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Matriz quadrada (n * n),
simétrica e com zero na diagonal
principal

OS DADOS EMPIRICOS

Frequencias Rela(;é.o

1éli ;.

S genética entre
as populacoes

Fsr (e estatisticas
relacionadas) par-a-

Marcadores
Moleculares par
(Genotipos)

Individuos

Distancias genéticas

Outras matrizes de
similaridade

http://www.uwyo.edu/dbmcd/molmark/gendistegns.pdf



Wright's Fg

Analise de Variancia de Frequencias Alélicas (6.)
AMOVA Rg;

Holsinger’s Bayesian ¢s;

GST

Qg (fendtipo)




N-island ar migration rmatrix

Propriedades importantes:

1. Simétrica (“‘upper” = “lower triangle”)

2. Diagonal SIMILARIDADE (1.0)

(“direcéao da relagao”)
DISSIMILARIDADE (0.0)



Distancia Euclidiana (ca. distancia de Rogers 1972)

X y
g 72 L PP Q j populagso
Alelo X, |
4
) U Q populagéo
X, X, Alelo X,

J

Quando existem apenas dois descritores, essa equacao resulta no
valor da hipotenusa:




Em um espaco multidimensional (e.g. frequéncias de multiplos alelos
em varios loci...)




A distancia Euclidiana nao apresenta um limite superior, ou seja, O
valor aumenta indefinidamente com o aumento do numero de
descritores. Assim, podemos calcular a distancia Euclidiana media:

P
Z (XAk o XBk)2 / P
k=1

A distancia de Rogers usa p =2




Cavalli-Sforza’s & Edward (1967)
chord distance

Populations are conceptualised as existing as points in a m-dimensional
Euclidean space which are specified by m allele frequencies (i.e. m
equals the total number of alleles in both populations).




Nei’s genetic distances

Masatoshi Nei

D = -In (I)

Where

| = 32Xy, / (2x? 2y#)°

A identidade de Nei ¢,
portanto, a correlacao de
Pearson entre as
populacdes “ao longo” das
frequencias alélicas...



Chord Distance Matrix

U U U U U U U U U U U U U UL U U U UL U LU U U U U U U U UL U U U LU
03 035 04 045 05 055 06 065 07 075 08 08 09 0.9
Nei Distance Matrix

Raogers Distance Matrix

———————
1.1 1.2 1.3 14 15 1.6
Nei Distance Matrix




Coeficientes de SIMILARIDADE para dados binarios

Transformar frequencias alélicas em dados 0/1 (ou seja, presenca ou
auséncia do alelo ou haplo6tipo)

Tabela de Frequéncia 2 X 2

Populacéo 2

Populacéo 1




Uma maneira simples de calcular a similaridade entre os dois
objetos envolve a contagem dos numeros de descritores que
codificam estes objetos do mesmo modo e a posterior diviséo pelo
numero total de descritores p (a+b+c+d):

S, = Coincidéncia simples (“simple matching”)



Y
1

Y- Y, Y
Local A 1 O 1 O 1
Local B 1 0 O 1 O 0

(0 = baixa similaridade e 1 = alta similaridade)



Coeficientes de similaridade para dados binarios: modo Q
(Coeficientes assimetricos)

1 O

1 a | b la+b

Jaccard

Sgrensen




Genetica (2012) 140:189-195
DOI 10.1007/10709-012-9670-9

Geographical patterns of turnover and nestedness-resultant
components of allelic diversity among populations

Jose Alexandre Felizola Diniz-Filho *
Rosane Garcia Collevatti + Thannya Nascimento Soares +
Mariana Pires de Campos Telles

A idéia é desdobrar a (dis)similaridade em diferentes
componentes, incluindo turnover e riqgueza de alelos



available for this kind of data, and according to Baselga’s
(2010) approach, the overall fi-diversity can be computed
by Sorensen’s dissimilarity index, given by

ﬁmr = [’I} T+ E] .a"rlza + b T

which can be additively partitioned into turnover (f,,) and
nestedness-resulting dissimilarity (flsn.) components as

-er = -Bsim + ﬁsm‘:
where

Biim = min(b, ¢)/a + min(b, c)

“Turnover” (substituig&o)

and

Bae = [(b—c¢)/(a+b+c)] #[a/a+ min(b,c)] Riqueza alélica

Para o Baru, o componente de turnover
representa 69% da similaridade, mas o
Interessante € que apenas O
componente de riqueza possui
padrao espacial

PCoA | (nestedness component)

-56 54 53 52 -51 -50 -49 -48 -47 -46 -45
Longitude

2 Longitudinal pattern in the first principal coordinate extracted
richness () dissimilarity among populations of D. alara

(R* = 0.607)



TABLEII
Pairwise distances between ribosomal DNA 18S nucleotide sequences according to Phylogenetic Analysis Using Parsimony
including the lymnaeid species studied, together with other proximal lymnaeid species available

| 2 4 6 7 8 9

| Lymnaea (Lymnaea) stagnalis 0.00108  0.00325  0.00813 0.0 0.00761  0.00704  0.00923 0.0059 0.00923  0.03168
2 Lymnaea (Stagnicola) palustris 2 25 0.00813 0.00760  0.00811  0.01030  0.00865 0. 0.01030  0.03273
3 Omphiscola glabra 6 6 0.00814  0.00813 000870 0.00813 0.01032 0.00867 0.007C 0.01032  0.03169
4 Radix auricularia 15 15 2 0.00216  0.00489 000812 0.00869 000866 0.0063 0.00706  0.0283

5 Radix balthica 13 12 : ‘ 0.00380 000812 0.00869 0.00866 0.00651 0.00706 0.02946
6 Galba truncatula 14 14 J - 0.0059 0.00706  0.00597 0.00706 0.00544 0.02787
7 Lymnaea viatrix 13 15 5 4 5 11 0.00215 000433 0.00595 0.03050
8 Lymnaea humilis 17 : 13 £ 0.00271  0.00541  0.00596  0.02999
9 Lymnaea cubensis 14 16 11 5 0.00433  0.00595  0.03106  0.03316
10 Lymnaea diaphana 11 12 3 ) 13 \ 3 0.00434  0.02944 003142
11 Pseudosuccinea columella 17 19 ! 3 , 10 0.02840  0.03147
12 Biomphalaria glabrata 58 60 . 5 - 51 - 0.01480
13 Bulinus truncatus 58 60 32 50 25

W —
N O\ -

the planorbids B. glabrata and B. truncatus included for comparison purposes of family distances. Sequence correspondences detailed in Materials and Methods section. Below diago-
nal: total character differences; above diagonal: mean character differences (adjusted for missing data).

As relacOes entre as n populacoes estao
definidas em um espaco p-dimensional
(onde p € o numero de alelos)

Por exemplo, rodando o modelo em ilhas com 10 alelos (5
loci), a correlacao media entre as varias é -0.1111



E agora, José?

Com n objetos (unidades amaostrais) vamos ter uma matriz com:

[n x (n—1)/2] valores
(e.g. se n =25 — 300 valores)

Como podemos representar eficientemente o padréo de similaridade
entre esses objetos?



e.g., Quais as relacoes entre os 6 objetos a
partir dessa matriz de distancias?




deca
Distance (Objective Function)

~Y
Ordenacoes
Information Remaining (%)
50 2

75

Agrupamento & —————

81+G) selected by hierarchical likelihood ratio

estimated usi settings from best-fit mor

ML dist

© Reference

o

Unknown

A Impacted

Second Axis



http://images.google.com.br/imgres?imgurl=http://www.david.curtis.care4free.net/ordfig4.gif&imgrefurl=http://www.david.curtis.care4free.net/mvdordinatn.htm&h=284&w=284&sz=3&tbnid=jw9eUg4atCgJ:&tbnh=110&tbnw=110&hl=pt&start=3&prev=/images?q%3Dordination%2Bmultivariate%26svnum%3D10%26hl%3Dpt%26lr%3D

Classificacao das técnicas de Agrupamento
(“Clustering”, ou “Cluster Analysis?”)

Algumas propriedades das tecnicas:

Aglomerativos: Os grupos sao formados, sucessivamente, até
reunir todos os objetos em um Unico grande grupo, ou;

Divisivos: Subdivide os grupos ate o isolamento de cada objeto (e.g.
chaves de taxonomia);

Hierarquicos: elementos de um determinado grupo sao agrupados dentro
de grupos em niveis maiores, ou;

N&o-hierarquicos: Produzem uma uUnica divisdo que maximiza a
homogeneidade dentro de grupos;



Analise de Classificacao
Analise de Agrupamentos (SAHN)




Varios metodos de agrupamento:

Cluster Analyzis: Joiming [Tree Clustenng]

[ Yanables:

—/

LCluster: (Yariables [columns) B

Amalgamation [linkage] rule:

Distance measure: 'eom e v ink age

Unweighted pair-group average
Weighted pair-group average
Unweighted pair-group centroid
Weighted pair-group centroid [median]
srocessing and printinl'Ward s method

Mizsing data:




Aplicacao datécnica de agrupamento:
Construcao do dendrograma

(método médias das distancias, UPGMA)

0.00
0.67/0.00

1.41/0.74/0.00
2.12|1.47/0.77/0.00
1.62/0.00

0.37 1.96 0.00




Distancia de
ligacao

Primeiro passo:
Unir D e F (0,37)

0,37 T




Segundo passo:
Calcular as distancia em relacao ao novo grupo

Neste ponto,
vamos verificar
gual o par com
menor distancia

(2,12+2,49)/2

067
1.41/0.74]

E assim,
sucessivamente,
para esta linha —

-
2.30




Distancia de
ligacao

Tercelro passo:
Unir Ae B (0,67)

A B




Quarto passo:
Calcular as distancia em relacao ao novo grupo

Vamos agrupar:
(E) com (AB)

orag =1d(D, A)+d(D,B)+ D(F,A)+d(F,B)|/ 4
orap) = (212+147+2,49+1384)/4 =198




Distancia de
ligacao

Quinto passo:
Unir E e AB (0,73)

—

A B E




Demais passos:
Calcular as distancia em relacao ao novo grupo

0.95

Agrupar (CDF) com (ABE)

A B EC D

Shortcut to ABEx CDF.Ink



Resultado do NTSYS

Ezc=Quit F4=Restore PFrtSc=Frint Up, 0Oown, Fglp, PFPgln, Home,




Para os dados das 25 populacoes de Baru
(UPGMA), a partir do F4; par-a-par...




VISUALIZANDO OS PADROES NO ESPACO...

00

Axix 1
Figure 2. Divergence pattern among the 10 local populations
analyzed in this paper. according to (A) UPGMA clustering based
on Nei's (1972) genetic distances and: (B) NMDS 2-I» ordination.

Mumbers in the nodes of UPGMA indicate support of each node by
percentages of 5,000 boatstrap over loci.
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Figure 1. Distribution of the 10 sampled populations of Exgenia dvsenterica in the Cerrado region of central Brazil. The
ellipses indicate the groups formed by UPGMA clustering, based on Mei’s (1972) genetic distances (see Telles et al.,
2001a.b, 2003, for details). Eastern and western groups of populations (Nei’s genetic distance equals 0.41) are also
indicated.
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O dendrograma representa adequadamente a
matriz de distancia original?

Matriz Cofenética Matriz Original

067 067

1.64/1.64| | 1.41/0.74]
- 64 - 64 - 95 - 2.12 - 47|10 --
- 0.79/0.67/1.09/1.62] |

1.64/1.64/0.95(0.37/1.64| [N 2.49/1.84/1.13/0.37/1.96]

Coeficiente de Correlacao
Cofenética CCC)

CCC=0,75

Bom ou Ruim?




Diagrama de Shepard: diagrama de disperséao que relaciona distancias em
um espaco com dimensao reduzida com a distancias originais (mais
adequado para técnicas de ordenacao):

No caso do Baru, o CCC foi igual a 0.845




Problemas com a Analise de Agrupamentos

(i) Resultados séo dependentes dos protocolos utilizados;

(if) discretizar um processo gue pode ser, na verdade, continuo, de
modo que;

(i) O numero de grupos € dependente do nivel de corte;

(iv) Dificuldade de interpretacéao



L
=5555C =5



Métodos para determinacao do nivel de corte

Ecology, 80(8), 1999, pp. 2508-2516
@ 1999 by the Ecological Society of America

HOW SHARP ARE CLASSIFICATIONS?

VaLERIO DEPATTA PILLAR!

Departamento de Ecologia, Universidade Federal do Rio Grande do Sul,
Porto Alegre, RS, QI1540-000, Brazil

APPENDIX B
The application program in C++ for Macintosh or Windows is available in ESA's Electronic Data Archive: Ecological
Archives EOR0-014.

Maximizar diferencas entre grupos

Minimizar diferencas dentro de grupos



Zero para quando u.a. estao em
grupos iguais definidos pelo nivel
de corte

1 para quando u.a. estao em
diferentes grupos definidos pelo
nivel de corte

Bini, L. M. & Diniz Filho, J. A. F. (1995)
Spectral Decomposition in cluster analysis
with applications to limnological data. Acta
Limnologica Brasiliensia, 7: 35-40.
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Matriz Modelo Matriz Modelo
(Nivel de corte 1) (Nivel de corte 2)

Matriz de distancia
Original

CCC
N
4

Nivel de Corte



(v) Mesmo com um conjunto aleatério de dados é possivel encontrar
‘grupos”.
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“Model-based” Clustering: STRUCTURE

Copyright © 2000 by the Genetlcs Soclety of America

Inference of Population Structure Using Multilocus Genotype Data

Jonathan K. Pritchard, Matthew Stephens and Peter Donnelly

Department of Statistics, University of Oxford, Oxford OX1 3TG, United Kingdom

Manuscript received September 23, 1999
Accepted for publication February 18, 2000

-Pressupostos (H-W, equilibrio de ligacao)

-Maximizar a probabilidade de pertencerem a grupos (que sao
desconhecidos)

-Varios dados (marcadores) e modelos de evolucao
-Associar com outras caracteristicas dos individuos (inclusive “espaco”)

- Abordagem Bayesiana (MCMC)



Molecular Ecology (2005) 14, 2611-2620 doi: 10.1111/}.1365-294X.2005.02553.x

Detecting the number of clusters of individuals using

the software STRUCTURE: a simulation study

G. EVANNO,S. REGNAUT and]. GOUDET
Department of Ecology and Evolution, Biology building, University of Lausanne, CH 1015 Lausanne, Switzerland

Estimated Ln Prob of Data = -8723.8
Mean value of In likelihood = -8313.4
Variance of In likelihood = 820.8
Mean value of alpha = 0.0405




Molecular Ecology (2005) 14, 2611-2620 doi: 10.1111/j.1365-294X.2005.02553.x

Detecting the number of clusters of individuals using
the software STRUCTURE: a simulation study

G. EVANNO,S. REGNAUT and]. GOUDET
Department of Ecology and Evolution, Biology building, University of Lausanne, CH 1015 Lausanne, Switzerland

http://taylor0O.biology.ucla.edu/structureHarvester/

M Spam - jafdinizfilho©@ % ' g Recent - Google Driv: X genetic synthetic ma;, X rspb.royalsocietypub. % | &% PRPPG - Pro-Reitoriz X Journal of Biogeogra; X / w Structure Harvester

« [l taylor0.biology.ucla.edu/structureHarvester, By @ =

Structure Harvester  Home

Structure Harvester

Web v0.6.94 July 2014, Plot vA.1 November 2012, Core vA.2 July 2014
Select .Zip to Upload:

Escolher arquivo | Nenhum arquivo selecionado

Instructions [e | References (o] Citation [e |

This page accessed 9,330 times since 1 January 2013 (11.51 per day).
© Dent Earl 2007-2014
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8 grupos...




Local de coleta

Cocalinho-MT
Agua Boa-MT
Pirendpolis-GO
Sonora-MS
Alcinépolis-MS

Alvorada-TO

Sao Miguel do Araguaia-GO
Luziania-GO

Icém-SP

Monte Alegre de Minas-MG
Estrela do Norte-GO

Santa Terezinha-GO
Arinos-MG

Pint6polis-MG

Paraiso-MS (Chapadao do Sul)
Paraiso/Camapua-MS
(Camapud)

Camapua-MS

Indiara-GO

Araguaia-MT (Barra do Garca)
Araguaia-GO (Aragarcas)
Jandaia-GO

Natividade-TO

Avrraias-TO

Aquidauana- MS

Caceres- MT

3
0.078
0.086
0.056
0.017
0.018
0.128
0.583
0.347
0.232
0.028
0.436
0.024
0.011
0.092
0.137
0.027
0.061
0.058
0.173
0.068
0.389

0.81
0.667
0.171
0.007

CLUSTERS

4
0.012
0.013
0.017
0.53
0.081
0.061
0.012
0.124
0.59
0.034
0.021
0.038
0.014
0.029
0.017
0.015
0.063
0.034
0.183
0.09
0.104
0.036
0.142
0.484
0.009

R A W W W 00 OO O N NDNN N U w U Ww o W oo N B o o wum




grupo p2
Case: 21 Longitude: -50.201  Latitude: -16.912  grupo: 3 Case: 18  Longitude: -49.973  Latitude: -17.162  p2: 0.485




Os 8 grupos do
STRUCTURE no
espaco geografico






















Os 8 grupos do
STRUCTURE no
espaco geografico
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TECNICAS DE ORDENACAO

Representar a variacao p-dimensional em um espaco (eixos)
continuo que ‘“compacte” essa variacao variacdo em um
numero com m > p de dimensoées (normalmente 1, 2 ou 3)

=
i




MAPAS SINTETICOS baseados em
Analise de Componentes Principais (ACP)

-Eliminar  estrutura de correlacdo entre variaveis
transformando-as em eixos ortogonais (0S componentes
principais);

-Interpretar 0s eixos principais como consequéncia de
processos microevolutivos.

Hotteling, H. 1933. Analysis of a complex of
\ statistical variables into principal componentes.
: Journal of Educational Psychology. v. 24, p. 417-
441.




CP1

CP3

IR- A1|=0
CP 2

Em resumo, na ACP trés matrizes sao importantes
1) Autovalores — importancia de cada eixo;
2) Autovetores — coeficientes das variaveis nos eixos;
3) Escores — componentes principais (eixo)



Autovalores e Autovetores

ARARARARA




Exemplo numeérico

X1 X2 X1P X2P
2 0-0.24 -0.63
5 3 047 0.32

5 4 047 0.63
3 2 0.00 0.00
O 1-0.71 -0.32

Matriz de correlacdo entre variaveis:

IR- A1|=0




0,82 /11 0
1 0 1

1 082 (4 O
082 1 0 /4

[1-2 082 0
log2 1-4|



Determinante de uma matriz 2 x 2:

{a b} _ (ad)- (bc)
C

d

— 1 _ 7\‘ 2 _ O 82 2 0 primeiro termo ao quadrado,
T 7 menos duas vezes o produto dos

dois termos mais o quadrado do

=1*-21+0,33=0




—2£(2°)-4(033) _-2:+1.64

2 2
2—1.64

2
- —2+1.64

2

— 1 82 (Ignore o sinal)
]

. O 18 (Ignore o sinal)
M)




% de explicacao do CP 1
=AX2A=1,82/12= 91%
% de explicacao do CP 2

=A4/22=0,18/2= 9%
Total = 100 %

Conclusoes...
1. Redistribuiu (n&o perdeu...) a variacao;

2. Reorganizou em 2 eixos ortogonais



Variavel 2

Variavel 1




Aspectos importantes do PCA
- Muitas variaveis quantitativas

- Reduzir a dimenséo, com alguma perda de informacéo

- Interpretacao dos eixos

- “Critérios de Parada” (Stopping rules...)



T

o Data Reduction by Principal Components (PCA)
PC& Settings  Analytical Results GraphicalHesuIts] Principal Components Mapping]

Component Loadings:

10
.1t
Sl

14
C

AET

EET
AnBelHum
MeanTemp
Temp CWV
EVI
Topography
Enowledge
HOM2000

=]
o

-1
[ I W

-
w

0]
0t
S
0]
.12

—1
~-1 P
L1

e R el Y=

=]

o I e T N e I N

| I e e Y L R L Y S
[ I

[

o L T e % e Y i T % Y o
o

o L o T o e Y e L O I e ]

=
[ T % R S SO L R R LI S B =
=1

[ £ R I |
|
L I . R o . Y . Y O . . i

LU R R |
=]
Ll
on

o

|

£ >

Eigenvalues [Latent Roots): Principal Components Scores Selection:

1zt Principal Component ~
Znd Principal Campaonent
3rd Principal Comporent
4th Principal Component
Bth Principal Component
Gth Principal Compaonent
7th Principal Component
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How many principal components?  Stopping rules

O Observado

Distribuicdo de Broken-Stick

/
.S

¢ —9
2 3 4 5
Ordem dos componentes

(7p)
(<}
-
o
©
=
o
)
-
<




Principal Component 1




TAPRIDGED PAPERBACK EDI(TTO9
The History and
| lil:ugrﬂ|)!|_|;'
of Human Genes

- TR TR S S T

L. Luca Cavalli-Slorza, Paolo Menozzi

and Alberto Piazza




i
il
I
=
.




Le plus important paysage génétique d'Europe {premiére composantes principales de
fréquences de 95 génes). Il refléte fidélement la diffusion géographique de 1'agriculture
néalithique.

Diffusion of farming
(cultural) or farmers
(genetic)?
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A Problem with Synthetic Maps

ROBERT R. SOKAL,' NEAL L. ODEN.2 AND BARBARA A. THOMSON

Abstract Synthetic maps of human gene frequencies, which are maps
of principal component scores based on correlations of interpolated sur-
faces, have been popularized widely by L. Cavalli-Sforza, P. Menozzi,
and A. Piazza. Such maps are used to make ethnohistorical inferences or
to support various demographic or historical hypotheses. We show from
first principles and by analyses of real and simulated data that synthetic
maps are subject to large errors and that apparent geographic trends may
be detected in spatially random data. We conclude that results featured
as synthetic maps should be approached with considerable caution.

Human Biology, February 1999, v. 71, no. 1, pp. 1-13.
Copyright © 1999 Wayne State University Press, Detroit, Michigan 48201-1309

A Problem with Synthetic Maps: Reply to Sokal et al.

. - | < v 2
SABINA RE.ND!NE.l ALBER’I()’ Plg\[.ZA. PAOLO MENOZZI,
AND L. LUCA CAVALLI-SFORZA




Proc. Natl. Acad. Sci. USA
Vol. 78, No. 4, pp. 2638-2642, April 1981
Population Biology

Synthetic gene frequency maps of man and selective effects
of climate

(population genetics/evolution/migration/multivariate analysis/ecology)

A. P1azza*, P. MEnozzit, AND L. L. CAVALLI-SFORZA

Department of Genetics, Stanford University School of Medicine, Stanford, California 94305
Contributed by L. L. Cavalli-Sforza, January 9, 1981

Fic. 1. Trichromicsynthetic map of the first three principal components of gene frequencies, computed from 39 independent alleles at the human
loci: ABO, Rh, MN, Lewis, Duffy, Hp, acid phosphatase, PGM1, HLA-A, and HLA-B. Shades indicate different intensities of the principal components
and colors (on arbitrary scales) represent different blendings of the first (green), the second (blue), and the third (red) component. Gene frequencies
are from aborigines only. Tasmania and Cuba, for which there are no surviving aborigines, borrowed their colors from neighbors.




Gene-culture coevolution between
cattle milk protein genes and
human lactase genes

Albano Beja-Pereiral?, Gordon Luikart!, Phillip R England!,
Daniel G Bradley?, Oliver C Jann*, Giorgio Bertorelle®,
Andrew T Chamberlain®, Telmo P Nunes?, Stoitcho Metodiev5,
Nuno Ferrand®® & Georg Erhardt*

Milk from domestic cows has been a valuable food source

for over 8,000 years, especially in lactose-tolerant human
societies that exploit dairy breeds. We studied geographic
patterns of variation in genes encoding the six most important
milk proteins in 70 native European cattle breeds. We found
substantial geographic coincidence between high diversity

in cattle milk genes, locations of the European Neolithic
cattle farming sites (>5,000 years ago) and present-day
lactose tolerance in Europeans. This suggests a gene-culture
coevolution between cattle and humans.

Some, but not all, human populations have the genetically determined
ability to digest milk lactose in adulthood, thereby benefiting from the
rich food resources in cow’s milk!l. These societies (e.g., Northern
Europe) are lactose-tolerant and highly dependent on milk products.

i e e

change in humans from milk-drinking cultures?. Has there also been a
detectable evolutionary change in the gene pool of domestic cattle
from these cultures?

Figure 1 Geographic coincidence between milk gene diversity in cattle,

lactose tolerance in humans and locations of Neolithic cattle farming sites in

NCE. (a) Geographic distribution of the 70 cattle breeds (blue dots) sampled

across Europe and Turkey. (h) Synthetic map showing the first principal

component resulting from the allele frequencies at the cattle genes. The

dark orange color shows that the greatest milk gene unigueness and allelic

diversity occurs in cattle from NCE. (c) Geographic distribution of the

lactase persistence allele in contemporary Europeans. The darker the

orange color, the higher is the frequency of the lactase persistence allele.

The dashed black line indicates the limits of the geographic distribution .

of early Neolithic cattle pastoralist (Funnel Beaker Culture) inferred from Natu re GenetICS 035 311-
1,000 1,000

archaeological datal®. 2,000 Km




Interpreting principal component analyses of spatial
population genetic variation

John Novembre!? & Matthew Stephens!~

Nearly 30 years ago, Cavalli-Sforza ef al. pioneered the use of
principal component analysis (PCA) in population genetics and
used PCA to produce maps summarizing human genetic
variation across continental regions'. They interpreted gradient
and wave patterns in these maps as signatures of specific
migration events'—3, These interpretations have heen
controversial*~, but influential®, and the use of PCA has
become widespread in analysis of population genetics data®13.
However, the behavior of PCA for genetic data showing
continuous spatial variation, such as might exist within human
continental groups, has been less well characterized. Here, we
find that gradients and waves observed in Cavalli-Sforza et al's
maps resemble sinusoidal mathematical artifacts that arise
generally when PCA is applied to spatial data, implying that
the patterns do not necessarily reflect specific migration
events. Our findings aid interpretation of PCA results and
suggest how PCA can help correct for continuous population
structure in association studies.

VOLUME 40

NUMBER 5

MAY 2008 NATURE GEMETICS
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The peopling of Europe and the cautionary
tale of Y chromosome lineage R-M269
George B. J. Busby!, Francesca Brisighelli!->*, Paula Sanchez-Diz>,
Eva Ramos-Luis?, Conrado Martinez-Cadenas!, Mark G. Thomas®,

Daniel G. Bradley’, Leonor Gusmao®, Bruce Winney?,
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Principal component analysis of genetic data

David Reich, Alkes L Price & Nick Patterson

Principal component analysis (PCA) has been a useful tool for analysis of genetic data, particularly in studies of
human migration. A new study finds evidence that the observed geographic gradients, traditionally thought to
represent major historical migrations, may in fact have other interpretations.

NATURE GENETICS | VOLUME 40 | NUMBER 5 | MAY 2008




Principal Component Analysis under Population Genetic
Models of Range Expansion and Admixture

- _— - o2 NI 3,4,5 - 5 ) 34
Olivier Francois,™ Mathias Currat,” Nicolas Ray, Eunjung Han,” Laurent Excoffier,”™” and

67
John Novembre

Laboratoire Techniques de l'lngenierie Medicale et de la Complexite, Faculty of Medicine, University Joseph Fourier, Grenoble
Institute of Technology, Centre National de la Recherche Scientiique UMRS525, La Tronche, France

‘Laboratory of Anthropology, Genetics and Peopling history, Department of Anthropology and Ecology, University of Geneva,
Geneva, Switzerland

ol. Biol. Evol. 27(6):1257-1268. 2010 doi:10.1093/molbev/msq010










Flesearch Focus

Surfing during population expansions promotes
genetic revolutions and structuration

Laurent Excoffier and Nicolas Ray

Computational and Molecular Population Genetics Lab, Institute of Zoology, University of Berne, Baltzerstrasse 6, 3012 Bemne,
Switzerland
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TRENDS in Ecology & Evolution

Figure 1. Genetic drift occurring at the wave front of an expanding population,
leading to changes in allele frequencies and surfing. (a) Initial conditions show an
equal proportion of two alleles (red and green) in a spatially expanding population.
(b) The red allele found by chance at the tip of the wave front in (a) increases in
frequency owing to local drift (c¢) The red allele has become fixed by drift at the
wave front, and downstream populations will only carry this allele.




Origin of Expansion

ﬁfg Locations of allele surfing events

Q Sectors where surfed allele is fixed

Fic. 6. Recurrent founder effects during range expansions create
sectors where one allele is completely fixed, whereas the same allele
is absent elsewhere. These regions have approximately conic shapes,
and they increase genetic differentiation along the axis perpendic-
ular to the direction of expansion.
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OUTRAS TECNICAS DE ORDENACAO

ANALISE DE COORDENADAS PRINCIPAIS
(PCOA)

- resolve o problema do PCA de poucas populacdes, pois extrai 0s
autovetores de uma matriz de distancias (transformada)

- Pode utilizar qualguer métrica de distancia (incluindo distancias de Nei,
Fsr, etc)

ESCALONAMENTO MULTIDIMENSIONAL NAO-METRICO
(NMDS)

-Técnica de otimizacao nao-linear para espaco com m dimensoées (medida
de “stress’)

-Pode iniciar com a PCOA e melhorar a configuracao
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MULTIDIMENSIONAL ANALYSIS OF GEOGRAPHIC
GENETIC STRUCTURE

ENRIQUE P. LESsA

Museum of Vertebrate Zoology, University of California,
Berkeley, California 94720
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CCC =0.907

NMDS
Final STRESS1 = 0.07954
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Revealing cryptic spatial patterns in genetic

variability by a new multivariate method

T Jombart, S Devillard, A-B Dufour and D Pontier
Laboratoire de Biométrie et Biologie Evolutive, UMR-CNRS 5558, Université de Lyon, Université Lyon 1, Villeurbanne Cedex, France




Eigenvalues decomposition
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' Interpreting principal component analyses of spatial
> population genetic variation
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