-score analysis crucially de-
pends on the true mode of inheritance, which is gener-
ally unknown, a MOD-score analysis can have greater
power to detect linkage than a simple LOD-score analysis.
Furthermore, in case of a trait-model-parameter mis-
specification, the recombination fraction will be overesti-
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mated [7]. In a multipoint analysis, the misspecification
may even lead to an exclusion of linkage [8]. Simulations
have shown that, especially when analyzing a mixture of
different types of pedigrees, the MOD-score approach
outperforms other linkage methods in terms of power to
identify genes with modest effect [9]. Due to the maximi-
zation over trait-model parameters, MOD scores are in-
flated when compared to LOD scores. Since the asymp-
totic distribution of MOD scores is unknown in the gen-
eral case, p values for the linkage test must be obtained
by simulating the distribution of the MOD score under
the null hypothesis of no linkage. Our group has imple-
mented the MOD-score approach, including a routine
to perform simulations under the null hypothesis, in the
GENEHUNTER-MODSCORE (GHM) software [10-
13]. Its application has led to the identification of a variety
of genetic disease loci [14-18].

Nonparametric linkage methods have been proposed
in order to avoid trait-model misspecification that occurs
when using simple LOD-score analyses. These methods
test if affected pedigree members have more alleles in
common than would be expected by chance under the
null hypothesis of no linkage. Nonparametric methods
are often considered to be ‘model-free’ because they do
not rely on explicit assumptions as to the trait-model pa-
rameters. However, Knapp etal. [19] have shown that, for
samples of affected sib pairs (ASPs) with the parents’ phe-
notypes unknown or set to unknown, the nonparametric
mean test is equivalent to a LOD-score analysis under a
recessive mode of inheritance, and the possible triangle
test proposed by Holmans [20] is equivalent to a MOD-
score analysis. In the possible triangle test, the genetic
likelihood is expressed in terms of the probabilities zy, z;,
and z, that an ASP shares 0, 1, or 2 alleles identical-by-
descent (IBD) with restrictions to genetically possible
models [20]. These allele-sharing probabilities can be ex-
pressed as functions of the trait-model parameters fp, f,
f» p, and 6 [21], and hence, the parametric and nonpara-
metric likelihood are identical. More generally, the allele-
sharing probabilities of any pedigree with affected rela-
tives could be used to construct a nonparametric allele-
sharing-based test statistic [22]. However, for such a
nonparametric test to be constructed for a certain pedi-
gree type other than ASPs or affected half-sib pairs
(AHSPs) would yet demand knowledge as to how many
allele-sharing classes exist for that pedigree type and how
the corresponding restrictions to genetically possible
models can be formulated. Knapp [23] derived allele-
sharing probabilities for affected sib triplets (ASTs) with
parental phenotypes set to unknown. However, the re-
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strictions to genetically possible models cannot be ex-
pressed in closed form. But again, the allele-sharing prob-
abilities, which represent the truly underlying parame-
ters, can be modeled as a function of fy, f}, 5, p, and 0.
Hence, the parametric and nonparametric likelihood
are identical even beyond the special cases of ASPs and
AHSPs, and MOD-score analysis is equivalent to the like-
lihood-ratio test based on allele-sharing parameters. As
outlined by Strauch [22], this holds for any type of pedi-
gree.

The calculation of the genetic likelihood is pivotal for
both parametric and nonparametric linkage analysis.
Given the complexity of real family data, it cannot be cal-
culated manually in most cases. Large pedigrees, many
markers, and missing genotypes lead to a substantial
number of possible genotype combinations that must be
considered in the likelihood. Two major algorithms are
known that allow for the calculation of the likelihood:
the Elston-Stewart [24] and the Lander-Green algorithm
[25]. The former is genotype-oriented and is based on the
peeling of nuclear families. It makes use of the indepen-
dence of genotypes of different nuclear families within a
pedigree when conditioning on a certain genotype of the
connecting person, the so-called pivot. The Elston-Stew-
art algorithm thereby summarizes identical terms that
correspond to a particular genotype combination within
the likelihood. The algorithm scales linearly with the
number of individuals in a pedigree and exponentially
with the number of analyzed loci. Hence, it is limited to
the analysis of a relatively small number of genetic mark-
ers. The Elston-Stewart algorithm has been implemented
and further optimized in several linkage software pack-
ages such as LINKAGE [26-28], FASTLINK [29, 30],
VITESSE [31, 32], and PSEUDOMARKER [33, 34]. The
Lander-Green algorithm is complementary to the Elston-
Stewart algorithm, such that it treats each marker locus
one after another and distinguishes the marker loci from
the disease locus. The Lander-Green algorithm is im-
plemented in several genetic analysis software packages
such as GENEHUNTER [35], ALLEGRO [36, 37], and
MERLIN [38]. It scales linearly with the number of mark-
ers and exponentially with the number of individuals in a
pedigree. Therefore, the Lander-Green algorithm is well
suited for the analysis of large datasets of genetic markers,
which are typically available for small to moderately large
pedigrees when mapping complex-disease genes. In addi-
tion, it allows both parametric and nonparametric link-
age analysis. This is because, as a first step, inheritance
information is extracted solely from marker data by ap-
plying the concept of inheritance vectors. Then, a para-

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

metric or nonparametric scoring function that incorpo-
rates information with regard to the disease phenotypes
of the pedigree members is applied to evaluate a set of
genetic positions of the putative trait locus in terms of
linkage with the markers. In the parametric case, the scor-
ing function corresponds to the ratio of the disease-locus
likelihoods under the assumption of linkage versus no
linkage.

In this paper, we describe a new algorithm for the cal-
culation of the parametric disease-locus likelihood in the
context of the Lander-Green algorithm. This part of the
calculation is the most time-consuming step in a MOD-
score analysis. How can it be accelerated? Our new ap-
proach to a faster implementation is structured according
to the following three aspects:

o Inheritance Vectors and the Identity of the MOD Score
with the Allele-Sharing-Based Test Statistic. Inspired
by the identity of the allele-sharing-based nonpara-
metric likelihood and the parametric likelihood in the
test for linkage, our new algorithm is based on mini-
mizing the effective number of inheritance vectors by
collapsing them into classes, whose members are ob-
served with the same probability function of fy, fi, fo.
and p, i.e. having the same allele-sharing proportions
for a given type of pedigree structure. This approach
has the potential to considerably reduce the number of
floating number operations, because instead of calcu-
lating the disease-locus-likelihood contribution for a
given set of trait-model parameters for each inheri-
tance vector, it needs to be calculated only once for all
members of a certain class.

o Algebraic Formulation of the Disease-Locus Likelihood.
To collapse inheritance vectors into certain classes, i.e.
to recognize which vectors belong to the same class,
the disease-locus-likelihood contribution of each in-
heritance vector must be represented and stored in its
algebraic form. This involves representing it as a sym-
bolic sum of products of penetrances and disease-allele
frequencies for a given combination of disease-locus
genotypes of all individuals in the pedigree. Inheri-
tance vectors with identical symbolic sums can thus
readily be grouped into the same class. This step in-
volves no numerical calculation and needs to be done
only once at the beginning of a MOD-score analysis
for a given pedigree.

o Exploiting Similarities in Family Structures by the Use
of Inheritance Vector Classes. Two pedigrees with a
certain pattern of disease status, each of which can be
represented by a directed acyclic graph, are indistin-
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guishable in terms of the disease-locus-likelihood
structure if they are comprised of the same set of in-
heritance vector classes and the same number of vector
members per class. Hence, two such pedigrees yield
the same disease-locus-likelihood contributions. The
computational effort for LOD-score calculation for
the second pedigree can be entirely avoided. When
two pedigrees are distinct, i.e. yielding different sets of
inheritance vector classes, identical symbolic products
are still stored in a common database to avoid dispens-
able numerical calculations. The computational effort
during the LOD-score calculation is hence further re-
duced by the degree of similarity of pedigrees based on
their inheritance vector classes.

In conjunction with the already existing options and
optimizations of GHM, which are addressed below, our
new algorithm allows for a rapid evaluation of the likeli-
hood for a large number of disease models, as required
during maximization over trait models in a MOD-score
analysis. The reduction of computing time is a prerequisite
for empirically determining p values by performing simu-
lations and MOD-score calculations of many replicates.

It has to be noted that the first version of GHM [13] is
based on GENEHUNTER version 2.1 [39]. Since the re-
lease of GENEHUNTER version 1.0 in 1996 [35], many
improvements have been implemented, which have led to
a significant analysis speedup and which have added var-
ious additional functionalities to the software package
[39-41]. However, these previous improvements did not
concern the calculation of the parametric disease-locus
likelihood as does our new algebraic algorithm. All im-
provements as of GENEHUNTER version 2.1 [39] have
been carried forward to GHM and are complementary to
the algebraic algorithm presented in this paper. For more
information on the original GENEHUNTER software, we
refer to the review by Nyholt [42].

Methods

The Lander-Green Algorithm

Inheritance Vectors

Asa first step, the Lander-Green algorithm enumerates all pos-
sible inheritance vectors in a pedigree. An inheritance vector de-
notes a possible family-specific pattern of segregation of founder
alleles. Each bit of the inheritance vector corresponds to the out-
come of a certain meiosis, which codes the transmission of the
grand-paternally or grand-maternally inherited allele to the child
as a value of 0 or 1, respectively. With # non-founders, there are 2n
meioses and 22" possible inheritance vectors. However, even if the
information is complete, there are 2/ remaining inheritance vectors
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that all have the same probability. This is due to the fact that the
parental origin of founder haplotypes is unknown. In other words,
the bit corresponding to the first child of each founder can be fixed
arbitrarily (e.g. to a value of 0). Hence, the 2*" inheritance vectors
can be grouped into 22" -/ equivalence classes, each comprising
2/ inheritance vectors.

Probability of Observed Marker Genotypes Given a Particular

Inheritance Vector

The algorithm iterates over inheritance vectors and markers
and calculates the probability of the observed genotypes for each
marker conditional on a particular inheritance vector [25]. This
step of the calculation is based on a graph-theoretical process. Fol-
lowing the notation in Kruglyak et al. [35], let G(v) be a graph for
a given inheritance vector v whose vertices are the founder alleles
X = {x}, X5, ..., X} corresponding to the 2f founder alleles at the
marker locus, which are assumed to be distinct by descent (“place-
holder alleles’). An inheritance vector v specifies the placeholder
alleles inherited by each individual in the pedigree. The lines con-
necting the two placeholder alleles that correspond to the genotype
of each individual, as defined by the inheritance vector v, represent
the edges of the graph. The placeholder alleles are then assigned
the actual founder alleles at the marker locus, and placeholder al-
lele assignments that are incompatible with the observed marker
genotypes are eliminated from further consideration. Then, the
probability of drawing the founder alleles from the population, i.e.
the product of allele frequencies of all founders, is calculated, and
the sum of this product is taken over all possible founder allele as-
signments that are compatible with both the inheritance vector
and the observed marker genotypes.

The Markov Chain

The Lander-Green algorithm uses a Markov process to de-
scribe the joint distribution of inheritance vectors along a chromo-
some [25]. This is based on the observation that, under the as-
sumption of no genetic interference, inheritance vectors form a
hidden Markov chain. The observed states are the typed marker
genotypes, and the hidden states are the inheritance vectors. The
matrices of transition probabilities between inheritance vectors at
consecutive markers are a function of recombination fractions be-
tween markers. After the inheritance vector distribution (Peopmpiere)
has been calculated at a certain genetic position, the disease phe-
notypes of the family members are considered by using an appro-
priate scoring function.

The Scoring Function

At this stage of the analysis, different scoring functions are de-
fined for parametric and nonparametric linkage analysis. In a para-
metric analysis, the scoring function is the ratio of the disease-locus
likelihoods under linkage in the nominator versus under no linkage
in the denominator. The disease-locus likelihood is calculated con-
ditional on each inheritance vector. As marker information is often
incomplete, several inheritance vectors are possible, and the condi-
tional probabilities of these vectors given the marker information
(Peomplete) have a nonzero value. Therefore, the sum of the scoring
function is taken over all inheritance vectors weighted by their con-
ditional probability given the marker information (P oppiere)- Under
no linkage between marker and disease locus, the probability of
each inheritance vector no longer depends on the marker data.
Hence, the inheritance vector distribution at a putative disease lo-
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Fig. 1. Depiction of the algebraic algorithm.
Steps that have to be calculated only once

are highlighted in black. The final LOD- ieligRes
score calculation is shaded in light grey and

the interface between the algebraic algo-

rithm and the numeric LOD-score calcula- L 4
tion - the scoring-function arrays of the 22n,

pedigrees — is shown in dark grey. Each in-
heritance vector of a given pedigree with n
nonfounders and f founders is analyzed in
regard to its disease-locus-likelihood contri-
bution. For agiven inheritance vector, all pos-
sible disease-locus-genotype combinations
must be considered. Each disease-locus- .
genotype combination yields a likelihood
contribution that is a product of penetranc-
es and disease-allele frequencies. The sum
over all disease-locus-genotype combinations
is the total disease-locus-likelihood contri-
bution of the given inheritance vector. The
likelihood contribution of each IVDLGC
is stored in its algebraic form. IVDLGCs of
a given inheritance vector that lead to the
same algebraic representation are joined to-
gether by including a coefficient. Inheri-
tance vectors with the same set of IVDLGCs
are assigned to a certain inheritance vector
class. The analysis of inheritance vectors is
petformed for all pedigrees of the dataset,

inheritance

vectors

2) ase
genotypes

whereby all pedigrees of the sample have a miize;:fef:rf;rt
joint IVDLGC storage. This way, a certain Pcomplete of pedigree 1 5 trait models
inheritance vector class can comprise inher- 3

itance vectors of several pedigrees. Finally, m

the trait-model-specific LOD score is calcu- - : 7
lated numerically as the scalar product of finallnuneiglobescorglcalculation
Pomplere and the scoring-function array. This 6D el il 1

step is repeated many times duringa MOD-
score analysis by numerically evaluating the
scoring-function arrays assuming different

Pedigree 2 Pedigree 3 Pedigree m
L 4 ¥
inheritance inheritance inheritance
vectors vectors vectors
X
22f: disease disease disease
genotypes genotypes genotypes
L 4 4 »
. IVDLGCs
Calculated
only once
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Scoring-function array of pedigree 1 n

L 4

Algebraic calculation
Inheritance vector
classes l

sets of trait-model parameters.

cus position unlinked to the marker locus corresponds to a uniform
distribution with probability 1/2" -/ for each inheritance vector.
Maximizing the logarithm to the base 10 of this likelihood ratio
over the recombination fraction 6 yields the LOD score. When it is
maximized over (fy, f1, f2, and p) in addition to 8, the MOD score is
obtained. Nonparametric scoring functions count the number of
alleles shared IBD by affected pedigree members given a certain
inheritance vector. Popular nonparametric scoring functions are
Spairs a0d Sqyy [35, 43]. Our new algorithm only affects the calcula-
tion of the parametric scoring function, and we refer to McPeek
[44] for more information about nonparametric scoring functions.

The Algebraic Algorithm

Basic Concept

As described by Strauch [22], inheritance vectors can be col-
lapsed into inheritance vector classes if they cannot be distin-

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

guished from each other on the basis of the phenotypic structure
of a given family tree. In other words, inheritance vectors being
observed with the same allele-sharing probability z; conditional on
the disease phenotypes and the parameters fy, fi, f>, and p are com-
prised in a certain inheritance vector class. The number of inheri-
tance vector classes, and hence allele-sharing probabilities, de-
pends on the number of persons in a pedigree and hence differs
between different types of pedigrees in a sample. As stated before,
it appears to be very difficult to construct a nonparametric allele-
sharing test, which uses the probabilities z;, along the lines of the
possible triangle test for ASPs, for each of the various pedigree
types contained in the particular sample under study. In addition,
the restriction to genetically possible models is difficult to formu-
late. However, given the identity of the parametric likelihood with
the nonparametric likelihood in an allele-sharing-based test and
the consequential fact that the z;s are a function of (fy, f, o> and p),
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it seems straightforward to use the parametric formulation of the
disease-locus likelihood and to collapse those inheritance vectors
into a certain class that, by an identical probability z; lead to the
same likelihood contribution. An algorithm that makes use of this
structure has the potential to substantially reduce the computa-
tional effort involved in the disease-locus-likelihood calculation
for a given pedigree, since the likelihood needs to be calculated
only for one member of each class.

Analysis of Inheritance Vectors

Our new algorithm starts by analyzing each of the 2"~ in-
heritance vectors of a certain pedigree with regard to its disease-
locus-likelihood contribution. The processing of the marker-locus
likelihood by the GHM software using hidden Markov models to
calculate P pypiere remains untouched by our new approach. The
consecutive steps of the algebraic algorithm can be followed by
looking at figure 1, which depicts the analysis of all pedigrees in a
dataset. For the present, we assume that there is only a single ped-
igree in the dataset. For a given inheritance vector, all possible dis-
ease-locus-genotype combinations must be considered. Each dis-
ease-locus-genotype combination yields a likelihood contribution
that is a product of penetrances and disease-allele frequencies. The
sum over all disease-locus-genotype combinations is the total dis-
ease-locus-likelihood contribution of the given inheritance vector.
In order to avoid many floating point operations each time an in-
heritance-vector-disease-locus-genotype combination (IVDLGC)
is considered, every IVDLGC is stored in its algebraic form. This
way, each inheritance vector can be considered as a set of a certain
number of IVDLGCs, whereby our algorithm builds up a database
of IVDLGCs, such that only combinations leading to a new alge-
braic representation are additionally stored in memory. Essential-
ly, IVDLGC:s are stored in a big table and connected to the inheri-
tance vector classes by the use of pointers. Pointers are a powerful
feature for memory access specific to the C programming lan-
guage, in which GHM is written. IVDLGCs of a given inheritance
vector that lead to the same algebraic representation, i.e. the prod-
uct of a certain combination of parameters (f, f}, f5, and p), are
joined together by incrementing a coefficient (integer) and thus
need not be saved separately, which avoids extra floating point op-
erations and memory.

Identification of Inheritance Vector Classes

All inheritance vectors of a certain class consist of the same set
of IVDLGCs. In particular, if an inheritance vector has the same set
of IVDLGCs as an inheritance vector class already identified during
the course of the calculation, the vector is added to that class. A
previously unobserved set of IVDLGCs for a certain vector leads to
the definition of a new inheritance vector class. An inheritance vec-
tor class corresponds to a certain allele-sharing class in the non-
parametric context. Figure 2 gives a technical depiction of the alge-
braic algorithm for an AST. It illustrates how a specific inheritance
vector is assigned to its corresponding class on the basis of the al-
gebraic calculation of its disease-locus-likelihood contribution.

Calculation of the LOD Score

‘When all inheritance vectors of a given pedigree have been as-
signed to a certain inheritance vector class and the algebraic struc-
ture mentioned above has been determined, the LOD score can
readily be calculated for a given set of trait-model parameters. To
this end, the algebraic representations of IVDLGCs of all inheri-
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tance vector classes are evaluated numerically by inserting the (nu-
meric) values of the parameters (fy, f1, f2, and p) of a specified dis-
ease model. The result of each of these products is further multi-
plied by its associated coefficient, which is equal to the number of
IVDLGCs with the same product in a given inheritance vector
class, and the sum is taken over all products of that class. This way,
the disease-locus-likelihood contributions of all inheritance vector
classes are calculated in a single step and then copied into the scor-
ing-function array of the pedigree, according to the class to which
a certain inheritance vector belongs. The step of finding the dis-
ease-locus-likelihood contribution of the inheritance vector class
that corresponds to a given inheritance vector involves the use of
pointers and dereference operations. Finally, the trait-model-spe-
cific LOD score is calculated as the scalar product of P gmprer. and
the scoring-function array. It is of note that information from
marker data only affects the calculation of Py pprer, which further-
moreis independent of the trait-model parameters. Consequently,
Peomplere has to be computed once for every genetic position and
every pedigree in the dataset, even if some or many pedigrees have
the same structure. However, P omplcr. can be reused for the LOD-
score evaluations under many different trait-model parameters
during the maximization.

Number of Inheritance Vector Classes

The degree to which inheritance vectors can be collapsed into
certain inheritance vector classes, and hence the computational
speedup, depends on the pedigree size and the phenotypes of its
members. For example, with nuclear families and parental pheno-
types unknown, the potential of reduction by collapsing inheri-
tance vectors into classes increases from ASPs over ASTs to larger
sibships. ASPs with 4 possible inheritance vectors have 3 distinct
allele-sharing classes, i.e. inheritance vector classes (0, 1, or 2 alleles
shared IBD). If imprinting is modeled, e.g. using the four-pene-
trance formulation developed by Strauch et al. [45] as implement-
ed in GENEHUNTER-IMPRINTING and GHM, ASPs have 4 al-
lele-sharing classes (in this case, the class of 1 shared allele is fur-
ther distinguished by the parental origin). ASTs with 16 possible
inheritance vectors have 4 and 5 allele-sharing classes for a nonim-
printing and an imprinting model, respectively (Appendix) [23].
In the following, we will assume an imprinting model when deriv-
ing allele-sharing classes, because GHM internally always uses the
four-penetrance formulation. The total number of inheritance
vectors as well as the reduced number of vector classes are given in
table 1 as a function of sibship size of a nuclear family with paren-
tal phenotypes unknown (or set to unknown).

Extension across Pedigrees

A further advantage of the algebraic algorithm is that the con-
cept of storing IVDLGCs can even be extended across pedigrees,
such that all pedigrees of the sample have a joint IVDLGC storage.
A pedigree can thus be considered as a set of certain inheritance
vector classes each consisting of a certain set of IVDLGCs. This
structure, which is the basis of the algebraic algorithm, is depicted
in figure 1. Here, in contrast to the case of considering a single
pedigree, a certain inheritance vector class can comprise inheri-
tance vectors of several pedigrees. Hence, the disease-locus-likeli-
hood contributions of all inheritance vector classes are calculated
in a single step for the entire dataset, and then the result for a cer-
tain inheritance vector class is used for all pedigrees with inheri-
tance vectors that are members of that particular class.
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Example — inheritance vector 0000:
Algebraic calculation of disease-locus-likelihood contribution;
summation over all disease-locus-genotype combinations in
founders (mating types)
Mating type Coefficient to Algebraic form of
(paternal x mater- sum identical disease-locus-likeli-
nal genotype) algebraic terms hood contribution
/DD x DD 1 pif3
DD x Dd 3 3
Dd x DD } 2 praf2
DD x dD 1 plaf i pat
dD x DD 1 Pafd
Bits for meioses Bits for meioses of add- DD x d d } P 2 2f3
of first child (3) itional children (4 and 5) Dd x dD P9°T3, pat
0 o o 0 0o o0 —> Dd x Dd 1 PPa’f}
0o o o 0o o0 1 dD x dD 1 p2q’f 3
0 0 0 0 1 o0 dd x DD } 22,3
0 0 0o 0 1 1 dD x Dd 2 Poaf 3, mat
0 0 o 1 0 o0 Dd x dd 1 PPF3 pat
0 0 0o 1 o0 1 db x dd } 363
7AST7 0 0 0o 1 1 o dd x dD 2 Pafd
0 0 o 1 1 1 dd x Dd 1 PEF3
1 2 —> 0 1 0 0 0 \ dd x dd 1 gf3
0 0 1 0 0 1
0 0 1 0 1 0
0 0 1 0 1 1
o o 0 11 0 o l
0 0 1 1 0 1
0 0 : L 1 0 Assignment to inheritance vector ¢l
0 0 I 101 1 ssignment to e' ance vector class
Bits of the set of distinguishable inheritance vectors Classes Inheritance vectors
for an AST, Since the (grand-)parental origin of the 0 0110, 0111, 1001, 1011, 1101, 1110
parents’ alleles is unknown, the bits corresponding to 1 0011, 1100, 1111
the two meioses of the first child can be fixed arbi- 2pat 0001, 0100, 0101
trarily without loss of generality. Here, both are set omat 0010, 1000, 1010
to zero and not further mentioned in the right half of . ‘
this fi 3 0000
is figure.
Fig. 2. Technical depiction of the algebraic algorithm for an AST. If several inheritance vectors have the same
disease-locus-likelihood contribution, they are joined together in an inheritance vector class.
Table 1. Allele-sharing classes for affected sibships
ASP AST ASQ  ASQui ASS
Number of inheritance vectors (2(27-) 4 16 64 256 1,024
Inheritance vector classes with imprinting taken into account 4 5 11 14 24
Reduction factor (2"/number of inheritance vector classes) 1 32 5.82 18.29 42.67
ASP = Affected sib pair; AST = affected sib triplet; ASQ = affected sib quadruplet; ASQui = affected sib quin-
tet; ASS = affected sib sextet.
SpeedUp heritance vector classes, given a certain disease model, have to be

The initial effort of the algebraic algorithm to identify the in-
heritance vector classes of all pedigrees is high, but the ensuing
calculation of LOD scores assuming a large number of disease
models is sped up considerably, especially when a dataset is com-
prised of pedigrees of only a few types. For example, in a dataset of
1,000 ASTs, the disease-locus-likelihood contributions of the 5 in-

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

calculated only once for the whole dataset rather than 1,000 times.

The Peeling Algorithm

In the original version of GHM, the calculation of the parametric
disease-locus likelihood is done separately for each inheritance vec-
tor by applying the Elston-Stewart algorithm, i.e. peeling nuclear
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Table 2. Allele-sharing classes for discordant scenarios

DSP DSQ DML D3G
Number of inheritance vectors (22") 4 64 64 128
Inheritance vector classes with imprinting taken into account 4 28 64 80
Reduction factor (22")/number of inheritance vector classes) 1 2.29 1 1.6

DSP = Discordant sib pair; DSQ = discordant sib quadruplet; DML = discordant marriage loop; D3G = dis-

cordant three-generation pedigree.

Table 3. Overview of scenarios for run-time assessment

Dataset No. 1 2 3 4 5 6 7 8
Pedigree type ASPs  ASTs  ASQs ASQuis ASSs  equal mixture D3Gs  discordant
of 1-5 mixture

For each dataset, 100 pedigrees were simulated using SLINK [51-53] for the genotype data at the disease locus
and the SLINK utility program SUP [51, 54] for the marker genotypes.

Disease model {fy, f1, 2} = {0.01, 0.1, 0.2}; p = 0.05.

Disease locus halfway between marker No. 50 and 51.

We used the following analysis options: ‘imprinting on’, ‘algebraic calculation on/off, ‘dimensions 5’, “saved
models 0/5,000’, ‘number of replicates 1,000’, ‘maximization dense’, ‘penetrance restriction off’, ‘allfreq restric-
tion off’, ‘analysis LOD’, ‘modcalc single’, and “calculate p value’.

families of the pedigree, to the disease locus. For the final remaining
nuclear family of the pedigree or if the pedigree consists of only a
single nuclear family, e.g. an ASP, a brute force calculation is em-
ployed. This calculation is done numerically and separately for each
inheritance vector and for each assumed set of trait-model param-
eters. The LOD score of the currently analyzed family is stored, and
the calculation continues with the next pedigree in the dataset. With
the GHM software, many disease models are evaluated in a single
program run during MOD-score analysis by repeating this step of
thelikelihood calculation. Our new algebraic procedure for calculat-
ing the disease-locus likelihood completely replaces the peeling al-
gorithm, and it is applicable without additional modifications in
case of inbreeding and marriage loops. It therefore significantly de-
creases the run time of a linkage analysis for any type of pedigree.

Maximization Options of GHM

The maximization routine of GHM first evaluates a set of pre-
defined models. The user can choose between predefined grids
with different densities. Moreover, the maximization can either be
performed separately for each tested locus (‘modcalc single’ op-
tion) or jointly for the entire genetic region (‘modcalc global’ op-
tion). With modcalc single, calculation time can be saved by stor-
ing the trait-model-specific arrays of the disease-locus likelihood,
which are needed for every considered genetic position. This op-
tion (‘saved models’) is especially useful when simulations are per-
formed to obtain p values, which is already available with the pre-
vious version of GHM (‘calculate p value’ option [10]).

186 Hum Hered 2014;78:179-194
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Simulations

To demonstrate the performance of our new method, we sim-
ulated datasets and compared the analysis run times of the alge-
braic algorithm to those of the peeling algorithm, which is em-
ployed by the original version that performs numeric calculation.
Datasets either consisted of a single pedigree type, i.e. affected
sibships with 2-6 siblings or three-generation pedigrees includ-
ing unaffected pedigree members (discordant pedigrees), or mix-
tures of affected sibships. The speedup of the algebraic algorithm
might be reduced by an increasing degree of discordance of the
pedigrees, because this mostly leads to a larger number of inheri-
tance vector classes as compared to their concordant counter-
parts (table 2). Therefore, we additionally considered an equal
mixture of 4 discordant pedigree types: (a) discordant sib pairs,
(b) discordant sib quadruplets, (c) discordant marriage loops
(DML), and (d) discordant three-generation pedigrees (D3G).
An overview of the simulated scenarios is given in table 3. Figure
3 depicts the pedigrees used for the discordant scenario including
the one used in the D3G scenario (fig. 3d). Storing of arrays of the
disease-locus likelihood, as already possible with the original
GHM version (saved models option as mentioned above), was
performed with the original algorithm (classic calculation mode).
This was done to ensure a fair comparison to the classic calcula-
tion mode that makes use of run time-saving optimizations al-
ready implemented in the original GHM version. The saved mod-
els option was set to zero (no models saved) when using the alge-
braic algorithm (algebraic calculation mode), because it does not
necessarily benefit from this option. It is of note that both our new
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Fig.3. Discordant pedigrees used in the sim-
ulations for run-time assessment. a Discor-
dant sib pair; b discordant sib quadruplet;
c discordant marriage loop; d discordant c

a 3 4
o—H
1 2

5 6

three-generation pedigree.

method and the saved models option need additional main mem-
ory. In case of the new method, this memory amount crucially
depends on the size and phenotypic structure of the pedigrees, i.e.
the number of inheritance vector classes across the whole dataset,
whereas for the saved models option it depends on the number
and size of the pedigrees. The peeling algorithm without the saved
models option needs less memory albeit performing more float-
ing point operations; it can still be used in case of insufficient
main memory. Here we used a dense grid of disease models (op-
tion ‘maximization dense’), because our new method should be
especially useful when many disease models are evaluated, i.e.
with a thorough maximization, which is likely to increase the
power to map the disease gene under a complex mode of inheri-
tance. In addition to the above-mentioned MOD-score analysis,
p values were calculated (with the calculate p value option of
GHM) by simulating 1,000 replicates generated under the null
hypothesis of no linkage.

Run-Time Assessment

Run time was measured with the performance analysis tool
gprof [46]. gprof measures the total amount of time spent executing
each function of the program. Time due to system calls and wait-
ing for CPU or 1/0 is not considered. Therefore, we additionally
assessed the wall-clock time (WCT), which is the elapsed real time,
i.e. the actual time taken from the start of the program run until
the end. Because the WCT is obtained without any profiling steps,
the program was run without any debugging options turned on.
The speedup of our new method is obtained as follows:

run time with classic calculation mode

Speedup = .
peecip run time with algebraic calculation mode

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

All analyses were run on a single processor of the High Perfor-
mance Computing - High Availability - Cluster (HPC-HA-Clus-
ter) of the Helmholtz Zentrum Miinchen, equipped with IBM Intel
Xeon X5690 6C, 3.46 GHz, 12 MB cache, 1,333 MHz 130 W pro-
cessors in the compute nodes.

Results

The results of speedup due to the algebraic algorithm
under the simulated scenarios for the analysis without
calculating p values are shown in table 4, and those for the
analysis with calculating p values are shown in table 5.
Speedup is given based on run-time assessments mea-
sured by the performance analysis tool gprofas well as by
measuring the WCT. Before looking at the speedups in
detail, some technical aspects need to be considered prior
to the interpretation of the results. In general, the gprof
results reflect the speedup achieved by less time spent in
the source code, which equals the number of instructions
executed, but they do not include the time spent waiting
for CPU and memory. Concerning GHM, the percentage
of run time due to time waiting for CPU and memory in-
creases with a larger number of scoring-function arrays
saved in memory (saved models option) in case of the
classic calculation mode, or with a larger number of in-
heritance vectors that must be considered when identify-
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Table 4. Results of the run-time assessment without calculating p values, averaged over 3 program runs

Run time, s Speedup

WCT gprof WCT gprof

classic algebraic classic algebraic
Pedigree type
ASPs 34.65 17.90 28.84 8.73 1.94 3.30
ASTs 95.75 23.76 73.97 15.13 4.03 4.89
ASQs 309.10 43.67 281.38 31.61 7.08 8.90
ASQuis 884.86 99.33 871.10 91.02 891 9.57
ASSs 4,523.33 392.67 3,372.38 378.24 11.52 8.92
Affected mixture 1,010.96 123.47 911.68 106.01 8.19 8.60
D3Gs 400.30 83.00 277.92 71.66 4.83 3.88
Discordant mixture 780.99 105.24 758.98 94.09 7.42 8.07

Classic = MOD-score analysis using the original GHM version; algebraic = MOD-score analysis using our
new algebraic algorithm; gprof = execution time as measured by the profiling software gprof; ASQs = affected sib
quadruplets; ASQuis = affected sib quintets; Affected mixture = mixture of 20 ASPs, ASTs, ASQs, ASQuis, and

ASSs each; D3Gs = sample depicted in figure 3d; Discordant mixture = mixture of discordant pedigrees, 25 of

each sort depicted in figure 3.

Table 5. Results of the run-time with calculating p values, averaged over 3 program runs

Run time, h Speedup

WCT gprof WCT gprof

classic algebraic classic algebraic
Pedigree type
ASPs 9.28 5.49 518 222 1.69 2.33
ASTs 18.74 6.92 9.71 3.22 271 3.02
ASQs 62.85 11.68 17.96 495 538 3.63
ASQuis 243.48 31.85 26.98 9.01 7.64 2.99
ASSs 1,055.51 101.92 34.49 14.87 10.36 2.32
Affected mixture 278.97 33.98 28.81 9.56 8.21 3.01
D3Gs 177.80 20.39 36.84 8.29 8.72 4.44
Discordant mixture 294.83 29.36 29.20 10.69 10.04 2.73

See legend of table 4 for explanations.

ing inheritance vector classes in case of the algebraic cal-
culation mode. For the latter, this is due to an increasing
number of CPU memory cache misses caused by many
crisscross copying processes of disease-locus-likelihood
contributions of inheritance vectors of a given class into
the corresponding memory cells of the scoring-function
array. This copying process to complete the scoring-func-
tion has to be done for each inheritance vector, because
Pompicte» Which will be multiplied with the scoring func-
tion, can be different for inheritance vectors of the same
class. Hence, a larger number of inheritance vectors leads
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to more such copying processes, irrespective of the reduc-
tion factors as calculated in tables 1 and 2. When p values
are calculated, this effect becomes more pronounced, as
scoring-function arrays must be filled in this manner for
every simulated replicate. In addition, it is of note that the
results for the analyses without calculating p values are
subject to a larger variance than those with calculating p
values, because the analyses without calculating p values
took only seconds to a few minutes to complete. With re-
gard to the results in table 4 for the analyses without cal-
culating p values, time waiting for CPU and memory was
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almost negligible. This is due to the fact that, in addition
to time spent for the initial preparation of the dataset,
time was predominantly spent for the initial identifica-
tion of inheritance vector classes in case of the algebraic
calculation mode or the initial numeric calculation of
scoring-function arrays used for model saving in case of
the classic calculation mode with the saved models op-
tion. Hence, the gprof speedups of the scenarios without
calculating p values in table 4 were similar to their corre-
sponding speedups calculated from the WCT. On the
contrary, the gprof speedups of the scenarios with calcu-
lating p values in table 5 were quite constant over varying
pedigree types due to a larger percentage of function calls
invoked by the calculate p value option, which remained
unchanged in the new GHM version. In addition, most of
the computing time as measured by the WCT was spent
waiting for CPU and memory (see explanation above). As
the WCT is more relevant for users, since it is the actual
time they have to wait for results, we concentrate our dis-
cussion of speedup on the WCT. As can be seen in table 4,
the speedup for the analysis without calculating p values
ranged from 1.94 for ASPs to 11.52 for affected sib sextets
(ASSs). These speedups turned out to be roughly propor-
tional to the reduction factors as calculated in table 1. The
speedup for the mixture of nuclear families (8.19) was ap-
proximately the average of the individual speedups for
each pedigree type. The speedups of the D3G and the dis-
cordant scenarios were 4.83 and 7.42, respectively, which
are higher than would have been expected from the re-
duction factorsin table 2. The fact that the increased com-
putational effort of the peeling algorithm to calculate the
disease-locus likelihoods of the D3G and DML pedigrees
is avoided with our new algorithmic approach might be
responsible for that. When p values were calculated, the
speedups for the scenarios of nuclear families ranged
from 1.69 for ASPs to 10.36 for ASSs (table 5), as was ex-
pected from the reduction factors calculated in table 1.
Even though the classic calculation mode took advantage
of model saving, whose effect should be more pronounced
when simulating replicates to calculate p values, the
speedups from table 5 for nuclear families were similar to
those from table 4. The speedup for the mixture of nucle-
ar families was 8.21, which was again roughly the average
of the individual speedups for each pedigree type. The
speedups of the D3G and the discordant scenarios were
8.72 and 10.04, respectively. Here, the speedups were
higher compared to the results without calculating p val-
ues given in table 4. This is due to the fact that the percent-
age of time needed for peeling of the D3G and DML ped-
igrees with the classic calculation mode is even more pro-

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

nounced when p values are calculated, because time due
to initial calculations, i.e. the identification of inheritance
vector classes for the algebraic calculation mode and the
initial calculation of scoring-function arrays for the clas-
sic calculation mode, was negligible.

Discussion

The calculation of the disease-locus likelihood in link-
age analysis is a complex task, because data on the ob-
served genetic markers are often incomplete. This leads
to alarge number of possible disease-locus genotypes that
must be considered in the likelihood. MOD-score analy-
sis is a promising route to the genetic dissection of com-
plex traits in the context of family studies. Although time-
consuming, the evaluation of many disease models dur-
ing a MOD-score analysis is essential, because it is thus
likely to increase the power to map genes that act under a
complex mode of inheritance, compared to a simple para-
metric (LOD-score) or nonparametric (NPL-score) anal-
ysis.

Our algebraic algorithm is inspired by the identity of
the allele-sharing-based nonparametric likelihood and
the parametriclikelihood in the test for linkage. It is based
on the concept of inheritance vectors. These are collapsed
into inheritance vector classes, which turn out to be the
distinct allele-sharing classes in the nonparametric con-
text. In the Appendix section, we theoretically derive the
allele-sharing classes for the example of an AST when an
imprinting model is considered. This tedious way of iden-
tifying allele-sharing classes could principally be done for
any type of pedigree considering affected as well as unaf-
fected pedigree members in order to construct an allele-
sharing-based test for linkage (see also Strauch [22]). Due
to the above-mentioned identity, however, it is straight-
forward to express the allele-sharing probabilities as
functions of the trait-model parameters fy, f1, fo, and p,
and to perform a MOD-score analysis, i.e. the parametric
equivalent of the nonparametric test. The algebraic algo-
rithm can thus be considered as a unified approach of
parametric and nonparametric linkage methods. Previ-
ous work has shown that the MOD-score approach can
outperform other linkage methods in terms of power [9].
One of the reasons for this finding is the fact that the per-
formance of LOD scores crucially depends on the speci-
fication of the correct trait model, which is generally un-
known when analyzing complex traits. This problem is
circumvented by the MOD score which, in contrast to the
simple LOD score, is maximized not only over the recom-
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bination fraction but also over trait-model parameters.
However, the calculation of the disease-locus likelihood
has to be done anew for every tested set of trait-model
parameters, and it is the most time-consuming step in a
MOD-score analysis. As a further complication, MOD
scores are inflated when compared to LOD scores, and
simulations to calculate p values have to be performed.
Both aspects, extensive model testing and simulations to
calculate p values, pose a challenge in regard to computa-
tion time and memory demands.

In this paper, we have presented a new algebraic algo-
rithm that considerably reduces the run time of a MOD-
score analysis. By storing unique IVDLGCs in a database
common to all pedigrees in a dataset, the number of float-
ing point operations and the memory demand of our new
method are kept minimal, and similarities of family trees
in terms of disease-locus-likelihood contributions can be
exploited across the whole dataset. This is possible be-
cause the disease locus is treated separately from the
marker loci when using a linkage analysis program such
as GHM [10-13] that is based on the Lander-Green algo-
rithm [25]. The speedup of a linkage analysis with GHM
due to the algebraic algorithm depends on the number of
different pedigree types, the complexity of the pedigrees,
which is expressed by the number of inheritance vectors
and classes, the number of replicates used to calculate p
values, and the number of models saved in memory
(saved models option) when running GHM in the classic
calculation mode. For datasets consisting of only a single
type of nuclear families, the speedup increased with the
number of affected siblings and reached a factor >10 for
ASSsin our analyses (tables 4, 5). Even in the case of ASPs,
we achieved speedups by a factor of more than 1.5 (tables
4, 5). When using an equal mixture of nuclear families
with different numbers of affected offspring, the speed-
ups turned out to be the approximate average of the
speedups of the individual nuclear family scenarios (ta-
bles 4, 5). In the D3G and the discordant scenarios, i.e.
those scenarios with a larger degree of complexity of the
pedigrees and a higher computational burden due to
peeling and loop breaking for the classic calculation mode
of GHM, the speedups increased from the analysis with-
out calculating p values to those with calculating p values
from 4.83 to a factor >8 for the D3G scenario, and from
7.42 to a factor >10 for the discordant scenario. The re-
sults thus clearly show that our new algorithm can sub-
stantially reduce the run time of a MOD-score analysis
with GHM.

In the past, linkage analysis proved to be a valuable tool
for identifying regions of the genome that harbor variants
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DOTI: 10.1159/000369065

responsible for both Mendelian and complex diseases [2].
However, sequencing a rather large genetic region repre-
sented by the linkage signal to determine the causal vari-
ant was not feasible at that time. Nowadays, employing
next-generation sequencing techniques allows for the
identification of rare causal variants of putative complex-
disease genes by combining an initial step of linkage anal-
ysis followed by fine mapping with association analysis.
A major advantage of linkage methods as compared to
methods in association analysis is that information across
families can be combined, such that evidence for a causal
role of a locus can accumulate even if different variants
segregate at that locus in different families, which is
known as allelic heterogeneity [47]. However, locus het-
erogeneity and/or penetrance heterogeneity, i.e. several
allelic variants exist at the same locus each with different
penetrances, can reduce the power of linkage analysis to
map the disease gene. This problem can be diminished
using large pedigrees, which can each be more homoge-
neous with respect to genetic variation than unrelated in-
dividuals or a sample of many small pedigrees [48, 49].
Admittedly, the GENEHUNTER software was originally
designed for the analysis of small to moderately sized ped-
igrees (2n — f < 20 with n non-founders and ffounders in
a pedigree). Such pedigrees are easier to collect for dis-
eases characterized by late onset, low penetrance, and di-
agnostic uncertainty. They are also more likely to reflect
the genetic etiology of the disease in the general popula-
tion [35]. The loss of power due to the uncertainty in pen-
etrance values at the disease locus can be reduced by a
maximization of the disease-locus likelihood over the
trait-model parameters fo, fi, fo, and p as it is done in a
MOD-score analysis. Further robustness can be obtained
by performing an affecteds-only analysis through recod-
ing unaffected individuals as having an unknown pheno-
type. If the penetrance is low, little information is lost by
ignoring the phenotype of unaffected pedigree members.
The power of an affecteds-only MOD-score analysis can
hence be higher, because the MOD-score distribution has
fewer degrees of freedom as compared to the MOD score
in an analysis that uses the phenotype of unaffected ped-
igree members. Even if pedigrees show locus and/or pen-
etrance heterogeneity, it is likely that modest evidence for
linkage can indeed narrow down the genetic region har-
boring the disease gene and can hence be used as a filter
to focus on a more detailed association analysis of the
variants in the region. In addition, using large samples of
small pedigrees allows for the identification of hitherto
unidentified genetic variants as risk factors for complex
diseases (see de Visser et al. [50] for an example with
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ASPs). Therefore, while linkage analysis of rare variants
segregating in large pedigrees has proven to be a powerful
approach, the analysis of smaller pedigrees can also be a
promising route to discover genetic loci responsible for
complex traits by the use of whole-exome or whole-ge-
nome sequence data. Irrespective of the assumed under-
lying genetic architecture of a given collection of small
pedigrees, e.g. a large number of small-effect common
variants, a large number of large-effect rare variants, or a
mixture of both, GHM is well suited for the analysis of
such data.

Extensive model testing, simulations to calculate p val-
ues, and the consideration of many genetic markers in a
MOD-score analysis are indispensable to successfully
map complex-disease genes in the context of family stud-
ies. Our new algebraic algorithm paves the way to an ex-
ceedingly efficient MOD-score analysis, because the eval-
uation of many sets of trait-model parameters and simu-
lations to calculate p values are now feasible within a
reasonable amount of time. Assuming, for example, an
average speedup of 6.84 calculated from table 5, a geneti-
cist doing a linkage study with MOD scores including
simulations to determine p values can obtain results with-
in a day instead of waiting a whole week for the analysis
to finish. This further pushes ahead the maximum size of
pedigrees that can still be analyzed.

GENEHUNTER-MODSCORE is thus a promising
tool to identify rare causal variants segregating within
families using next-generation-sequencing data. The al-
gebraic algorithm is implemented in a new version of
GHM that can be obtained for free from the following
website: www.helmholtz-muenchen.de/ige/service/soft-
ware-download/index.html.
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Appendix

Calculation of Allele-Sharing Classes for an AST Taking

Imprinting into Account (see also Knapp [23] for the

Formulation without Imprinting)

We are interested in the IBD sharing probability distribution
of an AST at a diallelic disease locus with susceptibility allele D,
normal allele d, and allele frequencies p = P(D), g=P(d) =1 - p.

Fast Linkage Analysis with MOD Scores
Using Algebraic Calculation

Taking the parental origin of the alleles into account, 5 IBD con-
figurations can be distinguished. These IBD configurations are
identical to the inheritance vector classes. Table LA presents the
Mendelian probability for each IBD configuration and a represen-
tative sharing among the 3 sibs. Let w¥ (i = 0, 1, 2P%, 2%, and 3)
denote the probability of the i-th configuration at the disease lo-
cus. Further, let D, and D,, denote the paternal and maternal gen-
otype at the disease locus. Let AST be the event that all 3 sibs are
affected, and let IBD; be the event that the sibs have IBD configu-
ration i at the disease locus. For k, I, m, n, € (D, d}, let ¢ b )
denote the probability of the joint occurrence of AST and IBD,
given that the paternal and maternal genotypes are (k, I) and (m,
n). We hence get

clfbm® = P (AST 0 IBDY| Dpgy = (k, 1), Dyar = (m, 1)

= P(AST|IBDY, Dyt = (k, 1), Dot = (m, )
» P(IBDY| Dpar = (k, D), Dy = (m, 1)),

where P(IBDP, | Dpar = (k, 1), Dyt = (1, 1)) reduces to the Mendelian
probability of the i-th IBD configuration, i.e. P(IBDY).

With first-bits € G, G = {00, 01, 10, 11} denoting the first two
bits of the inheritance vector, which correspond to the outcome of
the two meioses leading to the first offspring, we obtain

P(AST|IBDP, Dyt = (k, 1), Dyyar = (m, 1))
= Zfirstbits € ¢ PAAST, first-bits|IBDY, Dpoy = (k, 1), Dy
= (m, n))
= Yfirstbins e g PLAST|first-bits, IBD®, Doy = (ks 1)y Dyar
=(m,n
- P (first-bits| IBDB, Dpay = (k, 1), Dyar = (1, 1)),

where P (first-bits|IBD", Dypay = (k, 1), Dypay = (m, n)) = 1/4 for all
first-bits € {00, 01, 10, 11}.

Thus, we can write for ¢k b 7

% b = 174 P(IBDR) pysp.vits e P(AST|first-bits,
IBDDE» Dpar: (k, 1), Doy = (m, n)).

Then with 7= {D, d}*, it follows

et P(D,, = (K1), D,y = (m.n))

(ki 1mm)E7

= P(AST|IBD; )+ P(IBD) =P (AST NIBD”)
and further
w? =P (IBD,|AST)

o Z (k. n)E7 C[fﬂyl'm'ﬂp (Dpﬂf = (k’ l)’ Dmf = (m, n))
B P(AST) '

For the 5 inheritance vector classes in the context of ASTs we
obtain:

o b = 1164 (P + frn + Foim + o)

C(g:;g’a;ﬁ’ " =3/64 Grnfinfim + fin) + finfin(fim + fin))
bl = 3164 (finfim fiom + fim) + finfinfin + fin))
cbmm = 3164 (fefu fin + fin) + fnfim Fin + fim))
6(5' b = 332 Fienfrenfen + fin) + FimfinUfeam + fien))
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Table 1A. IBD configurations for three affected siblings A, B, and
C (adapted from Knapp [23])

IBD configuration/  Alleles shared IBD by Mendelian
inheritance vector probability
s AB AC BC

3 2 2 2 1/16

2pat 2 1pat 174t 3/16

Zmaf 2 lma[ lmﬂ[ 3/16

1 2 0 0 3/16

0 1pat 0 1mat 3/8

For each IBD configuration, i.e. inheritance vector class, i, the
Mendelian probability and a representative sharing among the 3
siblings are given. Note that the 3 siblings A, B, and C cannot be
distinguished, such that e.g. siblings A and C could be flipped,
which reduces the number of inheritance vector classes. Hence,
with 16 inheritance vectors for an AST, the Mendelian probability
of e.g. inheritance vector class i = 1 is 3/16, because the sharing of
2 alleles IBD can take place either between A and B, A and C, or B
and C, which does not have to be distinguished.

Table 2A. Mating types and conditional probabilities ci (adapted from Knapp [23])

No. Parental Probability c; €, pat Gt ¢ c Yici
mating type of mating
(pat x mat) type
1 DDxDD p* 1/16 3, 3/16 f3, 3/16 f3, 3/16 f3, 318 1%, 1
2 DDxDd 2p’g 132 (F + frpa) 382 (Fafipe 3032(% 3/32 (fHf1, 3/16 (f%2 1, pat 1/8 (f, + fi,
+f2f2],pal) +f31,pal) pat +f1.fll.pat) +f2fll,pat) pat)3
3  DdxDD 2p’g 132 (Fy+ £ mar) 3132 (3 3/32 (% f, 3/32 (f%f,, 3/16 (o fima US(H+A,
+ 21, mat) mat of Lmad) mat oS mat) F S mat) mat)
4 DD x dd quz 1/16f31, pat 3/16f31,pat 3/16f31,pat 3/16f31,pat 3/8f31’ pat fsl,pat
5 ddxDD  pg’ 1/16 /1, mat 316 f  ma 16 ma 316 ma 38 ma Pma
6 DdxDd 4p’q* /64 (F + 2, 3164 (P frpa 3164 (ff), 3/64 (% fo 3/32 (B fi. pat fi mat 1/64 (o + fi,
pat+f31. mat +f30) +f2f21. pat mat +f2f21. mat +f2f20 + +f2f1.patf0 pat +f1. mat
+ 121 matfo + 121 pacfo S pat fi, mat + fo i, macfo, +fo)?
+ fi, macf%0) +fl,palf20) +1, palle, mat)  + f1, pat f1, mat fo)
7 Dd x dd Zp‘f 1/32 (fal,pat +f30) 3/32 (fsl,pal 3/32 (Fl,palﬁ) 3/32 (le, patﬁ) 3/16 (le.patf(! 1/8 (fl,pal
+ %) +f1,pztf20) + /i, patfzﬂ) +1, p:nfzo) +fo
8 ddxDd  2pg 132 (1 ma +£70) 3032 (FPrmacfo 332 (FPrma 332 (Pumatfo 316 (Prmafo U8 (fimat
+ fi, matf%0) +£%) + i, mat f0) + i, mat f20) +fo)
9 dd x dd qt 1/16 3, 3/16 f3 3/16 f3 1/16 3 318 % I

A diallelic disease locus with susceptibility allele D, normal allele d, and allele frequencies p = P(D), g = P(d) = 1 - p is assumed. If the
order of alleles within a parent is ignored, 9 mating types (k, [, m, n) € J, with ] = {D, d}* have to be distinguished. The mating type pro-
babilities are given under the assumption of Hardy-Weinberg equilibrium at the disease locus. ¢ ™™ denotes the probability of the
joint occurrence of 3 affected sibs that have IBD configuration i at the disease locus, given that the paternal and maternal genotypes are
(k, D) and (m, 1). (fo, f1, pat> f1, mav- and f2) are the penetrances with f; denoting the probability that an individual with i copies of the disease
allele develops the disease. For the heterozygous individuals, separate penetrances for paternal and maternal transmission of the disease

allele are distinguished to take imprinting into account.
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Abstract

Introduction: Joint linkage and association (JLA) analysis
combines two disease gene mapping strategies: linkage
information contained in families and association informa-
tion contained in populations. Such a JLA analysis can in-
crease mapping power, especially when the evidence for
both linkage and association is low to moderate. Similarly, an
association analysis based on haplotypes instead of single
markers can increase mapping power when the association
pattern is complex. Methods: In this paper, we present an
extension to the GENEHUNTER-MODSCORE software pack-
age that enables a JLA analysis based on haplotypes and
uses information from arbitrary pedigree types and unre-
lated individuals. Our new JLA method is an extension of the
MOD score approach for linkage analysis, which allows the
estimation of trait-model and linkage disequilibrium (LD)
parameters, i.e, penetrance, disease-allele frequency, and

haplotype frequencies. LD is modeled between alleles at a
single diallelic disease locus and up to three diallelic test
markers. Linkage information is contributed by additional
multi-allelic flanking markers. We investigated the statistical
properties of our JLA implementation using extensive
simulations, and we compared our approach to another
commonly used single-marker JLA test. To demonstrate the
applicability of our new method in practice, we analyzed
pedigree data from the German National Case Collection for
Familial Pancreatic Cancer (FaPaCa). Results: Based on the
simulated data, we demonstrated the validity of our JLA-
MOD score analysis implementation and identified scenarios
in which haplotype-based tests outperformed the single-
marker test. The estimated trait-model and LD parameters
were in good accordance with the simulated values. Our
method outperformed another commonly used JLA single-
marker test when the LD pattern was complex. The ex-
ploratory analysis of the FaPaCa families led to the identi-
fication of a promising genetic region on chromosome
22g13.33, which can serve as a starting point for future
mutation analysis and molecular research in pancreatic
cancer. Conclusion: Our newly proposed JLA-MOD score
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