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1 In tro duction

The program structure implements a model-basedclustering method for inferring population struc-
ture using genotype data consistingof unlinked markers. The method was introduced in a paper
by Pritchard, Stephensand Donnelly (2000a) and extended in sequelsby Falush, Stephensand
Pritchard (2003a,2007). Applications of our method include demonstrating the presenceof popu-
lation structure, identifying distinct geneticpopulations, assigningindividuals to populations, and
identifying migrants and admixed individuals.

Brie
y , we assumea model in which there are K populations (where K may be unknown),
each of which is characterized by a set of allele frequenciesat each locus. Individuals in the
sampleare assigned(probabilistically) to populations, or jointly to two or morepopulations if their
genotypes indicate that they are admixed. It is assumedthat within populations, the loci are at
Hardy-Weinberg equilibrium, and linkageequilibrium. Looselyspeaking, individuals are assigned
to populations in such a way as to achieve this.

Our model doesnot assumea particular mutation process,and it can be applied to most of the
commonly usedgeneticmarkers including microsatellites,SNPs and RFLPs. The model assumes
that markers are not in linkage disequilibrium (LD) within subpopulations, so we can't handle
markers that are extremely closetogether. Starting with version2.0, we can now deal with weakly
linked markers (Section 1.2).

While the computational approachesimplemented hereare fairly powerful, somecare is needed
in running the program in order to ensuresensibleanswers. For example, it is not possibleto
determinesuitable run-lengths theoretically, and this requiressomeexperimentation on the part of
the user. This document describes the useand interpretation of the software and supplements the
publishedpapers,which provide more formal descriptionsand evaluations of the methods.

1.1 Overview

The software packagestructure consistsof several parts. The computational part of the program
waswritten in C, and executablesare distributed for variousplatforms (currently Windows, Linux,
Sun). The C executablereadsa data �le supplied by the user. There is alsoa Java front end that
provides various nift y plots and other helpful features for the user; however, you can also invoke
structure from the commandline instead of using the front end.

This document includesinformation about how to format the data �le, how to chooseappropriate
models,and how to interpret the results. It alsohasdetails on using the two interfaces(command
line and front end) and a summary of the various user-de�ned parameters.

1.2 What's new in Version 2.2?

The 2.2 release(April 2007)allows the useof dominant markerssuch asAFLPs (commonly usedin
non-model organisms)and can accommodate null allelesand other data ambiguities (Falush et al.,
2007). There are a few bug �xes including �xing a problem that occurredoccasionallyon Windows
machines, causingstructure to crash at seeminglyarbitrary valuesof K . We have tidied up some
aspects of the front end and C kernel. We now print out an averagepairwise nucleotide distance
within and betweenclusters (Falush et al., 2003b), instead of the Kullback-Leibler distancewhich
was less interpretable and lessnumerically stable. The output format for the linkage model has
beenchanged. We hope to releasefurther improvements in the coming months.
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loc a loc b loc c loc d loc e
George 1 -9 145 66 0 92
George 1 -9 -9 64 0 94
Paula 1 106 142 68 1 92
Paula 1 106 148 64 0 94

Matthew 2 110 145 -9 0 92
Matthew 2 110 148 66 1 -9

Bob 2 108 142 64 1 94
Bob 2 -9 142 -9 0 94
Anja 1 112 142 -9 1 -9
Anja 1 114 142 66 1 94
Peter 1 -9 145 66 0 -9
Peter 1 110 145 -9 1 -9

Carsten 2 108 145 62 0 -9
Carsten 2 110 145 64 1 92

Table 1: Sampledata �le. Here MARKERNAMES=1, LABEL=1, POPDATA=1, NUMINDS=7,
NUMLOCI=5, and MISSING=-9. Also, POPFLAG=0, PHENOTYPE=0, EXTRA COLS=0. The
secondcolumn shows the geographicsampling location of individuals. We can also store the data
with onerow per individual, in which casethe �rst row would read \George 1 -9 -9 145-9 66 64 0
0 92 94".

1.3 Registering.

We strongly encourageusers to complete the brief registration form at the website (http://-
pritch.bsd.uchicago.edu/s oftw are). This will help us to assesswhereto spend future e�ort in
maintaining or developing the software. Estimatesof the number of userswill alsobe helpful when
we apply for renewed funding for this and related projects.

2 Format for the data �le

The format for the genotype data is shown in Table 2 (and Table 1 shows an example). Essentially ,
the entire data set is arrangedas a matrix in a single �le, in which the data for individuals are in
rows, and the loci are in columns. The user can make several choicesabout format, and most of
thesedata (apart from the genotypes!) are optional.

For a diploid organism, data for each individual can be stored either as 2 consecutive rows,
whereeach locus is in one column, or in one row, whereeach locus is in two consecutive columns.
Unlessyou plan to usethe linkagemodel (seebelow) the order of the allelesfor a single individual
doesnot matter. The pre-genotype data columns(seebelow) are recordedtwice for each individual.
(More generally, for n-ploid organisms,data for each individual are stored in n consecutive rows
unlessthe ONEROWPERIND option is used.)

2.1 Comp onents of the data �le:

The elements of the input �le are as listed below. If present, they must be in the following order,
howevermost are optional (as indicated) and may be deleted completely. The user speci�es which
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data are present, either in the front end, or (when running structure from the commandline), in a
separate�le, mainparams. At the sametime, the useralsospeci�es the number of individuals and
the number of loci.

2.2 Rows

1. Mark er Names (Optional; string) The �rst row in the �le can contain a list of identi�ers
for each of the markers in the data set. This row contains L strings of integersor characters,
whereL is the number of loci.

2. Recessive Alleles (Data with dominant markers only; integer) Data sets of SNPs or mi-
crosatelliteswould generallynot include this line. However if the option RECESSIVEALLE-
LES is set to 1, then the programrequiresthis row to indicate which allele(if any) is recessive
at each marker. SeeSection 5.1 for more information. The option is usedfor data such as
AFLPs and for polyploids wheregenotypesmay be ambiguous.

3. In ter-Mark er Distances (Optional; real) the next row in the �le is a set of inter-marker
distances,for usewith linked loci. Theseshould be geneticdistances(e.g., centiMorgans), or
someproxy for this based,for example,on physical distances. The actual units of distance
do not matter too much, provided that the marker distancesare (roughly) proportional to
recombination rate. The front end estimatesan appropriate scalingfrom the data, but users
of the commandline versionmust set LOG10RMIN, LOG10RMAX and LOG10RSTART in
the �le extraparams.

The markers must be in map order within linkage groups. When consecutive markers are
from di�erent linkage groups (e.g., di�erent chromosomes),this should be indicated by the
value -1. The �rst marker is alsoassignedthe value -1. All other distancesare non-negative.
This row contains L real numbers.

4. Phase Information (Optional; diploid data only; real number in the range [0,1]). This is
for usewith the linkagemodel only. This is a singlerow of L probabilities that appearsafter
the genotype data for each individual. If phaseis known completely, or no phaseinformation
is available, these rows are unnecessary. They may be useful when there is partial phase
information from family data or when haploid X chromosomedata from malesand diploid
autosomaldata are input together. There are two alternative representations for the phase
information: (1) the two rows of data for an individual are assumedto correspond to the
paternal and maternal contributions, respectively. The phaseline indicates the probability
that the ordering is correct at the current marker (set MARK OVPHASE=0); (2) the phase
line indicates the probability that the phaseof one allele relative to the previous allele is
correct (set MARK OVPHASE=1). The �rst entry should be �lled in with 0.5 to �ll out the
line to L entries. For examplethe following data input would represent the information from
an male with 5 unphasedautosomalmicrosatellite loci followed by three X chromosomeloci,
using the maternal/paternal phasemodel:

102 156 165 101 143 105 104 101
100 148 163 101 143 -9 -9 -9
0.5 0.5 0.5 0.5 0.5 1.0 1.0 1.0
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where -9 indicates "missing data", here missing due to the absenceof a secondX chromo-
some,the 0.5 indicates that the autosomalloci are unphased,and the 1.0sindicate that the
X chromosomeloci are have been maternally inherited with probability 1.0, and henceare
phased.The sameinformation can be represented with the markovphasemodel. In this case
the input �le would read:

102 156 165 101 143 105 104 101
100 148 163 101 143 -9 -9 -9
0.5 0.5 0.5 0.5 0.5 0.5 1.0 1.0

Here, the two 1.0s indicate that the �rst and second,and secondand third X chromosome
loci are perfectly in phasewith each other. Note that the site by site output under thesetwo
modelswill be di�erent. In the �rst case,structure would output the assignment probabilities
for maternal and paternal chromosomes.In the secondcase,it would output the probabilities
for each allele listed in the input �le.

5. Individual/Genot yp e data (Required) Data for each sampledindividual are arrangedinto
oneor more rows as described below.

2.3 Individual/genot yp e data

Each row of individual data contains the following elements. Theseform columnsin the data �le.

1. Lab el (Optional; string) A string of integersor charactersusedto designateeach individual
in the sample.

2. PopData (Optional; integer)An integerdesignatinga user-de�nedpopulation from which the
individual wasobtained (for instancethesemight designatethe geographicsamplinglocations
of individuals).

3. PopFlag (Optional; 0 or 1) A Boolean 
ag which indicates whether to use the PopData
whenusing learning samples(seeUSEPOPINFO, below). (Note: A Boolean variable (
ag) is
a variablewhich takesthe valuesTRUE or FALSE, which are designated here by the integers
1 (use PopData) and 0 (don't usePopData), respectively.)

4. Phenot yp e (Optional; integer) An integer designatingthe value of a phenotype of interest,
for each individual. (� (i ) in table.) (The phenotype information is not actually usedin this
program. It is here to permit a smooth interfacewith the program STRAT which is usedfor
association mapping.)

5. Extra Columns (Optional; string) It may be convenient for the user to include additional
data in the input �le which are ignored by the program. Thesego here, and may be strings
of integersor characters.

6. Genot yp e Data (Required; integer) Each alleleat a given locusshouldbe codedby a unique
integer (eg microsatellite repeat score).
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2.4 Missing genot yp e data

Missing data should be indicated by a number that doesn't occur elsewherein the data (often -9
by convention). This number can alsobe usedwherethere is a mixture of haploid and diploid data
(eg X and autosomalloci in males). The missing-datavalue is set along with the other parameters
describingthe characteristicsof the data set.

2.5 Formatting errors.

We have implemented reasonablycareful error checking to make sure that the data set is in the
correct format, and the program will attempt to provide someindication about the nature of any
problems that exist. The front end requiresreturns at the endsof each row, and does not allow
returns within rows; the command-lineversionof structure treats returns in the sameway asspaces
or tabs.

Oneproblemthat canariseis that editing programsusedto assemble the data prior to importing
them into structure can introducehidden formatting characters,often at the endsof lines, or at the
endof the �le. The front endcanremove many of theseautomatically, but this type of problemmay
be responsible for errors when the data �le seemsto be in the right format. If you are importing
data to a UNIX system,the dos2unix function can be helpful for cleaningtheseup.

3 Mo delling decisions for the user

3.1 How long to run the program

The program is started from a random con�guration, and from there takesa seriesof stepsthrough
the parameter space,each of which depends(only) on the parameter valuesat the previous step.
This procedure induces correlations between the state of the Markov chain at di�erent points
during the run. The hope is that by running the simulation for long enough,the correlationswill
be negligible.

There are two issuesto worry about: (1) burnin length: how long to run the simulation before
collecting data to minimize the e�ect of the starting con�guration, and (2) how long to run the
simulation after the burnin to get accurateparameterestimates.

To choosean appropriate burnin length, it is really helpful to look at the valuesof summary
statistics that areprinted out by the program(eg � , F , the divergencedistancesamongpopulations
D i;j , and the likelihood) to seewhether they appear to have converged. Typically a burnin of
10,000|100,000 is more than adequate.

To choosean appropriate run length, you will needto do several runs at each K , possibly of
di�erent lengths,and seewhetheryou get consistent answers. Typically, you canget good estimates
of the parameter values(P and Q) with runs of 10,000{100,000steps,but accurateestimation of
Pr(X jK ) may requirelongerruns. In practiceyour run length may bedeterminedby your computer
speedand patienceasmuch asanything else. If you are dealingwith extremely large data setsand
are frustrated with the run times, you might try trimming both the length of the runs, and the
number of markers/individuals, at least for exploratory analyses.

The front end provides time seriesplots of several key parameters. You should look to see
whether theseappear to reach equilibrium beforethe end of the burnin phase.If the valuesare still
increasingor decreasingat the end of the burnin phase,you needto increasethe burnin length.
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Label Pop Flag Phen ExtraCols Loc 1 Loc 2 Loc 3 .... Loc L

M1 M2 M3 .... ML

r1 r2 r3 .... rL

-1 D1;2 D2;3 .... DL � 1;L

I D (1) g(1) f (1) � (1) y(1)
1 ; :::; y(1)

n x(1;1)
1 x(1;1)

2 x(1;1)
3 .... x(1;1)

L

I D (1) g(1) f (1) � (1) y(1)
1 ; :::; y(1)

n x(1;2)
1 x(1;2)

2 x(1;2)
3 .... x(1;2)

L

p(1)
1 p(1)

2 p(1)
3 .... p(1)

L

I D (2) g(2) f (2) � (2) y(2)
1 ; :::; y(2)

n x(2;1)
1 x(2;1)

2 x(2;1)
3 .... x(2;1)

L

I D (2) g(2) f (2) � (2) y(2)
1 ; :::; y(2)

n x(2;2)
1 x(2;2)

2 x(2;2)
3 .... x(2;2)

L

p(2)
1 p(2)

2 p(2)
3 .... p(2)

L
....

I D (i ) g(i ) f (i ) � (i ) y(i )
1 ; :::; y(i )

n x(i; 1)
1 x(i; 1)

2 x(i; 1)
3 .... x(i; 1)

L

I D (i ) g(i ) f (i ) � (i ) y(i )
1 ; :::; y(i )

n x(i; 2)
1 x(i; 2)

2 x(i; 2)
3 .... x(i; 2)

L

p(3)
1 p(3)

2 p(3)
3 .... p(3)

L
....

I D (N ) g(N ) f (N ) � (N ) y(N )
1 ; :::; y(N )

n x(N ;1)
1 x(N ;1)

2 x(N ;1)
3 .... x(N ;1)

L

I D (N ) g(N ) f (N ) � (N ) y(N )
1 ; :::; y(N )

n x(N ;2)
1 x(N ;2)

2 x(N ;2)
3 .... x(N ;2)

L

p(L )
1 p(L )

2 p(L )
3 .... p(1)

L

Table 2: Format of the data �le, in two-row format. Most of thesecomponents are optional (see
text for details). M l is an identi�er for marker l. r l indicateswhich allele, if any, is recessive at each
marker (dominant genotype data only). D i;i +1 is the distancebetweenmarkers i and i + 1. I D (i ) is
the label for individual i , g(i ) is the geographicorigin of individual i (PopData); f (i ) is a 
ag used
to incorporate learning samples(PopFlag); � (i ) can store a phenotype for individual i ; y(i )

1 ; :::; y(i )
n

are for storing extra data (ignored by the program); (x i; 1
l ; x i; 2

l ) storesthe genotype of individual i
at locus l. p(l )

i is the phaseinformation for marker l in individual i .

If the estimateof � variesgreatly throughout the run (i.e., not just during the burnin), you may
get more accurateestimatesof Pr(X jK ) by increasingALPHAPR OPSD, which improves mixing
in that situation. (Seea related issuein section4).

3.2 Ancestry Mo dels

There are four main models for the ancestry of individuals: (1) no admixture model (individuals
are discretely from one population or another); (2) the admixture model (each individual draws
somefraction of his/her genomefrom each of the K populations; (3) the linkagemodel (like the
admixture model, but linked loci are more likely to comefrom the samepopulation); (4) the prior
information model (allows the user to assignsomeor all individuals to pre-de�ned populations).
SeePritchard et al. (2000a)for more on models1,2, and 4 and Falush et al. (2003a)for model 3.
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1. No admixture model. Each individual comespurely from one of the K populations. The
output reports the posterior probability that individual i is from population k. The prior probability
for each population is 1=K . This model is appropriate for studying fully discretepopulations and
is often more powerful than the admixture model at detecting subtle structure.

2. Admixture model. Individuals may have mixed ancestry. This is modelled by saying that
individual i has inherited somefraction of his/her genomefrom ancestorsin population k. The
output records the posterior mean estimatesof these proportions. Conditional on the ancestry
vector, q(i ) , the origin of each allele is independent.

Werecommendthis model asa starting point for most analyses.It is a reasonably
exible model
for dealing with many of the complexitiesof real populations. Admixture is a commonfeature of
real data, and you probably won't �nd it if you usethe no-admixture model. The admixture model
can alsodeal with hybrid zonesin a natural way.

3. Link age model. This is essentially a generalizationof the admixture model to deal with \ad-
mixture linkagedisequilibrium"{i.e., the correlationsthat arisebetweenlinked markers in recently
admixed populations. Falush et al. (2003a)describesthe model, and computations in more detail.

The basicmodel is that, t generationsin the past, there wasan admixture event that mixed the
K populations. If you consideran individual chromosome,it is composedof a seriesof \chunks" that
are inherited as discreteunits from ancestorsat the time of the admixture. Admixture LD arises
becauselinked allelesare often on the samechunk, and therefore come from the sameancestral
population.

The sizesof the chunks are assumedto be independent exponential random variables with
mean length 1=t (in Morgans). In practice we estimate a \recombination rate" r from the data
that corresponds to the rate of switching from the present chunk to a new chunk.1 Each chunk
in individual i is derived independently from population k with probability q(i )

k , where q(i )
k is the

proportion of that individual's ancestry from population k.
Overall, the new model retains the main elements of the admixture model, but all the alleles

that are on a single chunk have to comefrom the samepopulation. The new MCMC algorithm
integratesover the possiblechunk sizesand break points. It reports the overall ancestry for each
individual, taking account of the linkage,and can also report the probability of origin of each bit
of chromosome,if desiredby the user.

This new model performs better than the original admixture model when using linked loci to
study admixed populations. It achieves more accurate estimatesof the ancestry vector, and can
extract more information from the data. It should be useful for admixture mapping.

Clearly, this model is a big simpli�cation of the complex realities of most real admixed popu-
lations. However, the major e�ect of admixture is to create long-rangecorrelation among linked
markers,and so our aim here is to encapsulatethat feature within a fairly simple model.

The computations are a bit slower than for the admixture model, especially with large K and
unphaseddata. Nonetheless,they are practical for thousandsof sitesand individuals and multiple

1Becauseof the way that this is parameterized, the map distances in the input �le can be in arbitrary units{
e.g., genetic distances,or physical distances(under the assumption that these are roughly proportional to genetic
distances). Then the estimated value of r represents the rate of switching from one chunks to the next, per unit of
whatever distance was assumedin the input �le. E.g., if an admixture event took place ten generationsago, then r
should be estimated as0:1 when the map distancesare measuredin cM (this is 10� 0:01, where0.01is the probabilit y
of recombination per centiMorgan), or as 10� 4 = 10� 10� 5 when the map distancesare measuredin KB (assuming
a constant crossing-over rate of 1cM/MB). The prior for r is log-uniform. The front end tries to make someguesses
about sensibleupper and lower bounds for r , but the user should adjust theseto match the biology of the situation.
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populations. The model can only be usedif there is information about the relative positions of the
markers (usually a geneticmap).

4. Using prior population information. The default mode for structure usesonly genetic
information to learn about population structure. However, there is often other information that
might berelevant to the clustering(e.g.,physicalcharacteristicsof sampledindividuals or geographic
sampling location).

At present, structure can usethis information in two ways. First, the user might �nd that the
pre-de�ned groups(eg sampling locations) correspond almost exactly to structure clusters,except
for a handful of individuals who seemto be misclassi�ed. Pritchard et al. (2000a) developed a
formal Bayesiantest for evaluating whether any individuals in the sampleare immigrants to their
supposedpopulations, or have recent immigrant ancestors.

A secondway that prior information information may be introducedthrough the useof learning
samples:ie., someindividuals are of known origin, and are usedto classifyindividuals of unknown
origin. For exampleBeaumont et al. (2001)wanted to learn about the ancestryof Scottish wildcats
(many of which are hybridized with feral domesticcats). They had geneticdata from a bunch of
pet housecats which werede�ned asbeing in onepopulation, and they inferred Q for the wildcats
(with K = 2). Use of this sort of prior information will normally improve the accuracy of the
inference.

Note that in both settingsthe usershouldalsorun the programwithout population information
to ensurethat the pre-de�ned populations are in rough agreement with the genetic information.

To usetheseoptions you needto set USEPOPINFO to 1, and choosea value of MIGRPRIOR
(which is � in Pritchard et al. (2000a)). You might choosesomethingin the range0.001to 0.1 for � .
Even when using learning samples,it may be sensibleto allow for somemisclassi�cation by setting
MIGRPRIOR larger than 0. Note that this model assumes that the prede�ned populations
are usually correct . It takesquite strong data to overcomethe prior against misclassi�cation.

The pre-de�ned population for each individual is set in the input data �le (seePopData) and
shouldbe an integer between1 and MAXPOPS, inclusive. If PopData for any individual is outside
this range, their q will be updated in the normal way (ie without prior population information,
accordingto the model that would be usedif USEPOPINFO was turned o�. 2). Learning samples
are implemented through the useof the PopFlagcolumnin the data �le. The pre-de�ned population
is used for those individuals for whom PopFlag=1, and it is ignored for individuals for whom
PopFlag=0. If there is no PopFlag column in the data �le, then whenUSEPOPINFO is turned on,
PopFlag is set to 1 for all individuals.

Ordinarily, structure analysesupdate the allele frequencyestimatesusing all available individu-
als. However there are somesettingswhereyou might want to estimateancestryfor someindividu-
als, without thoseindividuals a�ecting the allele frequencyestimates.For exampleyou may have a
standardcollectionof learningsamples,and then periodically you want to estimateancestryfor new
batchesof genotypedindividuals. Usingdefault options, the ancestryestimatesfor individuals would
depend (somewhat)on which batch they are in. By using UPDATEPFROMPOPFLA GONLY you
can ensurethat the allele frequencyestimatesdepend only on samplesfor which PopFlag=1. In a
di�erent setting, Murgia et al. (2006)wanted to determinethe origin of a set of clonal dog tumours.
The tumours were socloselyrelated that using default settings they formed a cluster of their own.

2If the admixture model is used to estimate q for those individuals without prior population information, � is
updated on the basis of those individuals only. If there are very few such individuals, you may need to �x � at a
sensiblevalue.
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By using UPDATEPFROMPOPFLA GONLY, they forced the tumours to group with other canid
clusters.

3.3 Allele frequency mo dels

There are two basicmodelsfor the allele frequencies.Onemodel assumesthat the allele frequencies
in each population are independent draws from a distribution that is speci�ed by a parametercalled
� . That is the original model that usedin Pritchard et al. (2000a). Usually we set � = 1; this is
the default setting.

Falush et al. (2003a) implemented a model with correlated allele frequencies. This says that
frequenciesin the di�erent populationsare likely to be similar (probably due to migration or shared
ancestry). Further details are given below.3

The independent model works well for many data sets. Roughly speaking, this prior says that
we expect allele frequenciesin di�erent populations to be reasonablydi�erent from each other.
The correlatedfrequenciesmodel says that they may actually be quite similar. This often improves
clusteringfor closelyrelatedpopulations,but may increasethe risk of over-estimatingK (seebelow).
If one population is quite divergent from the others, the correlated model can sometimesachieve
better inferenceif that population is removed.

Estimating � : Fixing � = 1 is a good idea for most data, but in somesituations{e.g., SNP data
wheremost minor allelesare rare{smaller valuesmay work better. For this reason,you can get the
programto estimate� for your data. You may want to do this once,perhapsfor K = 1, and then �x
� at the estimatedvaluethereafter, becausethere seemto besomeproblemswith non-identi�abilit y
when trying to estimate too many of the hyperparameters(� , � , F ) at the sametime.

Correlations model: As described by Falushet al. (2003a)the correlatedfrequenciesmodel uses
a (multidimensional) vector, PA , which recordsthe allele frequenciesin a hypothetical \ancestral"
population. It is assumedthat the K populations represented in our sample have each under-
gone independent drift away from theseancestral frequencies,at a rate that is parameterizedby
F1; F2; F3; :::; FK , respectively. The estimatedFk valuesshouldbenumerically similar to FST values,
apart from di�erences that stem from the slightly di�erent model, and di�erences in estimation.
Also, it is di�cult to estimateFk accurately for data with lots of admixture.

PA is assumedto have a Dirichlet prior of the sameform as that usedabove for the population
frequencies:

pAl � � D(� 1; � 2; : : : ; � J l ); (1)

independently for each l. Then the prior for the frequenciesin population k is

pkl � � D(PAl 1
1 � Fk

Fk
; PAl 2

1 � Fk

Fk
; : : : ; PAl J l

1 � Fk

Fk
); (2)

independently for each k and l. In this model, the F s have a closerelationship to the standard
measureof geneticdistance,FST . In the standard parametrization of FST , the expected frequency
in each population is given by overall meanfrequency, and the variancein frequencyacrosssubpop-
ulations of an alleleat overall frequencyp is p(1 � p)FST . The model hereis much the same,except
that we generalizethe model slightly by allowing each population to drift away from the ancestral

3Note that Pritc hard et al. (2000a) also outlined a model of correlated allele frequencies;this was last available
in Version 1.x
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population at a di�erent rate (Fk), as might be expected if populations have di�erent sizes. We
also try to estimate \ancestral frequencies",rather than using the meanfrequencies.

We have placedindependent priors on the Fk , proportional to a gammadistribution with means
of 0.01and standard deviation 0.05(but with Pr[Fk � 1] = 0). The parametersof the gammaprior
can be modi�ed by the user. Someexperimentation suggeststhat the prior mean of 0.01, which
corresponds to very low levels of subdivision, often leads to good performancefor data that are
di�cult for the independent frequenciesmodel. In other problems, where the di�erences among
populations are more marked, it seemsthat the data usually overwhelm this prior on Fk .

Estimating admixture prop ortions when most individuals are admixed. Estimating ad-
mixture proportions can be particularly challenging if there are very few representativ es of the
parental populations. There is an exampleof this for simulated data in Pritchard et al. (2000b).
The data were supposedto approximate a samplefrom an African American population in which
most individuals had somedegreeof European ancestry. For those data, the estimated ancestry
proportions were highly correlatedwith the true (simulated) values,but the actual proportions of
ancestrywere biased. That exampleis also representativ e of our more recent experiencewith real
data.

This occurs becausein the absenceof any non-admixed individuals, there may be somenon-
identi�abilit y where it is possible to push the allele frequenciesfurther apart, and squeezethe
admixture proportions together (or vice-versa), and obtain much the samedegreeof model �t.
Using POPALPHAS=1 (separate � for each population) can help a bit when there is strongly
asymmetric admixture but doesnot solve the basic problem. Therefore, the admixture estimates
in thesesituations should be treated with caution.

4 Estimation of K (the num ber of populations)

In our paper describingthis program, we pointed out that this issueshouldbe treated with carefor
two reasons:(1) it is computationally di�cult to obtain accurateestimatesof Pr(X jK ), and our
method merely provides an ad hoc approximation, and (2) the biological interpretation of K may
not be straightforward.

In our experiencewe �nd that the real di�cult y lies with the secondissue. Our procedure
for estimating K generally works well in data sets with a small number of discrete populations.
However, many real-world data setsdo not conform preciselyto the structure model (e.g., due to
isolation by distanceor inbreeding). In those casesthere may not be a natural answer to what is
the \correct" value of K .

Perhaps for this kind of reason,it is not infrequent that in real data the value of our model
choice criterion continues to increasewith increasingK . Then it usually makessenseto focus on
valuesof K that capture most of the structure in the data and that seembiologically sensible.

4.1 Steps in estimating K

1. (Command-line version) Set COMPUTEPROBS and INFERALPHA to 1 in the �le extra-
params. (Front End version) Make sure that � is allowed to vary.

2. Run the MCMC scheme for di�erent valuesof MAXPOPS (K ). At the end it will output
a line "Estimated Ln Prob of Data". This is the estimate of ln Pr(X jK ). You should run
several independent runs for each K , in order to verify that the estimatesareconsistent across
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runs. If the variabilit y acrossruns for a given K is substantial comparedto the variabilit y
of estimatesobtained for di�erent K , you may need to use longer runs or a longer burnin
period. If ln Pr(X jK ) appears to be bimodal or multimodal, the MCMC scheme may be
�nding di�erent solutions. You can check for this by comparing the Q for di�erent runs at a
single K. (cf Data Set 2A in Pritchard et al. (2000a),and seethe sectionon Multimo dality,
below).

3. Compute posterior probabilities of K . For example,for Data Set 2A in the paper (where K
was 2), we got

K ln Pr(X jK )

1 -4356

2 -3983

3 -3982

4 -3983

5 -4006

We can start by assuminga uniform prior on K = f 1; :::; 5g. Then from Bayes' Rule, Pr(K =
2) is given by

e� 3983

e� 4356 + e� 3983 + e� 3982 + e� 3983 + e� 4006
(3)

It's easierto compute this if we simplify the expressionto

e� 1

e� 374 + e� 1 + e0 + e� 1 + e� 24
= 0:21 (4)

4.2 Mild departures from the mo del can lead to overestimating K

When there is real population structure, this leadsto LD amongunlinked loci and departuresfrom
Hardy-Weinberg proportions. Roughly speaking, this is the signal that is used by the structure
algorithm. But somedeparturesfrom the model can also lead to Hardy-Weinberg or linkagedis-
equilibrium. Theseinclude inbreeding,and genotyping errors such as occasional,undetected,null
alleles. Even in the absenceof population structure, these types of factors can lead to a weak
statistical signal for K > 1.

Beginning in Version2, we have suggestedthat the correlatedallele frequencymodel should be
usedas a default becauseit often achieves better performanceon di�cult problems,but the user
should be aware that this may make it easierto overestimateK in such settings than under the
independent frequenciesmodel Falush et al. (2003a).

The next subsectiondiscusseshow to decidewhether inferred structure is real.

4.3 Informal poin ters for choosing K ; is the structure real?

There are a coupleof informal pointers which might be helpful in selectingK . The �rst is that it's
often the situation that Pr(K ) is very small for K lessthan the appropiate value (e�ectiv ely zero),
and then more-or-lessplateausfor larger K , as in the exampleof Data Set 2A shown above. In this
sort of situation whereseveral valuesof K give similar estimatesof log Pr(X jK ), it seemsthat the
smallestof theseis often \correct".

13



It is a bit di�cult to provide a �rm rule for what we mean by a \more-or-lessplateaus". For
small data sets,this might meanthat the valuesof log Pr(X jK ) are within 5-10,but Daniel Falush
writes that \in very big datasets,the di�erence betweenK = 3 and K = 4 may be 50, but if the
di�erence betweenK = 3 and K = 2 is 5,000,then I would de�nitely chooseK = 3." Readerswho
want to usea more formal criterion that takes this into account may be interested in the method
of Evanno et al. (2005).

We think that a sensibleway to think about this is in terms of model choice. That is, we may
not always be able to know the TRUE value of K , but we should aim for the smallestvalue of K
that capturesthe major structure in the data.

The secondpointer is that if there really are separatepopulations, there is typically a lot of
information about the valueof � , and oncethe Markov chain converges,� will normally settle down
to be relatively constant (often with a rangeof perhaps0.2 or less). However, if there isn't any real
structure, � will usually vary greatly during the courseof the run.

A corrollary of this is that when there is no population structure, you will typically seethat
the proportion of the sampleassignedto each population is roughly symmetric (� 1=K in each
population), and most individuals will be fairly admixed. If someindividuals are strongly assigned
to one population or another, and if the proportions assignedto each group are asymmetric, then
this is a strong indication that you have real population structure.

Suppose that you have a situation with two clear populations, but you are trying to decide
whether one of theseis further subdivided (ie, the value of Pr(X jK = 3) is similar to, or perhaps
a little larger than P(X jK = 2)). Then one thing you could try is to run structure using only
the individuals in the population that you suspect might be subdivided, and seewhether there is a
strong signal asdescribed above.

In summary, you should be skeptical about population structure inferred on the basisof small
di�erences in Pr(K ) if (1) there is no clear biological interpretation for the assignments, and (2)
the assignments are roughly symmetric to all populations and no individuals are strongly assigned.

4.4 Isolation by distance data

Isolation by distance refers to the idea that individuals may be spatially distributed acrosssome
region, with local dispersal. In this situation, allele frequenciesvary gradually acrossthe region.
The underlying structure model is not well suited to data from this kind of scenario. When this
occurs,the inferred valueof K , and the corresponding allele frequenciesin each group canbe rather
arbitrary. Depending on the sampling scheme, most individuals may have mixed membership in
multiple groups. That is, the algorithm will attempt to model the allelefrequenciesacrossthe region
using weighted averagesof K distinct components. In such situations, interpreting the results may
be challenging.

4.5 When FST is signi�can t, but structure �nds no structure

We occasionallyget the following sort of question: \I have genotype data for individuals sampled
from n locations. Tests of allele frequencydi�erences indicate small but signi�cant FST between
at least somelocations. However structure doesnot �nd any di�erences. How do I interpret these
results?"

When the prede�ned populationscorrespond closelyto geneticpopulations, testing for frequency
di�erencesbetweenprede�ned groupscanbemorepowerful than applying structure. This is because
the basicstructuremodelsaim to solvea much harderstatistical problem, i.e., identifying population
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clusters without being told the likely subgroupsin advance. For this reasonthere is a part of
parameterspacewherethere is not quite enoughdata for structure to get the \righ t" answer, even
though a test of FST using the prede�ned labels detectspopulation di�erentiation.

5 Missing data, null alleles... and other problems

The program ignoresmissing genotype data when updating Q and P. This approach is correct
when the probability of having missingdata at a particular locus is independent of what allele the
individual hasthere. While estimatesof Q for individuals with missingdata are lessaccurate,there
is no particular reasonto excludesuch individuals from the analysis,unlessthey have very little
data at all.

A seriousproblem ariseswhen data are missing in a systematic manner, as with null alleles.
Thesedo not �t the assumedmodel, and can lead to apparent departures from Hardy-Weinberg
even without population structure. One would not expect the assumedmodel to be robust to this
sort of violation. However the dominant markersmodel (below) can be usedif null allelesmight be
an important problem.

Having multiple family members in the samplealso violates the model assumptions. This can
sometimesleadto overestimationof K , especially for the correlatedfrequenciesmodel (Falushet al.,
2003a),but there is little e�ect on the assignment of individuals to populations for �xed K .

5.1 Dominan t mark ers, null alleles, and polyploid genot yp es

For sometypesof geneticmarkers,such asAFLPs, it is not possibleto distinguish all the genotypes.
Other typesof markers may result in ambigous genotypes if somefraction of the allelesare 'null'
becausethe PCR product fails to amplify due to nearby sequencevariation. Starting with Ver-
sion 2.2 we implement a model that dealswith the genotypic ambiguity associated with dominant
markers.

In brief, we assumethat at any particular locus there may be a singleallele that is recessive to
all other alleles(eg A), while all other markersare codominant. HenceAB and BB would appear in
the raw genotype data asa \phenotype" B, AC and CC would be recordedasC, while BC would be
recordedasBC. When there is ambiguity, the model sumsover the possiblegenotypes. Full details
are given in Falush et al. (2007).

In order to perform these computations the algorithm must be told which allele (if any) is
recessive at each locus. This is done by setting RECESSIVEALLELES=1, and including a single
row of L integersat the top of the input �le, betweenthe (optional) lines for marker namesand map
distances,that indicate the recessive allele at each of the L loci in the data set. If at a given locus
all the markersare codominant then the recessive value at that locusmust be set to the MISSING
data value. Conversely if the recessive allele is never observed in homozygousstate but you think
it might be present (e.g. there might be null alleles)then set the recessive value to an allele that is
not observed at that locus (but not MISSING!).

Coding the genotype data: If the phenotype is unambiguous, then it is coded in the structure
input �le as it is. If it is ambiguousthen it is coded ashomozygousfor the dominant allele(s). For
example,phenotype A is coded AA, B is coded BB, BC is coded BC, etc. If the marker is haploid
in an otherwisediploid individual (eg for the X chromosomein a male), then the secondallele is
coded as MISSING as before. The genotypes AB, AC, etc are illegal in the input �le when A is
recessive.
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When RECESSIVEALLELES is used to deal with null alleles, genotypes that appear to be
homozygotenull should be entered ashomozygotesfor the recessive allele and not asmissingdata.
In practice it may be uncertain whether a failed genotype is really due to homozygousnull alleles.
structure should be robust to thesebeing coded asmissingunlessnull allelesare at high frequency
at a locus.

In polyploids (PLOID Y> 2) the situation is more complicatedbecausethere may be genotypic
ambiguity even for codominant markers. It is often di�cult to call the exact genotypesin heterozy-
gotes. For examplethe phenotype AB in a triploid might be AAB or ABB. If structure is run with
RECESSIVEALLELES=0 then it is assumedthat there is no ambiguity.

For polyploids,whenRECESSIVEALLELES=1, structureallowsthe data to consistof a mixture
of loci for which there is, and isn't genotypic ambiguity. If someloci are not ambiguous then set
the code NOTAMBIGUOUS to an integer that doesnot match any of the allelesin the data, and
that does not equal MISSING. Then in the recessive alleles line at the top of the input �le put
the NOTAMBIGUOUS code for the unambiguous loci. If instead, at a particular locus the alleles
are all codominant, but there is ambiguity about the number of each (eg for microsatellites in a
tetraploid) then set the recessive allele code to MISSING. Finally, if there is a recessive allele, and
there is alsoambiguity about the number of each allele, then set the recessive allelecode to indicate
which allele is recessive.

Estimation of Pr(K ): When RECESSIVEALLELES is usedfor diploids, the likelihood at each
step of the Markov chain is calculatedby summingover the possiblegenotypes. For easeof coding,
wheneither PLOIDY> 2 or the linkagemodel is used,wecondition on the current imputed genotype.
This decreasesthe likelihood and seemsto greatly in
ate the variance of the likelihood. Limited
experienceindicates that this leadsto poor performancefor estimating K in the latter cases,and
you should considersuch estimatesof K to be unreliable.

5.2 Sequence data, tigh tly link ed SNPs and haplot yp e data

The structure model assumesthat loci are independent within populations (i.e., not in LD within
populations). This assumption is likely to be violated for sequencedata, or data from non-
recombining regionssuch as Y chromosomeor mtDNA.

If you have sequencedata or denseSNP data from multiple independent regions,then structure
may actually perform reasonablywell despite the data not completely �tting the model. Roughly
speaking, this will happen provided that there is enough independenceacrossregions that LD
within regionsdoesnot dominate the data. When there are enoughindependent regions,the main
cost of the dependencewithin regionswill be that structure underestimatesthe uncertainty in the
assignment of particular individuals.

For example, Falush et al. (2003b) applied structure to MLST (multi locus sequence)data
from H. pylori to learn about the population structure and migration history of H. pylori. In
that case, there is enough recombination within regions that the signal of population structure
dominatesbackground LD. (For more on MLST data, seealso Section 10.) In an application to
humans,Conrad et al. (2006) found that 3000SNPsfrom 36 linked regionsproducedsensible(but
noisy) answers in a worldwide sampleof humansthat largely agreedwith previousresultsbasedon
microsatellites[seetheir Supplementary Methods Figure SM2].

However, if the data are dominated by one or a few non- or low-recombining regions, then
structure could be seriouslymisled. For example,if the data consistedof Y chromosomedata only,
then the estimated structure would presumably re
ect somethingabout the Y chromosometree,
and not population structure per se. The impact of using such data is likely to be that (1) the
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algorithm underestimatesthe degreeof uncertainty in ancestryestimates,and in the worst case,may
be biasedor inaccurate; (2) estimation of K is unlikely to perform well. If you have Y or mtDNA
data plus a number of nuclear markers, a safeand valid solution is to recode the haplotypesfrom
each linked region so that haplotypesare represented as a single locus with n alleles. If there are
very many haplotypes,onecould group related haplotypestogether.

Note that the linkagemodel is not necessarilyany better than the (no)-admixture models for
dealingwith theseproblems. The linkagemodel is not designedto dealwith background LD within
populations, and is likely to be similarly confused.

5.3 Multimo dalit y

The structure algorithm starts at a random place in parameterspace,and then convergestowards
a mode of the parameterspace.(In this context, a mode can be thought of, looselyspeaking,as a
clustering solution that hashigh posterior probability.) When prior labelsare not used,there is no
inherent meaning in the numbering of the K clusters,and so there are K ! symmetric modesthat
correspond to permuting the cluster labels. In theory, structure might switch amongthesemodes,
but this doesnot normally occur for real data sets (Pritc hard et al., 2000a). For preparing plots
for publication, Noah Rosenberg's lab has a helpful program, CLUMPP, that lines up the cluster
labelsacrossdi�erent runs prior to data plotting (Section10).

In addition to these symmetric modes, some data sets may have additional non-symmetric
modes. The current implementation of structure doesnot normally crossbetweenthesein runs of
realistic length. This meansthat di�erent runs can produce substantially di�erent answers, and
longer runs will probably not �x this.

This is mainly an issuefor very complexdata sets,with largevaluesof K , K > 5 or K > 10, say
(but seethe exampleof Data Set 2A in Pritchard et al. (2000a)). You can examinethe results for
Q to get an idea of whether this seemsto be happening. A careful analysisof this type of situation
was presented by Rosenberg et al. (2001), for a data set wherethe estimatedK was around 19.

6 Running structure from the command line

There are a number of program parametersthat are set by the user. Theseare in two �les (main-
params and extraparams), which are read every time the program executes.mainparams speci�es
the input format for the data �le and the most basicrun parameters.extraparamsspeci�es a wider
variety of program options. You will needto set all the valuesin mainparams, while the default val-
uesin extraparamsare probably ok to begin with. Note that the default model assumesadmixture,
and doesnot make useof the user-de�ned PopData.

Each parameter is printed in all-capsin oneof thesetwo �les, precededby the word \#de�ne".
(They arealsoprinted in all-capsthroughout this document.) The valueis set immediately following
the nameof the parameter (eg \#de�ne NUMREPS 1000" setsthe number of MCMC repetitions
to 1000).

Following each parameter de�nition, there is a brief comment (marked \//"), describing the
parameter. This includesan indication of what sort of value is expected. Theseinclude: \(str)",
for string (used for the namesof the input and output �les); \(in t)", for integer; \(d)", for double
(i.e., a real number such as 3.14); and \(B)", for Boolean (i.e., the parameter takesvaluesTRUE
or FALSE by setting this to 1 or 0, respectively).

The program is insensitive to the order of the parameters,so you can re-arrangethem or add
comments, etc. The values of all parametersused for a given run are printed at the end of the
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output �le.

6.1 Command-line changes to parameter values

In order to simplify batch runs and make it easierto run simulations involving structure, we have
addedcommand-line
ags that update the valuesof certain parameters,over-riding the valuesset
in mainparams. Theseare as follows:

-m (mainparams) Reada di�erent parameter input �le instead of mainparams.

-e (extraparams) Reada di�erent parameter input �le instead of extraparams.

-s (stratparams) Reada di�erent parameter input �le insteadof stratparams. (For usewith the
accompanying program, STRAT, for association mapping.)

-K (MAXPOPS) Changethe number of populations.

-L (NUMLOCI) Changethe number of loci.

-N (NUMINDS) Changethe number of individuals.

-i (input �le) Readdata from a di�erent input �le.

-o (output �le) Print results to a di�erent output �le.

Thus, to over-ride one of the preset parameter values, we invoke structure and then use the
relevant 
ag, followed by the new parameter value. The 
ag and new value are separatedby a
space.The 
ags can be usedin any order.

For example,to changethe number of assumedpopulations to 5, and direct the output to a �le
called output5, we could call structure as follows:

./structure -K 5 -o output5

7 Program parameters

In this sectionwe list all of the parametersthat canbe set by the user. Theseareorderedaccording
to the parameter �les that are usedin the command-lineversionof structure.

7.1 Parameters in �le mainparams.

The user will need to set all of these parametersbefore running the program. Several of these
parameters (LABEL, POPDATA, POPFLAG, PHENOTYPE, EXTRA COLS) indicate whether
particular typesof data are present in the input �le; theseare described in Section2.

Basic Program Parameters.

MAXPOPS (int) Number of populationsassumedfor a particular run of the program. Pritchard
et al. (2000a)call this K . Sometimes(dependingon the nature of the data) there is a natural
value of K that can be used,otherwiseK can be estimated by checking the �t of the model
at di�erent valuesof K (seeSection4).
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BURNIN (int) Length of burnin period beforethe start of data collection. (SeeSection3.1.)

NUMREPS (int) Number of MCMC repsafter burnin. (SeeSection3.1.)

Input/Output �les.

INFILE (string) Name of input data �le. Max length 30 characters (or possibly lessdepending
on operating system).

OUTFILE (string) Name for program output �les (the su�xes \ 1", \ 2", ...,\ m" (for inter-
mediate results) and \ f" (�nal results) are added to this name). Existing �les with these
nameswill be overwritten. Max length of name30 characters(or possibly lessdepending on
operating system).

Data �le format.

NUMINDS (int) Number of individuals in data �le.

NUMLOCI (int) Number of loci in data �le.

PLOID Y (int) Ploidy of the organism. Default is 2 (diploid).

MISSING (int) Value given to missinggenotype data. Must be an integer, and must not appear
elsewherein the data set. Default is -9.

ONER OWPERIND (Boolean) The data for each individual are arrangedin a singlerow. E.g.,
for diploid data, this would meanthat the two allelesfor each locus are in consecutive order
in the samerow, rather than being arranged in the samecolumn, in two consecutive rows.
Seesection2 for details about input formats.

LABEL (Boolean) Input �le contains labels (names)for each individual. 1 = Yes;0 = No.

POPD ATA (Boolean) Input �le contains a user-de�nedpopulation-of-origin for each individual.
1 = Yes;0 = No.

POPFLA G (Boolean)Input �le contains an indicator variable which says whether to usepopinfo
when USEPOPINFO==1 (seebelow). 1 = Yes;0 = No.

PHENOTYPE (Boolean) Input �le contains a column of phenotype information. 1 = Yes;0 =
No.

EXTRA COLS (int) Number of additional columnsof data after the Phenotype beforethe geno-
type data start. Theseare ignored by the program. 0 = no extra columns.

MARKERNAMES (Boolean) The top row of the data �le contains a list of L namescorre-
sponding to the markers used.

RECESSIVEALLELES (Boolean) Next row of data �le contains a list of L integersindicating
which allelesare recessive at each locus. Setting this to 1 implies that the dominant marker
model is in use.

MAPDIST ANCES (Boolean)The next row of the data �le (or the �rst row if GENENAMES==0)
contains a list of mapdistancesbetweenneighboring loci.

19



Adv anced data �le options.

PHASED (Boolean) For use with linkage model. Indicates that data are in correct phase. If
(LINKA GE=1, PHASED=0), then PHASEINFO can be used{this is an extra line in the
input �le that gives phaseprobabilities. When PHASEINFO =0 each value is set to 0.5,
implying no phaseinformation. When the linkagemodel is usedwith polyploids, PHASED=1
is required.

PHASEINF O (Boolean)The row(s) of genotype data for each individual are followedby a row of
information about haplotype phase.This is for usewith the linkagemodel only. Seesections
2 and 3.2 for further details.

MARK OVPHASE (Boolean) The phaseinformation follows a Markov model. Seesections2.2
and 9.6 for details.

NOT AMBIGUOUS (int) For usewith polyploids whenRECESSIVEALLELES=1. De�nes the
code indicating that genotype data at a marker are unambiguous. Must not match MISSING
or any allele value in the data.

7.2 Parameters in �le extraparams.

Theseoptions allow the user to re�ne the model in various ways, and do more involved analyses.
The default valuesare probably �ne to begin with. For Booleanoptions, type 1 for \Y es", or \Use
this option"; 0 for \No" or \Don't usethis option".

Program options.

NO ADMIX (Boolean) Assumethe model without admixture (Pritc hard et al., 2000a). (Each
individual is assumedto becompletelyfrom oneof the K populations.) In the output, instead
of printing the averagevalue of Q as in the admixture case,the program prints the posterior
probability that each individual is from each population. 1 = no admixture; 0 = model with
admixture.

LINKA GE (Boolean) Usethe linkagemodel. Seesection3.2. RLOG10ST AR T setsthe initial
value of recombination rate r per unit distance. RLOG10MIN and RLOG10MAX set
the minimum and maximum allowed valuesfor log10r. RLOG10PROPSD setsthe sizeof the
proposedchangesto log10r in each update. The front end makessomeguessesabout these,
but somecare on the part of the user in required to be sure that the valuesare sensiblefor
the particular application.

USEPOPINF O (Boolean) Use prior population information to assist clustering. Seealso MI-
GRPRIOR and GENSBACK. Must have POPDATA=1.

FREQSCORR (double) Usethe \F model", in which the allele frequenciesare correlatedacross
populations (Falush et al., 2003a). More speci�cally, rather than assuminga prior in which
the allele frequenciesin each population are independent draws from a uniform Dirichlet dis-
tribution, we start with a distribution which is centered around the meanallele frequenciesin
the sample.This model is morerealistic for very closelyrelated populations (wherewe expect
the allele frequenciesto be similar acrosspopulations), and can produce better clustering
(section3.3). The prior of Fk is set using FPRIORMEAN, and FPRIORSD. There may be a
tendencyto overestimateK when FREQSCORR is turned on.
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ONEFST (Boolean) Assume the samevalue of Fk for all populations (analogousto Wright's
traditional FST ). This is not recommendedfor most data, becausein practice you probably
expect di�erent levels of divergencein each population. When K = 2 it may sometimesbe
di�cult to estimate two valuesof FST separately(but seeHarter et al. (2004)). When you're
trying to estimate K , you should usethe samemodel for all K (we suggestONEFST=0).

INFERALPHA (Boolean) Infer the value of the model parameter � from the data; otherwise
� is �xed at the value ALPHA which is chosenby the user. This option is ignored under
the NOADMIX model. (The prior for the ancestry vector Q is Dirichlet with parameters
(� ; � ; :::; � ). Small � implies that most individuals are essentially from one population or
another, while alpha > 1 implies that most individuals are admixed.)

POP ALPHAS (Boolean)Infer a separate� for each population. Not recommendedin most cases
but may be useful for situations with asymmetric admixture.

ALPHA (double) Dirichlet parameter (� ) for degreeof admixture (this is the initial value if
INFERALPHA==1).

INFERLAMBD A (Boolean) Infer a suitable value for � . Not recommendedfor most analyses.

POPSPECIFICLAMBD A (Boolean) Infer a separate� for each population.

LAMBD A (double) parameterizesthe allele frequencyprior, and for most data the default value
of 1 seemsto work pretty well. If the frequenciesat most markers are very skewed towards
low/high frequencies,a smaller value of � may potentially lead to better performance. It
doesn't seemto work very well to estimate � at the sametime as the other hyperparameters,
� and F .

Priors.
Thesevaluesare usedto parametrizethe assumedprobability models. In most casesthe default

settings should be fairly sensibleand you may not want to worry about these.

FPRIORMEAN, FPRIORSD (double) SeeFREQSCORR. The prior for Fk is taken to be
Gammawith meanFPRIORMEAN, and standarddeviation FPRIORSD. Our default settings
placea lot of weight on small valuesof F . We �nd that this makesthe algorithm sensitive to
subtle structure, but at someincreasedrisk of overestimating K (Falush et al., 2003a).

UNIFPRIORALPHA (Boolean),ALPHAMAX (double) Assumea uniform prior for � which
runs between0 and ALPHAMAX. This model seemsto work �ne; the alternativemodel (when
UNIFPRIORALPHA=0) is to take � as having a Gamma prior, with mean ALPHAPRI-
ORA � ALPHAPRIORB , and varianceALPHAPRIORA � ALPHAPRIORB 2.

LOG10RMIN, LOG10RMAX, LOG10PR OPSD, LOG10RST AR T (double) When the
linkage model is used, the switch rate r is taken to have a uniform prior on a log scale,
betweenLOG10RMIN and LOG10RMAX. Thesevaluesneedto be set by the user to make
sensein terms of the scaleof map units being used.

Using prior population information.
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GENSBA CK (int) This correspondsto G (Pritc hard et al., 2000a).When usingprior population
information for individuals (USEPOPINFO=1), the programtestswhethereach individual has
an immigrant ancestorin the last G generations,whereG = 0 corresponds to the individual
beingan immigrant itself. In order to have decent power, G shouldbe set fairly small (2, say)
unlessthe data are highly informative.

MIGRPRIOR (double) Must be in [0,1]. This is � in Pritchard et al. (2000a). Sensiblevalues
might be in the range0.001|0.1.

PFR OMPOPFLA GONL Y (Boolean) This option, new with version 2.0, makes it possibleto
update the allele frequencies,P, using only a prespeci�ed subsetof the individuals. To use
this, include a POPFLAG column, and set POPFLAG=1 for individuals who should be used
to update P, and POPFLAG=0 for individuals who should not be usedto update P. This
can be usedboth with, or without USEPOPINFO turned on.

This option will beuseful,for example,if you have a standardreferencesetof individuals from
known populations,and then you want to estimatethe ancestryof someunknown individuals.
Using this option, the q estimate for each unknown individual dependsonly on the reference
set, and not on the other unknown individuals in the sample. This property is sometimes
desirable.

Output options

PRINTNET (Boolean) Print the \net nucleotide distance" between clusters. This distance
betweenpopulations A and B, DAB , is calculatedas

DA;B =
1
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where p̂(l )
x;j is the estimated allele frequencyof allele j at locus l in population x, L is the

number of loci, J l the number of allelesat locus l and where
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In words, the net nucleotidedistanceis the averageprobability that a pair of alleles,oneeach
from populations A and B are di�erent, lessthe averagewithin-p opulation heterozygosities.
Perhaps more intuitiv ely, this can be thought of as being the averageamount of pairwise
di�erence betweenallelesfrom di�er ent populations, beyond the amount of variation found
within each population. The distancehas the appropriate property that similar populations
have distancesnear 0, and in particular, DAA = 0. Notice that the distanceis symmetric, so
that DAB = DBA . This distanceis suitable for drawing treesof populations to help visualize
the levels of di�erence amongthe clusters(Falush et al., 2003b).

PRINTKLD (Boolean) [Deprecated] Print the \Kullbac k-Leibler" divergence\D" between
clusters. Theseestimatescan be unstable due to alleles that are rare in somepopulations.
This option is being phased out and it currently prints net nucleotidedistanceswhenthis
option is called.
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PRINTLAMBD A (Boolean) Print current value of � to screen.

PRINTQSUM (Boolean)Print summaryof current Q estimatesto screen;this prints an average
for each value of PopData.

SITEBYSITE (Boolean)(Linkagemodel) Print a completesummaryof assignment probabilities
for every genotype in the data. This is printed to a separate�le with the su�x \ss". This �le
can be big!

PRINTQHA T (Boolean) When this is turned on, the point estimate for Q is not only printed
into the main results �le, but also into a separate�le with su�x \q". This �le is required in
order to run the companionprogram STRAT.

UPD ATEFREQ (int) Frequencyof printing updatesto the screen.Set automatically if this =0.

PRINTLIKES (Boolean)Print the current valueof the likelihood to the screenin every iteration.

INTERMEDSA VE (int) If you're impatient to seepreliminary results before the end of the
run, you can have results printed to �le at intervals during the MCMC run. A total of
INTERMEDSAVE such �les are printed, at equal intervals following the completion of the
BURNIN. Turn this o� by setting to 0. Namesof these�les createdusing OUTFILE name.

ECHOD ATA (Boolean) Print a brief summary of the data set to the screenand output �le.
(Prints the beginningsand endsof the top and bottom lines of the input �le to allow the user
to check that it hasbeenread correctly.)

ANCESTDIST (Boolean) Collect information about the distribution of Q for each individual,
as well as just estimating the mean. When this is turned on, the output �le includes the
left- and right-hand ends of the probability intervals for each q(i ). (A probability interval
is the Bayesiananalogof a con�dence interval.) The valuesprinted show the middle 100p%
of the probability interval, where p is a number in the range 0.0 to 1.0 and is set using
ANCESTPINT . The distribution of Q is estimatedby recordingthe number of hits in each
of a number of boxesbetween0 and 1, to form a sort of histogram. The width of theseboxes,
which are of equalsize,is set using NUMBO XES .

Miscellaneous

COMPUTEPR OB (Boolean) Print the log-likelihood of the data at each update, and estimate
the probability of the data given K and the model (seesection4). This is usedin estimating
K , and is alsoa usefuldiagnosticfor whether the burnin is long enough.The main reasonfor
turning this o� would be to speedup the program (� 10{15%).

ADMBURNIN (int) (For usewhen RECOMBINE=1.) When using the linkagemodel, a short
burnin with the admixture model (say 500 iterations) is strongly recommendedin most cir-
cumstances.Without such a burnin, the linkagemodel often producespeculiar results.

Set ADMBURNIN < BURNIN . We have dropped a related parameter (NOADMBURNIN)
that was in Version1.
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ALPHAPR OPSD (double) The Metropolis-Hastingsupdate step for � involvespicking a value
� 0 from a Normal with mean � and standard deviation ALPHAPR OPSD> 0. The value of
ALPHAPR OPSD does not a�ect the asymptotic behaviour of the Markov chain, but may
have a substantial impact on the rate of convergence. If there is a lot of information about
� , small valuesof ALPHAPR OPSD are preferableto obtain a reasonableacceptancerate. If
there's not much information about � , larger valuesproducebetter mixing.

STAR TATPOPINF O (Boolean) Use given populations as the initial condition for population
origins. (Need POPDATA==1). This option provides a check that the Markov chain is
converging properly in caseswhere you expected the inferred structure to match the input
labels, and it did not. This option assumesthat the PopData in the input �le are between
1 and k wherek � MAXPOPS. Individuals for whom the PopData are not in this rangeare
initialized at random.

RANDOMIZE (Boolean) Usea di�erent random number seedfor each run (this is taken from
the systemclock).

METR OFREQ (int) Frequency of using a Metropolis-Hastings step to update Q under the
admixture model. When this is used,a newproposalq(i ) 0 is chosenfor each q(i ) . This proposal
is sampledfrom the prior (ie q(i ) 0 � D(� ; � ; :::; � )). The rationale for having this update is
that it may improve mixing when alpha is quite small, by making it easierfor individuals to
jump betweenpopulations. The Metropolis-Hastingsmove is usedonceevery METROFREQ
iterations. If METROFREQ is set to 0, it is never used.

REPOR THITRA TE (Boolean)Report acceptancerate of Metropolis update for q(i ) (seeMETRO-
FREQ).

8 Fron t End

This section provides somegeneral instructions, and a bit of advice about using the front end.
Generaltopics are discussedabove, and you can get somemore detailed information about someof
the various parameteroptions by looking in section6.

8.1 Download and installation.

First, download the appropriate program �le from the web page. There are separateversionsfor
di�erent platforms (at present Windows, Sun, Linux and Mac OS X).

The Windows �le is an executableinstallation �le. Double click on the icon to start the instal-
lation. You will be guided through the installation. Run the program by double clicking on the
structure icon.

On a Unix or Mac system,put the �le into a temporary directory. Then, unzip the �le (\gzip -dc
< �lename> j tar xvf - "), where< �lename> is the nameof the downloaded�le. Run the installation
script by typing \./install". Upon successfulinstallation, a structure startup script will be created,
this script canalsobe moved into a standard directory for programs,e.g.,/usr/lo cal/bin/. To start
the front end, simply executethis startup script.

Except for Windo ws OS, we no longer distribute the Java Virtual Mac hine with
the structure package (starting from structure Version2.2). A Java Runtime Environment (JRE
Version > 1:5:0) by Sun Microsystem is required before structure installation. The compatible
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Figure 1: Example showing the components of a project. Project Data is the data �le; Project
Information speci�es data �le format. Simulation Summary provides a summary of all MCMC
simulations run aspart of this project. ParameterSetsconsistsof three groupsof MCMC runs that
useddi�erent parametersettings: ps1,ps2,and ps3; each of theseshows the Settings, as well as a
list of results for completedMCMC runs with theseparametervalues. The usercan click on any of
theseto seedetails.

JRE for variousoperating systemscan be downloadedfree from http://www.java.com/dow nloa d.
Installation instructions for the JRE can be found on that website.

8.2 Overview.

The front end organizesdata analysis into \pro jects". Each project is connectedto a single data
�le. When creating a project, the useralsoprovides information that specify how to read the data
�le (number of loci, number of individuals, etc). Theseare characteristicsof the data �le, and are
always the samewithin this project.

Each project also contains one or more \parameter sets". Theseallow the user to specify the
details of the MCMC runs, including the number of repetitions, burnin length, etc, as well as
specifying the model of analysis (e.g., whether to allow admixture, models of allele frequencies,
etc). The user can then run the Markov chain at chosenvaluesof K , for a given parameter set.
Figure 1 shows an exampleof the components of a project called \p opdata".

The program can then be run, using these parameter values. The front end stores various
summariesof the results, including a number of graphical plots, described below.

8.3 Building a pro ject.

First you needto construct an input �le. This is described in Section2.
Now, click on File! New Project. This opensup a wizard to import the data (Figure 2). The

data are copiedfrom the speci�ed input �le into the work directory chosenfor the project.
The wizard consistsof four frames:

1. Specify the project directory, project name,and input data �le. (Figure 2.)
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Figure 2: Importing the data (step 1). The userspeci�es the directory for the project (data, here),
the nameof the project directory (sampleproject; this is a directory within data), and the data �le
to be read by the program sampledata.

2. Specify the basic characteristics of the data �le (number of individuals, ploidy of the data
(enter '2' for diploid organisms),number of loci, and the value that is usedto indicate missing
data. Click on \Show data �le format" to get a summary of the lengths and number of lines
in the data �le. (Figure 3.)

3. (Rows) Specify which, if any, of the optional extra row data are present: row of marker
names;row of inter-marker distances;and a row of phasedata after each individual. Also tick
the \single line" box if data for each individual are stored in a single row, instead of in the
standard format of two rows per individual.

4. (Columns) Specify which of the optional column data are there: Individual ID (LABEL);
Population of origin (POPDATA); USEPOPINFO 
ag{ 
ag that says to usethe POPDATA
information for certain individuals when using the prior population information model; phe-
notype data (for use in association mapping (Pritc hard et al., 2000b)); other extra columns
of data prior to the genotype data that should be ignored by structure.

When you've �nished thesesteps,you'll get a summary of the data format; if this lookscorrect,
click on 'proceed'. The program will now attempt to load the data �le and createthe new project
(Figure 4).

8.4 Con�guring a parameter set.

Onceyou've successfullyloadeda data �le, you are ready to start running structure. You will create
oneor more \parameter sets"; theserepresent a whole list of choicesthat you make about how to
analyzethe data. We have entered a seriesof default settings, and theseare good place to start.
You will probably want to run structure multiple times for each parameter set, at di�erent values
of K , and the front end is set up to facilitate this.

Go to the pull-down menu under Parameter Set. You can createa new parameter set, modify
an existing one,or deleteone. Click on \New". You now seea dialoguebox with four tabs (Figure
5). Click on each of these:
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Figure 3: Importing the data (step 2)|Sp ecifying the characteristicsof the data �le. In this, and
the next two framesof the wizard (not shown), the userspeci�es the characteristicsof the data �le
(number of loci, number of individuals, type of data, etc).

Figure 4: Upon successfullyimporting the data, the front end loads the data �le and createsthe
new project.

Run Length. Seesection3.1 for discussionof this. Note that the front end provides time series
plots of somekey parametersto help you assesswhether the run length seemsto be su�cien t.

Ancestry Mo del. Seesection AncestryModels. The admixture model is a good place to start
for most data sets. The linkagemodel will be disabledunlessyou entered linkageinformation
about the markers. Section6 providessomeextra details about someof the detailed options,
including GENSBACK and MIGRPRIOR under the \Use Population Information" option.
Note that the linkagemodel is relatively computationally intensive.

Allele Frequency Mo del. Seesection 3.3. We recommendapplying both the correlated fre-
quenciesmodel and the independent frequenciesmodel. The correlatedfrequenciesmodel has
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Figure 5: Specifying a new parameterset: setting the run length.

better power to detect subtle population structure, but the posterior probabilities for K may
be biasedupwards somewhat.The correlated frequenciesmodel is parameterizedin terms of
FST , with a separateparameter for each population (details in section 7.2). Inferring � is
probably not necessaryduring initial investigation.

Adv anced. Turning o� the function that computes the posterior probabilities (for estimating
K ) speedsthe program up signi�cantly. You can also get the program to output posterior
credibleregionsfor the ancestryof each individual (seeANCESTDIST, section7.2). \Initialize
at POPINFO" is described in more detail under STARTATPOPINF O, section7.2.

8.5 Running simulations.

Now that you have a parameter set, you can start the program running by going to [Parameter
Set]! [Run]. You'll be asked to set the number of populations (K ). You can also stop simulations
in the sameplace([ParameterSet]! [Stop]).

Text data will be printed to the consoleat the bottom of the screen(Figure 6). You can also
view real-time time-seriesplots of various key summary statistics: FST , � , likelihoods, etc, (Figure
7).

Once you have more than one parameter set, you needto specify which one you want to use
for new MCMC runs. At any time, one parameterset is designatedas \activ e" (seethe left-hand
window). You can switch the active parameter set by going to [Parameter Set]! [Parameter Set
List], and highlighting the appropriate choice or by double clicking the corresponding parameter
set tip in the project tree.

8.6 Batc h runs.

You can schedule a seriesof structure runs by going to [Project]! [Start a Job]. This opensup a
schedulerthat allowsyou to pick (1) parametersets(usecontrol+mouse to selectmultiple parameter
sets) (2) valuesof K , (2) number of runs for each. SeeFigure 8.
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Figure 6: The run-time output is shown in the bottom console

Figure 7: Time seriesplot of FST .

8.7 Exp orting parameter �les from the fron t end.

You can usethe front end to automate writing text-basedparameter �les for usein the command-
line version of structure. Go to [Project]! "generating parameter �les...". This option may be
useful, for example,in helping you set up large numbers of runs on a computing cluster.

8.8 Imp orting results from the command-line program.

The results from the command-line version of the structure program can be imported into the
frontend by going to [File]! [Load structure result...]. You will be asked to provide 2 �les: the
structure results �le (required; this �le usually hasan " f" su�x) and a �le containing the runtime
structure output to the screen(optional). The latter can be obtained by running structure in the
consolewith the output redirected into a �le (e.g., structure > output.txt). Upon successfully
loading �les, you shouldbe able to read the bar plot, triangle plot, and various time seriesplot (the
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Figure 8: Creating a batch run job.

latter only if you provide the runtime �le) in the front end.

8.9 Analyzing the results

Summaries. You can view a table of summary details of all runs completedso far by going to
[View]! [Simulation Summary].

Text results. You can look at full text results for each run by going to the left-hand window,
and clicking on the appropriate run. The full text output will appear in the right-hand window.
Details for interpreting the text output are given in Section9.

Plots of Ancestry estimates. We provide two typesof plots of Q̂ (the estimated membership
coe�cien ts for each individual, in each cluster. The �rst representation comesup automatically
when you click on the corresponding run in the left-hand window. Each individual in the data set
is represented by a singlevertical line, which is partitioned into K coloredsegments that represent
that individual's estimatedmembership fraction in each of the K inferred clusters.

The secondrepresentation of the ancestryof individuals plots everybody into a triangle (Figure
10). This type of plot is useful for visualizing the data for K = 3 (Pritc hard et al., 2000a). It
is kind of a fun tool for exploring higher-dimensionaldata, but the bar plots are usually easierto
interpret.

Plots of summary statistics. We also provide plots of several interesting summary statistics.
[Plotting] ! [Data Plotting] contains time-seriesplots of the valuesof certain summariesduring the
courseof a run. One exampleis shown in Figure 7; notice that there is a brief period at the start
of the run wherethe valuesincreasedramatically beforereaching their stationary distribution. You
should inspect theseplots to be sure that the summary statistics seemto stabilize beforethe end
of the burnin.

There are alsohistogram plots of FST and � (Figure 8.9). Theseare estimatesof the posterior
distribution of theseparameters.
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Figure 9: Summary plot of estimatesof Q. Each individual is represented by a singlevertical line
broken into K coloredsegments, with lengths proportional to each of the K inferred clusters. The
numbers (1..4) correspond to the prede�ned populations.

Figure 10: The triangle plot of Q. Each individual is represented by a coloredpoint. The colors
correspond to the prior population labels. The estimatedancestryvector for an individual consists
of K components which add up to 1. When K = 3, the ancestry vectors can be plotted onto a
triangle, asshown. For a given point, each of the three components is given by the distanceto one
edgeof the triangle. Individuals who are in oneof the cornersare thereforeassignedcompletely to
onepopulation or another. For K > 3, we represent the data by allowing the user to pick out two
of the inferred clustersat a time, and then grouping all the other clusterstogether.

9 In terpreting the text output

This section describes the data that are printed to the consoleduring the run, and to the output
�le. The front end alsoprovides additional data plots, described below.
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Figure 11: The histogram of Fst

9.1 Output to screen during run

Rep#: Alpha Corr D1,2 Ln Like Est Ln P(D)
4500: 0.009 6.1 0.831 -2730 -2776
4525: 0.010 9.1 0.806 -2716 -2776
4550: 0.008 7.3 0.792 -2734 -2775

The exampleabove shows part of the output to the screenduring a run. Here, \rep" givesthe
number of MCMC iterations sofar, including the burnin; \Alpha" is the current value of � ; \Corr"
is the current mean(acrossloci) valueof the correlation coe�cien t f (l ) (seeFREQSCORR); \D1,2"
is a measureof divergencebetween populations 1 and 2 (seePRINTNET); \Ln Like" is the log
likelihood of the data given the current valuesof P and Q; \Est Ln P(D)" is the current estimate
of ln(P(X jK )) (averaging over all iterations since the end of the burnin period). Someof these
columnsmay not be printed, depending on the program options chosen. If K gets large, it may be
worth setting PRINTNET=0 in order to make the output easierto read.

9.2 Prin tout of Q

Label (%Miss) Pop: Inferred clusters (and 90%probability intervals)
1 17 (0) 2 : 0.977 0.023 (0.829,1.000) (0.000,0.171)
2 1219 (7) 2 : 0.997 0.003 (0.988,1.000) (0.000,0.012)
3 1223 (0) 2 : 0.833 0.167 (0.003,1.000) (0.000,0.997)
4 1329 (7) 1 : 0.005 0.995 (0.000,0.020) (0.980,1.000)
5 15 (0) 3 : 0.006 0.994 (0.000,0.016) (0.984,1.000)

When the program is run without using prior population information, the results for Q are
presented in the format shown above (here K was set to 2). This is read as follows. Readingfrom
row 1: Individual label (taken from data �le) = 17; percentage of missingdata for this individual
= 0%; user-assignedpopulation = 2; estimatedmembership in clusters1 and 2 = 0.977and 0.023
respectively (these are the mean values of q(17) ); 90% probability intervals on q(17)

1 and q(17)
2 are
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(0.829,1.000)and (0.000,0.171),respectively. (Note that the probability intervals are shown only if
ANCESTDIST is turned on.)

9.3 Prin tout of Q when using prior population information

When the program is run with prior population information, the printout is a bit di�erent. Here
we have run the samedata with K = 3, USEPOPINFO=1, and GENSBACK = 1:

Label (%Miss) Pop :
1 17 (0) 2 : 0.998 | Pop 1: 0.000 0.001 | Pop 3: 0.000 0.000
2 1219 (7) 2 : 1.000 | Pop 1: 0.000 0.000 | Pop 3: 0.000 0.000
3 1223 (0) 2 : 0.612 | Pop 1: 0.000 0.000 | Pop 3: 0.004 0.383
4 1329 (7) 1 : 1.000 | Pop 2: 0.000 0.000 | Pop 3: 0.000 0.000
5 15 (0) 3 : 0.999 | Pop 1: 0.000 0.001 | Pop 2: 0.000 0.000

In general, the �rst column of results (following \P op : ") shows the posterior probability
that the individual in question is correctly assignedto the given population. The subsequent
columnsshow the probabilities that it is from, or hasancestryin, the other populations. There are
GENSBACK+1 entries for each of the other populations,showing the probability that an individual
is from that population, has a parent, grandparent, great-granparent,... etc, from that population
(in this order).

For example,reading from row 3: Individual 1223(who has 0% missingdata) is actually from
the presumedpopulation (2) with probability 0.612. There is (approximately) zeroposterior prob-
abilit y that this individual has recent ancestry in population 1, but it may have recent ancestry in
population 3 (the probabilities are 0.004,and 0.383, that the individual is from population 3, or
hasa singleparent from population 3, respectively).

9.4 Prin tout of allele-frequency div ergence

Allele-frequency divergence amongclusters (net nucleotide distance), computed using
point estimates of P.

1 2
1 - 0.0357
2 0.0357 -

Average distances (expected heterozygosity) between individuals in samecluster:
cluster 1 : 0.7845
cluster 2 : 0.7686

This exampleshows a matrix of the pairwise net distanceamongK = 2 clusters(above), and the
(expected) heterozygosity within each cluster (below). SeePRINTNET in Section 7.2 for details
on how thesedistancesare computed. Note that the pairwise matrix is symmetric (ie D ij = Dj i ).
Thesedistancesreplacethe Kullback-Leibler divergenceof structure Versions< 2:2.

You may �nd it helpful to draw trees to represent the distancesamongclusters, basedon the
net nucleotidedistances.Examplesare shown in Falush et al. (2003b).

9.5 Prin tout of estimated allele frequencies (P)

Locus 5
3 alleles
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19.0% missing data
2 0.511 0.821 0.656
3 0.444 0.171 0.317
1 0.045 0.008 0.027
This example shows a printout for the estimated allele frequencies(P) at locus 5. Columns

2,3, and 4 show the estimated frequency(in clusters1,2 and 3, respectively) of the allele listed in
column 1.

9.6 Site by site output for link age mo del.

When the SITEBYSITE option is chosen,there is a separateoutput �le with a su�x \ ss", that
contains posterior population of origin assignments for each allele copy at each locus for each
individual. For large datasets,this �le may be several megabases.

Each line shows the assignment probabilities for one locus for one individual.The �rst two
columnsof the line indicate the number of the individual (ranging from 1 to NUMINDS) and the
number of the locus (ranging from 1 to NUMLOCI) in the order that they occur in the data �le.

The format of the posterior assignment probabilities dependson the parameter combinations.
If LINKA GE=0 or PHASED=1 then the �rst K rows of output give the probability that the �rst
allele copy at the locus comesfrom populations 1..K. For diploid or polyploid data, analogous
probabilities for subsequent allele copiesare shown in further columns.

If the linkagemodel is used(LINKA GE=1) and the data is not fully phased(PHASED=0) the
posterior assignment probabilites for the allele copiesat each locus can be strongly co-dependent.
Structure therefore outputs joint assignment probabilities for the two allele copies implying K 2

entries for each locus (note that this option is not available for PLOIDY6= 2).
If MARK OVPHASE=1 then the �rst K columnsgive the probabilities that the �rst allele copy

in the data�le is in population 1 and the secondallele copy is in population 1..K, with subsequent
columnsrelating to probabilities with the �rst allele copy in populations 2..K.

If MARK OVPHASE=0, then instead of referring to the �rst and secondlisted allele copiesin
the data �le, the probabilities refer to the population of origin of maternal and paternal strands.
If there is no phaseinformation (PHASEINFO=0), then the posterior probability matrix should
theoretically be symmetric, such that the probability the maternal allele is in population k1 and
the paternal allele is in k2 will be equal to the probability that the maternal allele is in population
k2 and the paternal allele is in population k1. In practice, becauseMCMC is usedto estimate the
matrix, there will be noticeabledeviations from symmetry if NUMREPS is small.

For example,supposethat the below is site-by-site output for two loci for a diploid individual
with no phaseinformation, with MARK OVPHASE=0.

1 1 0.001 0.000 0.008 0.000 0.000
0.001 0.007 0.001 0.982

1 2 0.001 0.000 0.008 0.000 0.000
0.001 0.008 0.001 0.982

Then in order to calculate the assignment probabilities of the maternal and paternal allele copies
at for the �rst locus the numbers are summedas follows:
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locus1 pop1 pop2 pop3 origin of maternal(X)
chromosome

pop1 0.001 0.000 0.008 0.009
pop2 0.000 0.000 0.001 0.001
pop3 0.008 0.000 0.982 0.990

origin of paternal 0.009 0.000 0.991
chromosome(missing)

In this example,the data is from an X chromosomeof a male, so in fact the secondallele copy is
missing.

Note that the format is simpli�ed from version 2.1, where the results were placed in the same
�le as the rest of the output. Labelsand marker namesare no longerprinted and the output prints
each number in decimal format instead of scienti�c. Thesechangeswere made in the interests of
compactness.

10 Other resources for use with structure

10.1 Plotting structure results

CLUMPP and distruct are a pair of programsproducedby Noah Rosenberg's lab for making nice
plots of the Q matrix. Similar plots are producedby the front end, but thesetwo programsprovide
much �ner control of the graphical output. See
http://rosenberglab.bioin formati cs.med.umich.ed u/so ftwa re.h tml

10.2 Imp orting bacterial MLST data in to structure format

xfma2struct by Xavier Didelot and Daniel Falush takes haploid sequencedata in extendedFasta
format and converts them into structure format. Seethe ClonalFrame websiteat
http://bacteria.stats.ox. ac.u k/

11 How to cite this program

The appropriate citation for the basicmethod is to Pritchard et al. (2000a). The paper by Falush
et al. (2003a)is the appropriate referencefor the linkagemodel and the correlatedallele frequencies
model implemented in Version 2.0. The methods for ambiguous genotype data such as dominant
markers (new in Version2.2) are described by Falush et al. (2007).
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