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1 INTRODUCTION 3

1 Intro duction

The program TreeLD implemernts a statistical method for analyzing genotype data in assaiation/link age
disequilibrium studies. It can be applied both for ne-mapping the location of a diseasemutation and
for performing tests for assaiation. The underlying method is basedon making inferencesabout the
presenceand location of a diseasemutation by reconstructing the ancestry of a set of sequencesThe
software is designedfor SNP-data and can accommalate both case-cotrol data and chromosomes
from a TDT test. Our padkageis named TreeLD, to re ect the emphasison estimating the ancestral
treesthat relate the sampledchromosomesat di erent positions acrossa region of interest. The com-
putational algorithm underlying TreeLD 1.0 is named LATAG. LATAG and the philosophy behind
our method are described in Zellner and Pritc hard (2005).
The Program producestwo kinds of results:

p-valuesfor signi cance testing for the presenceof diseasemutation(s) in a region
estimatesand credible regionsfor the location of a diseasemutation

In addition, the program outputs additional information suc asthe estimated trees relating sampled
chromosomes. These can be usedto help visualize the subsetof the data cortaining the where the
signal.

This documert describesthe useof the program TreeLD, which is free and comeswith no warranty
whatsoever. Downloads for the software will be made available via

http : ==pritch:bsd:uchicago:edu=software:html

This webpageprovides a version of the program for Windows NT, for the Unix Solaris and for Linux.
Pleasesendbug reports and requestsfor newfeaturesto SebastianZellner at szceline@genetics.bsd.lcago.edu.
We ask downloadersto complete the software registration form on the web page.

2 Overview

2.1 Philosoph y

The aim of an assaiation study is to analyzethe geneticvariation in oneor more regionsof interest and
to detect nonrandom assaiation betweenalleles and the studied phenotype. This genetic variation
is generated by a complex stochastic processthat includes mutation, genetic drift, recomnbination,
and sometimesnatural selection. In population genetics,this stochastic processis typically modeled
using the so-called\ancestral recombination graph”, or ARG (reviewed by Nordborg, 2001). In the
ARG the ancestry of eadh individual locus can be described as a bifurcating tree (a coalescen tree).
TreeLD usesthe ertire information in the marker data to infer thesetreesat selectedloci in the region
of interest. Oncethe ancestry of a locusis known, we can assesghe likelihood that a disease-causing
allele aroseon this ancestry by looking at the distribution of casesand cortrols amongthe tips of the
tree.

Figure 1 illustrates the utilit y of this approad. In the displayed tree, the individuals that show
a diseasephenotype are clustered, therefore providing good evidencethat this tree describes the
ancestry of alocuscontaining a diseasamutation. If the individuals carrying the diseasevererandomly
distributed among the tips of the tree, it would be a strong indication for the absenceof a disease
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Figure 1: Hypothetical exampleof a coales@nt genalogy for a sampleof 28 chromosomes,at the locus
of a disease suse@ptibility gene. Each tip at the bottom of the tree representsa samplel chromosome;
the lines indicate the ancestral relationships among the chromosomes. The two black circles on the
tree representtwo independent mutation eventsproducing sus@ptibility variants. Theseare inherited
by the chromosomesmarked with gray | led circles. Individuals carrying those chromosomeswill be
at increasel risk of disease. This means that there will be a tendencyfor chromosomesfrom a e cted
individuals to cluster together on the tree, in two mutation-carrying clades. The degree of clustering
dependsin part on the penetrance of the mutation.

mutation. Thus we can usethe ancestry of a locus as an indicator for the presenceof one or more
diseasemutations at the locusof interest. For the purp oseof this model, a locusis not a single basepair
in the sequenceput a short region of a few kb.

2.2 Overview of the algorithm

In the following section, a quick overview of the application ow will be given; a more detailed
description on how to run TreelLD is preserted in section 6. Figure 2 also providesa o w-diagram of
an analysiswith TreeLD.

TreelLD organizesdata analysisinto projects; ead project is assa@iated with a singledataset. The
analysis performedin ead project usually consistsof two stepsthat are cortrolled by the user. First
the ancestry of the dataset is estimated basedon the information in the input le, then the ancestry
is analyzedfor evidenceabout the locus of diseasemutation.

The rst step, estimating the ancestry, is performed by focusing on individual loci (referred to
as focal points) along the sequenceand inferring the ancestry of ead focal point individually with
a Markov Chain Monte Carlo (MCMC) algorithm. To account for the uncertainty in this estimate,
multiple treesthat provide feasibleancestriesare generatedfor ead focal point. The performanceof
the MCMC algorithm dependson the user's choice of parametersfor the burn-in and the number of
treesthat are generated. Suitable choicesfor theseparametersare discussedin section8. The output
of onerun of the MCMC for all focal points is called a tree set.

As a secondstep, the trees sampledat ead focal point are analyzedfor a signal of the presenceof
one or more diseasemutations. By combining the resulting posterior likelihoods over multiple focal
points, the posterior distribution for the locus of diseasemutation is generatedand an estimate for
the position of the diseasemutation(s) together with the credible region is obtained. Basedon the
sametree set, a test for the presenceof a diseasemutation can also be performed.
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Figure 2: Flowchart of analysis with TreeLD.
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The resolution of the posterior distribution dependson the number of focal points that have been
selected,as doesthe power of the test for assaiation.

2.3 Technical capabilities and limitations

The algorithm that has beenimplemented in TreelLD is very computationally intensive. Therefore
the available computational resourcesposea limit on the size of the dataset that can be analyzed.
The largest dataset we have worked with consistsof 250 individuals, with 130 markerstyped in eat
individual. A thorough analysisof this datasettook 48 hours on 10 processordn a Linux-cluster. The
parts of the analysis that are computationally most intensive are the treebuilding step (see6.2 and
the generation of p-valuesby permutation (see6.5).

The major determinant of the total time an analysistakesdependsstrongly on the initial burn-in
of the MCMC. Section 8.1 provides an overview for these times. In section 8.4, we provide some
conceptson how to apply TreelLD to large datasetsand receiwe satisfying results.

3 Installation instructions

3.1 Windo ws version

To install the Windows version of TreeLD, download TLsetup win.exe to your computer and run the
program. Follow the instructions to complete the installation.

3.2 Linux version

To install the Unix/Lin ux version of TreeLD, download the padkage for your platform and put the
le into an appropriate working directory. Then, unzip the le (\gzip -dc < lename> j tar xvf - "),
where < lename> is the name of the downloaded le. Run the program by typing \./T reeLD"
in the appropriate directory. On a Unix system, you can also install the program into a stan-
dard directory for programs, e.g., /usr/lo cal/T reeLD. You then needto set an ervironment vari-
able e.g., TreeLD_PATH to the TreelLD padage installation directory. For bash users,the syntax is:
TreeLD_PATH="/usr/lo cal/T reeLD" export TreeLD_PATH in the .prole le; for csh/tcsh usersput
seterv TreeLD_PATH "/usr/lo cal/TreeLD" in .tcshrc or .cshrc. You can then run the program by
typing TreeLD_PATH/T reeLD.

4 The interface

After starting the program the user seesa window that should look similar to gure 3. The display
consistsof four main windows and additional pop-up displays that canbe activated during the analysis.
The four windows are as follows:

File Windo w. This window cortains a tree structure with clickable nodes. Clicking on Pro ject
summary shows the summary information of the current project and all establishedtree sets.
Clicking on a tree set node loads the selectedtree set to the front end. Only onetree setcanbe
loaded at a time.

Map Windo w. This window displays the distribution of markers in the region of interest. The
spacing of markersin this widow is to scale.
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Figure 3: Screen shot of the main screen of TreeLD

Tree Displa y. Here the treesthat have beengeneratedby the tree building step of the analysisare
displayed. For ead focal point, the rst generatedtree is indicated, with two arrow icons for
scrolling to the other trees. Clicking on one of the tree-imagesopensa new window that shaws
a full image of the tree. In this image, the phenotypesof the terminal nodesare indicated by a
color-sheme.

Analysis Windo w. This window displays the LD-evidencethat is preser in the data. The individual
dots show the 2 of the individual markers, while the connected line indicates the posterior
likelihood for the position of the diseasemutation. The window provides four items for further
analysis of the data:

Extend tree building Builds additional treesin a new MCMC, starting at the last tree from
the prior Markov chain. See6.6 for details.

Tree peeling Starts the analysis of generatedtrees with treepeeling as described in 6.3.

Imp ort peeling results Loads saved tree peeling result, re-draw the posterior distribution
plot in the front end.

Clear Curv e Clearsthe posterior distribution curve that is currently displayed.
Clear pointer Clearsthe blue triangle pointer that is currently displayed as describedin 6.4.
Save Image Savescurrent plot asa jpeg le.

The basic cortrol of the program is provided by the menu bar. It helpsuserto managethe projects,
tree setsand analyzethe data by providing the following four merus:
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File. This menu provides functionalities to manageprojects. Projects are saved on disk with a .tpj
extension.
New pro ject Createsa new project, as describedin 6.1.

Open pro ject Opensan existing project le. It is not possibleto have more than one open
project at a time.

Close pro ject Closescurrent working project, and savesall the changes.

Recent pro jects Displays a list of recenly visited projects. Open one of the projects by
clicking on it.

Exit Exits the TreeLD program.

View ! 2-plot. This meru provides utilities to generatea plot of the individual ?-values of the
markers.

Tree sets. This menu contains functions to help the user create and managetree sets. It provides
the following functions:

New tree set Generatesa new tree set as describedin 6.2.

Remo ve tree set(s) Activatesa pop-up window for the removal of trees. Click on unwanted
tree setsand usethe right arrow button move them to the "to be deleted" list.

Generate tree building scripts Providesthe toolsto producescripts to run TreeLD on mul-
tiple computers. Referto 7.2 for detail.

Help. This menu provides basic help for the use of TreeLD. If you have any questionsthat neither
this function nor the documertation can address,pleaseconact treeldhelp@bsd.ubicago.edu.

5 Input format

The input le supplied by the user should indicate the position of the markers used, the phenotypes
of the individuals studied and the phasedgenotypes of the sample. A schematic for the input le is
given by gure 4 wherethe quartities are as follows:

Commen ts All linesin the beginning of the le that is started by a hash (#) will be ignored by the
program and can therefore be usedfor commerts.

P The line that designatesthe map-positions of the markers starts with a P (upper case). The
positions should be separatedby a single whitespace.

Position(i) Eadh of those numbers indicates the position of a marker relative to an arbitrary point
of referencein basepairs. The loci must be in consecutive order along the chromosome(i.e. the
positions have to be increasing). Position(i) should be separatedfrom Position(i+1) by a single
whitespace.

For ead individual i in the sample,the phenotype and genotype information must be provided. The
rst line indicates the phenotype, the secondand possiblythird line cortain the genotype information.
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# Commerts
P Position(1) Position(2) ........ Position(NumberOfLoci)
Phenotype(1) 1/2
Haplotype(1.1)
Haplotype(1.2)

Phenotype(2) 1/2
Haplotype(2.1)
Haplotype(2.2)

Phenotype(NumberOfindividuals) 1/2
Haplotype(NumberOfindividuals.1)
Haplotype(NumberOfindividuals.2)

Figure 4: Schematicof an input le. Each oval box indicatesthe input information for one individual.
Figure 5 showsa speci ¢ example.

Phenot yp e(i) This oating point number indicates the phenotype of the individual i. For a QTL-
study, this can be the measured quartitativ e trait. In a case-cotrol study, the phenotypes
should be indicated as 1.0 for casesand 0.0 for cortrols.

1/2 This entity should designatehow many chromosomessharethe phenotype designatedin the same
line. For case-cotrol studies on autosomalloci this will be a 2, while for male X-chromosomal
loci or for non-transmitted haplotypesin a TDT this will bea 1.

Haplot yp e(i.x) In this line(s) the input le cortains the one or two haplotypesasindicated by the
line with the phenotype information. The state of ead SNP is indicated by a 1 or a 2 without a
spacebetweenthe individual characters. It is not important which allele of the SNP is assigned
to which number, as no information about ancestral state is used. The number of markers
displayed in ead of this lines must match the number of marker positions provided in the line
starting with a P.

An examplefor a simple input le is givenin the le Samplelnput.txt which is showvn in gure 5.

Pleasenote that the chromosomesin the input le are assumedto be unrelated. Thus, data that
are generatedin a case-cotrol study can be usedwithout modi cations. Seeb5.3 for instructions how
to generatean input le for trios.

5.1 Genetic map distances

As the haplotype pattern in the sampleis the result of reconbination ewents in the ancestry of the
sample, specifying the preciserecomnbination rate (genetic distance) between markers improves the
quality of the results. While the physical location of the markers provides the simplest estimate,
it is now becoming clear that recombination rates can vary greatly over short physical distances.
Therefore, we suggestthe use of a statistical model to estimate the intermarker recombination rates
and apply those rates instead of the physical distances(for exampleLi and Stephens,2003; McVean
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# Samplelnput.txt, 5 SNPs, 3 cases,3 cortrols
P 82022312342005533382290
1.02

21122

21211

1.02

21111

21122

1.02

21122

21112

0.02

11122

12111

0.02

22211

11112

0.02

11122

11111

Figure 5: Example of an input le. The rst line is a comment that is ignored by the program. The
seond line indicates the location of the 5 markers at bp 820, 22312,..., 82290relative to an arbitrary
starting point. The rst three individuals in the sampleare the cases,designate by the phenotype of
1.0. The 2 after the phenotyp indicates that theseare diploid individuals. The last three individuals
are controls as indicated by the phenotyg 0.0.

et al., 2004). Theseprogramswill provide relative recombination rates betweenmarkers. By replacing
the intermarker distanceswith theserelative rates, a more precisegeneticmap of the region of interest
will be used. As TreelLD estimatesthe regiorwide recombination rate as a nuisanceparameter, it is
not necessaryto provide the absolute genetic distancesin the sample, as long as the relative genetic
distancesare correct.

5.2 Missing information and unkno wn phase

This releaseof TreeLD does not support the analysis of sequenceswith missing data or unknown
phase. To impute missing data and phaseinformation, we recommendusing PHASE 2.1 (Stephens
et al., 2001), which can be obtained from http://www.stat.washington.edu/ steptens/. To obtain the
best results from PHASE, it is advisableto run the program on one combined dataset of casesand
controls. The perlscript PH2TL.pl included with the TreeLD padckagetransforms the output of PHASE
into an input le for TreeLD. Usageis

PH2TL:pl < PHASE:out> < Phenotypes:txt > < TreelLD:in >

where< PHASE:out > designatesthe name of the output le that is generated by PHASE, <
TreelLD:in > is the name of the input le for TreeLD and < Phenotypes:txt > is a text le that
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contains the phenotype information,comprised of one phenotype per line in the same order as the
input le for PHASE.

Note that while PHASE estimatesthe uncertainty for ead estimated state, the script PH2TM.pl
selectsfor eadh marker the allele that hasthe highest posterior probability accordingto PHASE and
assignsthis result as the state of this marker. Thus, using PHASE in this manner will reduce the
uncertainty that is presert in the data and therefore generatecon dence intervals that are somewhat
anti-consenative.

5.3 TDT-data

A TDT-dataset consistsof trios where the parents are usually una ected while the o spring is af-
fected (Spielman et al., 1993). Therefore half of the chromosomesare obsened twice in the sample,
even though they occur only onceindependertly. To apply TreeLD to TDT-data, those duplicated
chromosomesmust be removed from the sample. To this end, the user must include only the non-
transmitted chromosomesof the parental generationin the input le, while the o spring generation
is still preserted asdiploid individuals. For examplethe trio depictedin gure 6.1 would be included
in an input le asshawvn in 6.2. It is not possibleat presen to apply TreelLD to families with more
than one o spring.

TM/NM TP/NP

0.01
Haplotype-NM
0.01
Haplotype-NP
1.02
Haplotype-TM
Haplotype-TP

TM/TP

6.1Trio 6.2 Input le for one trio.

Figure 6: Example of an input-le geneated from a TDT-T rio. NM is the haplotyge on the non-
transmitted maternal chromosome,NP is the haplotype on the non-transmitted paternal chromosome,
while TM and TP are the transmitted paternal and maternal chromosomes.

6 Running TreelLD

To start the program under Windows NT, click onthe TreeLD programicon. Linux/Unix usershaveto
run the batch script "TreeLD" to initiate the program. Then a new window should be openedsimilar
to the one described in section 4. To start the analysis of a new data le, the user must generatea
new project. For such a project, the analysis of a data le consistsof two major steps. The rst step
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is the inference of a set of trees consistert with the marker data. The secondstep is the analysis of
the generatedset of trees. In the following, ead of these stepsis discussedin more detail.

6.1 Create a pro ject

As merntioned earlier, TreeLD organizesdata analysisinto projects. Each project is assaiated with a
singleinput le. Within ead project, the analysis program can be run multiple times with dierent
setsof parameters. Within a project, ead run of the treebuilding algorithm is saved as a tree set.

To create a new project, click on File! Create project and Il out all the information in the
pop up window. This prompts a query for the path to the input datale which must be formated
accordingto section5. After the dataset is loaded into memory, the marker map that is provided in
the input le will be displayed in the Map Window. It is not possibleto have more than one project
open at a time.

To cortinue the analysis of an old project, click on File! Open pro ject. After loading a project
into memory, all tree sets that have been generated for this project will be displayed in the File
Window. Clicking on one of thesetree setswill load it into the computer memory. It will then appear
in the Tree Display.

6.2 Generating trees

To start the rst stepin the analysis and generatea tree set, you have two options. You can either
click on Tree set! new tree set and follow the instructions to drag the mouseto highlight the region
of interest in the map window. Alternativ ely, you can mark the region of interest in the map window
without using the Main Menu. Either step will open a pop-up dialog box where all the necessary
model parameterscan be set. This window asksfor the beginning and the end of the studied region
in bp and the number of focal points that should be evenly distributed in that region. After clicking
on the button labeled More options , the burn-in length for the MCMC in steps of updates can
be entered. Eadch step consists of 10,000 proposed updates to the tree. Some discussionon what
burn-in to choosehereis presenied in section 8. Furthermore you are given the option of performing
a reducedburn-in for every MCMC after the rst. If this option is chosen,the MCMC doesnot use
a random starting tree for the secondand all further focal points. Instead the last tree that hasbeen
generated at the neighboring focal point is used as the rst tree for the new Markov Chain. The
advantage of using this option is that the burn-in for all but the rst MCMC can be substartially
lower, reducing computation time. This gain is maximized if the program is running on a single CPU.
If the tree-building processis distributed to multiple processors(see 7.2), ead of these processors
runs onefull-length MCMC asits rst focal point and only subsequeh Markov Chainsprot from the
reducedburn-in. The disadvantage of this option is that the tree setsat neighboring focal points are
not entirely independert, which may make it harder to spot aberrant results as described in 8.2. See
8.1 for further discussionof this option.

You can alsoenter the number of treesthat should be sampledafter burn-in. Eac tree is sampled
after one step of updates, consisting of 10,000 proposed changesto the tree. A good starting value
for the number of sampled trees analysis is between 100 and 200 trees. Larger numbers become
computationally very burdensomeand o er only a limited advantage. Section 6.6 describeshow more
trees can be sampledif the initial set of treesis insu cien t. Finally, the seedto initialize the random
number generator can be set from this window. If you want to generatese\eral independert runs of
the treebuilding algorithm, make sure that ead run hasa di erent seed.
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After this setup of the treebuilding processhas been nished, a button Start running trees
appearsin the Tree Display. Clicking this button will start running the tree-building.

6.3 Analysis of the trees with the peeling algorithm

After the set of trees is generated, the next step in the analysisis to analyze the set of trees. The
tool that is provided in this versionof TreeLD is called treepeeling, a fast and e cien t algorithm that
is described in detail in Zellner and Pritc hard (2005). This algorithm is deterministic: i. e. multiple
runs of the algorithm on the sameset of treeswill result in the sameoutput.

When a tree set has beengenerated, the tree peeling options will be made available to the user
in the Analysis Window. After clicking on the Tree peeling button, a dialog box will appear. The
program will then require the input of parametersfor the rate of mutation at the diseaselocus and
the range of penetrance parametersthat should be explored by the peeling algorithm. The disease
mutation rate re ects the expected number of non-ancestraldiseasemutations in the ancestry of a
randomly ascertainedindividual in a population of constart size and should range from 0.1to 1. See
Pritc hard (2001) for a discussionabout the implications for the choice of . The choice of penetrance
parametersdependson the analyzed phenotypes.

Case-control data. For case-control data, Treepeeling calculatesthe likelihood of the phenotypes
conditional on two penetrance parameters, the probability of a chromosomewith a mutant allele to
be carried by a caseindividual in the sample and the same probability for a wildtype allele. The
algorithm can either be run for a known set of penetranceparameters, or alternatively it can average
over a grid of penetrancevalues. As the penetranceof a single locusin a pre-ascertainedsample of
casesand controls candi er from penetranceparametersascertainedthrough other means,it is usually
advisableto integrate over the spaceof penetrances. The algorithm performs this analysison a grid
of penetrancesfor the wildt ype and the mutant allele, the density of that grid must be decidedon by
the user. The number of gridpoints are then evenly distributed by the program. If the penetrance
parametersare unknown, we suggestusing the maximal gridsize of 20x20 points.

Quan titativ e data. For quartitativ e data, the underlying model is that the phenotype of a chro-
mosomeis drawn from one of two normal distributions with the samestandard deviation and di ering
means,dependen on whether it carriesthe diseasemutation. As those meansand standard deviation
are usually unknown, the program calculatesthe posterior likelihood on a grid of valuesand averages
over the grid. When starting the treepeeling step, the useris asked for a minimum and a maximum
value for meanand standard deviation and the number of gridpoints that areto be usedbetweenthose
two values. To make sure that the resulting likelihood is independert of the selectedgrid density, the
user may want to experimert with di erent densities. If the phenotype data is clearly not normal, it
may be worth attempting transformations of the phenotype data to make it more normal.

After providing this information, the processwill be started by clicking the Start tree peeling
button in this dialog box. This will open a window displaying the output from the peeling algorithm
for ead focal point asthey are being generated,indicating the progressof the program. Buttons on
the bottom of this window provide the following options to the user:

Save data Savesthe generatedlikelihoods to disk. If this option is not used,the peeling results will
be discardedwhen TreelLD is closed.
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Plot data Opensa window that plots the peelinglikelihood at ead focal point.

Compute CIl Calculates a credible interval baseon the result of the peelingalgorithm. Clicking on
this button opensa window that allows you to enter the percertile for the credible region. After
this calculation is nished, a box appears, displaying the beginning and the end of the credible
interval.

Done Closesthe peelingoutput window and displays the results asa graph in the Analysis Window.

Cancel Interrupts the treepeeling analysisor the computation of the credible interval.

When this processis nished, and the window is closed,the estimated posterior distribution is dis-
played as a graph in the Analysis Window.

6.4 Generating the posterior distribution

To estimate the position of the diseasemutation and the con dence interval, TreeLD createsthe
posterior distribution of the locus of the diseasemutation basedon the output of the treepeeling step.
To calculate the likelihood of a tree under the diseasemutation model, the program averagesover the
likelihood for ead set of penetrancevariables. By then averaging over all trees at one focal point,
the posterior likelihood of that focal point to be the locus of diseasemutation is calculated. This
averaging processcan be overly in uenced by outliers. Section 8.2 describesthe impact of outliers in
more detail and o ers advice on how to reducetheir impact.

Figure 7: Example of an Analysis window after a treepeeling run for a case-ontrol dataset. The
red dots indicate the 2-values of the individual markers as indicated by the left vertical axis, the
continuous line indicates the posterior loglikelihood to carry the diseaselocus as indicated by the right
vertical axis and the dashel yellow box marks the credible region.

Under most circumstances,the location with the highest posterior likelihood is the best estimate
for the location of the diseasemutation. (This might not be true if this maximum is an isolated peak,
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see8.2 for further discussion.) If a credible region has beenin generatedas described in 6.3, it is
displayed in the Analysis Window as a dashedbox.

It should be pointed out that the displayed cortin uous distribution is an estimate from valuesthat
have beengeneratedat di erent focal points. Thereforethe resolution of this distribution is dependen
on the number of focal points it is basedon. A posterior distribution that is basedon more focal points
will usually result in a more preciseestimate of the location of diseasemutation and a tighter credible
region. See8.3 for somesuggestionsabout the optimal densities.

6.5 Testing for the presence of a disease mutation

TreeLD alsoimplemernts a signi cance test for the presenceof a diseaselocusin the region of interest
basedon the output of the treepeeling program. During the tree peeling step, the likelihood of a
diseasegenebeing presen is obtained by nding the focal point and the set of penetranceparameters
that generatethe highestlikelihood. With this alikelihood ratio (LR) is calculated by dividing this by
the likelihood of the null hypothesis. While asymptotic theory suggeststhat this LR is approximately

2-distributed, our simulation studies have shown that applying this distribution is consenative.
Nevertheless,the p-value that is generatedby this distribution canact asan indicator for the strength
of the assaiation signal. Therefore, the program provides two p-valuesfrom the LR-test, onethat is
the unmodi ed p-value and a secondonethat is correctedfor multiple tests by a Bonferroni-correction.
Pleasenote that for a tight grid of focal points, the signal at adjacert focal points is highly correlated
and the Bonferroni correction is very consenative. Nevertheless,it provides useful starting point for
the analysis. If the resulting p-valuesare indicativ e but not signi cant, a more appropriate p-value can
be obtained by permuting the phenotypesamong the individuals in the sample. This shuing occurs
over all trees at once and thus generatesa overall p-value that doesnot need correction for multiple
testing. To perform this analysis, rerun the peeling algorithm and chedk the Run perm utation
box. The p-value is then displayed in the text consolewindow at the end of the run. The random
phenotypesthat are generatedby the shuing are dependert on the seedthe program is started with.
Thus if the user wants to apply the samerandom phenotype-distributions to multiple datasets, the
program hasto be restarted with the sameseedin ewery analysis.

As described before, the likelihood of a focal point will depend on its distance to the location of

the diseasemutation. Therefore, if the focal points are distributed on a tighter grid in the region of
interest, the power of a test for assaiation may be increased.

6.6 Generating additional trees

After performing an initial analysis, you may want to sample additional trees. To do so, click on
Extend tree building in the Display Window. This will causea dialog box to appear, which will
query for the additional burn-in that is to be performed before new trees are sampled, the number
of treesto be sampledand whether to discard the currently saved trees. If you are using this option
becausethe MCMC did not corverge in the rst chain and you want to run it for more steps to
assurecorvergence,then you should discard the rst set of trees. On the other hand, if you want to
increasethe number of treesthat are sampledfrom the posterior, you may want to keepthe treesthat
are already sampled. The program also provides the option to discard only a subsetof the already
sampledtrees. If that option is selected,trees are deleted in the order that they have beensampled
in.

After setting up the tree building, you will be given the option to start the tree building, or to
generatejob scripts that can be exported to other machines.



7 ADDITIONAL OPTIONS 16

7 Additional options

7.1 Visual analysis of trees

An advantage of the analysis performed by TreelLD is that the LD-signal is visualized in a unique
way by the generatedtree set. Clicking on a tree set will causea pop-up window to appear, showing
the tree at the location of interest. If the input is a case-cotrol sample,the tips in this tree will be
colored to indicate the case/cortrol status of the tip. This allows the user to identify cladesin the
tree that have an overabundanceof casesamong their descendats.

It is specially informativ e to view the trees at the location with the highest posterior likelihood.
For this purpose,you can click on the focal point with the highest likelihood in the displayed graph.
This will causea blue triangle to appear, asshowvn in gure 7. It will also highlight the tree set that
has beengeneratedat this spot for further inspection.

Analyzing the trees at this location provides an informal way to estimate the number of disease
mutations, asewery sud cluster is the result of onediseasemutation. Furthermore the usercan assess
which chromosomescarry which diseasemutation by identifying the cladeit belongsto. Clicking on
any internal node in the tree will open a window, showing the length of sequencehat is transmitted
to all terminal decedets of that node. This visualizesthe region that is most likely to carry a disease
mutation.

7.2 Creating tree building scripts

Running tree building on a single computer can be very time intensive. To take advantage of parallel
processingthe usercould setup tree building programsrunning on multiple computerssimultaneously.
The procedureis described as follows:

1. Install the tree building program (mcmc_tree.exe) on ead computer. (Note: it is not required
to install the whole software padage on those madines)

2. Create a tree set as described in 6.2.

3. Click on Tree sets! Generate tree building scripts , follow the guide of pop up dialog boxes
and save the generatedscripts.

4. Copy the script and data le on ead madine.
5. Start the script onto eat machine

6. Copy the outputs from ead machine badk to the project directory if necessary

7.3 Generating tree peeling scripts

The user may also want to create scripts for performing the treepeeling step on multiple nodes at
once. As the treepeeling step is quite fast, this may only be necessaryfor generating p-valuesfor a
large study with many focal points. In this case,it is necessaryto make sure that all permutation
p-valuesare obtained with the sameseedfor the random number generator.

The procedurefor generating the peeling scripts is similar with creating tree building scripts. To
get the batch scripts from the front end, click on Generate scripts only button when nish setting
up the tree peeling options
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7.4 Exporting images

Every graphic that is displayed in the TreeLD program can be exported as a jpeg le. To export
images, click on the Save image button in corresponding image window/frame. This will open a
window where the path and the nameif the generated le can be ertered.

8 Choosing parameters for the Mark ov Chain Monte Carlo

Obtaining reliable results from TreeLD dependson multiple factors. Some,like the informativ enessof
the marker map cannot be in uenced. On the other hand, the burn-in of the MCMC, the number of
trees generatedand the number of focal points chosenare important parametersfor the analysis of a
dataset that the user assigns.While the optimal value for eat parameter dependson the individual
dataset, the following describes someconsiderationsfor a reasonablestarting point for an analysis.

8.1 Choosing burn-in

The MCMC algorithm that is the basis of the treebuilding program starts out from a random tree
and through successie iterations improvesthe tree until it convergesto a set of treesthat are likely
given the marker data. This processis called burn-in. Each burn-in step consistsof 10,000updates
to the tree and takes between 3 and 40 secondson a 2.4 Ghz processorwith 512 Mb of RAM. To
ensurecornvergenceof the MCMC, a su cien tly high number of burn-in stepsmust be selected. This
number dependsmostly the sizeof the analyzeddataset but other factors canin uence it, sud asthe
informativ enessof the selectedmarkers.

The following table showvs someapproximate corvergencetimes that we have obsened for datasets
that we analyzed. Thesenumbersonly provide a starting point for the analysisof individual datasets.

Samplesize Number of | burn-in
markers

100 25 100
100 50 250
100 100 325
250 25 300
250 50 650
250 100 825
500 25 600
500 50 1125
500 100 1400

Table 1: Expected number of update stepsfor the treebuilding algorithm until a su cient degree of
burn-in is achievel. Each step consists of 10,000 updates. The Samplesizeis displayal as the number
of diploid individuals in the sample.

To monitor corvergenceof a Markov Chain Monte-Carlo run, a timeplot of likelihood of the
estimated variables conditional of the haplotype data can be displayed by right-clicking on the trees
of interest in the Tree Display, and selecting Show MCMC time series plot in the pop up menu.
This plot displays the probability to obsene the marker data conditional on the tree (Pr(DatajTree)).
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As long as the Markov Chain is still corverging, this plot is increasing, after corvergenceit should
move horizontally .

If during treebuilding the option is taken to pick the tree at a neighboring locus as the starting
tree of the MCMC and not a random tree, then the main purposeof burn-in is to make sure that
the trees sampled are independert from the starting tree (This is the caseif an unequal number of
burn-in stepsis chosenduring treebuilding, see6.2). In this case,the time seriesplot doesnot serve
as an indicator for su cien t burn-in, asthe probability of the starting tree conditional on the data
may not be a lot smaller than the probability of a tree that is sampledafter corvergence.

If this analysisindicates, that the electedburn-in had beeninsu cien t, it is possibleto restart the
MCMC from the last generatedtree as described in 6.6.

Incomplete corvergencewill result in a reducedsignal from the data, soif individual markersshown
assaiation but the posterior distribution generatedby the treepeeling step is basically at this may
be a sign that the burn-in is insu cien t.

8.2 Eect of outliers among the sampled trees

Due to computational restraints, only a limited number of trees can be drawn from the posterior
distribution. This makes the posterior likelihood that is calculated at ead location susceptible to
being in uenced by outliers with unusually high likelihoods. These occur when individual trees with
a low posterior likelihood but high support for the presenceof the diseaselocation are sampled. This
may result in the posterior likelihood being overestimated at that location. If the map of focal points
is su cien tly dense(see8.3,in uence of an outlier may be indicated by a single spike in the posterior
distribution, wherefocal point i hasa high posterior likelihood, but neither focal pointi 1 nori+ 1
have an elewvated signal. If a focal point is really closeto the locus of diseasemutation, then the
neighboring focal points will alsobe in the proximity of the diseasemutation and therefore also shawv
a increasedposterior likelihood. On the other hand, if the increasedlikelihood at a focal point is due
to an outlier, adjacert focal points will not showv an increasedlikelihood for the presenceof a disease
mutation. While the impact of outliers can be reduced by sampling more trees from the posterior
distribution, someoutliers may have a likelihood that is orders of magnitude higher than the likelihood
of all other treesthat are sampledat the samefocal point. Thusit may be not computationally viable
to sampleenoughtreesto control for the e ect of outliers.

On the other hand, a signal that is generatedby an outlier in the tree-distribution will usually
not be repeatedif a secondset of treesis generatedand analyzed. Therefore, it is advisableto verify
any peak in the posterior distribution by generating additional trees at locations where a signal is
generated. To make sure that this new set of trees is independert from the rst set of trees, it may
be necessaryto restart the analysisfrom a random tree and to repeat the MCMC, including burn-in.

8.3 Density of focal points

The tree-reconstruction step of TreeLD estimates the ARG of a region of interest by sequetially
estimating the marginal trees at a number of focal points. Based on this estimate, the posterior
distribution for the locus of diseasemutation is generated. The quality of this estimate dependson
the number of focal points it is basedon. As the computation time of TreeLD increaseslinearly with
the number focal points, it is important to selecta number that is su cien t to provide good results.
While theoretical calculations suggestthat increasingthe grid-density to up to 1,000focal points/cM
may still yield an improved result, it is questionable that using more focal points than there are
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markers in the dataset will improve the results noticeably. For our analyseswe use between 10 and
50 focal points per cM.

8.4 Strategy

For large datasets, doing a thorough analysis of the datasetwith TreeLD can be very computationally
intensive. Therefore, it is advisableto perform an approximate run asa rst passanalysiswith a low
number of focal points (maybe 1 focal point per 0.1cM), a small number of sampledtrees and a low
burn-in. This analysismay be su cien t to identify interesting areasin the sequenceof interest, which
then can be analyzed by a tighter grid of focal points and a more extensive MCMC. The generated
treesin this rst passwill only be rough approximations of the true ancestry of the locus, but they
may already contain somesignal about the presenceof a diseasemutation. If those approximate trees
are insu cien t and only little signal is generated,treebuilding can be restarted from the last sampled
tree and the original trees can be discarded (see 6.6). It should be pointed out that running the
program this way should only be done for exploratory analysis of the data as repeated approximate
runs generatea multiple-testing problem that can create false positives.

As it is much easierin this version of the program to extend the burn-in or to sample additional
treesthan it is to add focal points, it may be a sensibleapproad to plan the analysis accordingly.

9 How to cite this program

In publications that include results generated with this program pleasecite Zellner and Pritc hard
(2005).
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